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Abstract 
Backgr ound: The pr ognosis of br east cancer is often unfav ora b le, emphasizing the need for early metastasis risk detection and accu- 
rate tr eatment pr edictions. This study aimed to dev elop a nov el m ulti-modal dee p learning model using pr eoperati v e data to pr edict 
disease-fr ee survi v al ( DFS ) . 

Methods: We r etr ospecti v el y collected pathology imaging, molecular and clinical data from The Cancer Genome Atlas and one 
independent institution in China. We developed a novel Deep Learning Clinical Medicine Based Pathological Gene Multi-modal 
( Dee pClinMed-PGM ) model for DFS pr ediction, inte gr ating clinicopathological data with molecular insights. The patients included 

the training cohort ( n = 741 ) , internal validation cohort ( n = 184 ) , and external testing cohort ( n = 95 ) . 

Result: Inte gr ating multi-modal data into the DeepClinMed-PGM model significantly improved area under the receiver operating 
c har acteristic curve ( AUC ) values. In the training cohort, AUC values for 1-, 3-, and 5-year DFS predictions increased to 0.979, 0.957, and 

0.871, while in the external testing cohort, the v alues r eached 0.851, 0.878, and 0.938 for 1-, 2-, and 3-year DFS pr edictions, r especti v el y. 
The DeepClinMed-PGM’s robust discriminative capabilities were consistently evident across various cohorts, including the training 
cohort [hazard ratio ( HR ) 0.027, 95% confidence interval ( CI ) 0.0016–0.046, P < 0.0001], the internal validation cohort ( HR 0.117, 95% CI 
0.041–0.334, P < 0.0001 ) , and the external cohort ( HR 0.061, 95% CI 0.017–0.218, P < 0.0001 ) . Additionally, the DeepClinMed-PGM model 
demonstrated C-index values of 0.925, 0.823, and 0.864 within the three cohorts, respectively. 

Conclusion: This study introduces an approach to breast cancer prognosis, inte gr ating imaging and molecular and clinical data for 
enhanced pr edicti v e accuracy, offering pr omise for personalized tr eatment str ate gies. 
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Introduction 

Br east cancer r emains a formidable global health c hallenge, r ank- 
ing as the most common malignancy among women. Despite 
earl y and a ppr opriate interv entions, ∼30% of br east cancer cases 
recur and metastasize distantly, resulting in a 5-year survival rate 
of < 23% [ 1 ,2 ]. This stark reality emphasizes the critical need for 
early detection, a fundamental aspect in combating breast can- 
cer. Tr aditional clinical pr edictors , including biomarkers , clinical 
imaging, and molecular testing, are invaluable but have inher- 
ent limitations such as low sensitivity, high costs, limited avail- 
ability, and the complex issue of intr a-patient heter ogeneity [ 3 ].
This situation necessitates the de v elopment of new methods for 
r eliabl y pr edicting r ecurr ence risk and surviv al in postoper ativ e 
breast cancer patients, aiming to facilitate timely interventions 
and impr ov e ov er all pr ognosis. 
Recei v ed 21 Februar y 2024; acce pted 22 May 2024. pub lished 29 May 2024 
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P athological ima ges, particularl y when integr ated with molec-
lar features and clinical data, play a vital role in the early de-
ection and treatment of breast cancer. An under-explored but 
r omising ar ea in br east cancer r esearc h is the integr ation of
ulti-modal data types . T his a ppr oac h combines deep learn-

ng techniques with pathological image data, genetic features,
nd clinical information to predict disease-free survival ( DFS ) [ 4 ].
istopathology, genomics, and tr anscriptomics demonstr ate sig- 
ificant heter ogeneity, whic h gr eatl y influences cancer pr ogr es-
ion. It is the synergy and validation provided by these diverse
odalities that make integr ating suc h v aried data types crucial

or accur atel y pr edicting br east cancer DFS [ 5 , 6 ]. 
To tackle this challenge, recent advancements in artificial intel- 

igence ( AI ) hav e inaugur ated a ne w er a in the medical field, es-
ablishing a link with breast cancer c har acterized by data-driv en
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recision medicine [ 7 ]. The integration of AI algorithms with clin-
cal data has the potential to r e volutionize br east cancer pr og-
osis, r e v ealing intricate patterns and relationships that tradi-
ional methods might miss. AI’s broad scope includes applica-
ions in breast cancer such as image analysis, disease outbreak
dentification, and diagnosis . T he imminent impact of AI on med-
cal pr actice pr omises to enhance the experiences of both med-
cal practitioners and patients, heralding an era of more precise,
tr eamlined, and univ ersall y accessible healthcare [ 8 , 9 ]. For in-
tance, the tumour origin assessment via deep learning, utiliz-
ng cellular gr a phs within tissues, pr ovides a differ ential dia gnosis
or the primary tumour origin using r outinel y acquir ed histology
lides [ 10 ]. It serves as an assistive tool in assigning differential di-
gnoses to complex cases of metastatic tumors in single-modality
cenarios. 

In the pursuit of personalized treatments, the limitations of
ingle-modal a ppr oac hes in ca pturing the complex heter ogene-
ty of diseases become incr easingl y a ppar ent. Consequentl y, the
eed for effective multi-modal fusion methods has become more
r ominent. The incor por ation of deep learning techniques for the
usion of diverse data types opens new avenues for discovering
ancer biomarkers and enhancing clinical decision-making, ulti-
ately aiding in patient stratification and advancing personalized

ealthcar e [ 11 , 12 , 13 ]. Notabl y, fe w studies hav e explor ed the use
f AI for a compr ehensiv e e v aluation of r ecurr ence and metas-
asis risk, incor por ating a triad of data sources: molecular data,
athological slides, and clinical information. Acknowledging the
r ansformativ e potential of AI, this study addresses a significant
ap by introducing an innovative AI-driven approach that builds
pon existing r esearc h. The primary objectiv e is to pr edict DFS

n non-metastatic breast cancer patients, aiming to improve our
nderstanding and prognosis of this disease. 

This study contributes to the integration of AI innovation and
edical r esearc h by de v eloping the nov el Deep Learning Clini-

al Medicine Based Pathological Gene Multimodal ( DeepClinMed-
GM ) model for DFS prediction. This model effectiv el y integr ates
olecular data, pathological slides, and clinical information for
FS pr ediction, r epr esenting a significant advancement in em-
loying AI to handle complex tasks such as ima ge anal ysis and
r edictiv e modeling sim ultaneousl y. Our a ppr oac h is in line with
urr ent r esearc h tr ends, underscoring the r ole of AI algorithms in
nhancing prognostic accuracy and customization. 

aterials and methods 

atients and study design 

his study design, illustrated in Fig. 1 , utilized a compr ehensiv e
ataset combining pathology images, molecular data, and clin-

cal information from two sources: The Cancer Genome Atlas
 TCGA cohort ) and the Sun Yat-sen Memorial Hospital of Sun
at-sen Univ ersity ( SYSMH ) Guangzhou, China. We rigor ousl y a p-
lied inclusion and exclusion criteria to select a suitable cohort.
pecificall y, 1020 patients dia gnosed with non-metastatic br east
ancer and having pr eoper ativ e pathology images from 2011 to
019 were included. Our inclusion criteria were stringent, cov-
ring patients with available digital pathology images and nec-
ssary clinical data for in-depth analysis . T his clinical data in-
luded factors like the PAM50 subtype, immune cell data, age,
ymph node metastases, tumor size, and clinical T and N stages.
xclusion criteria applied to patients lacking pathology results,
hose with concurrent malignancies, or issues with pathology im-
ges. 
The study was structured in se v er al phases, starting with the
ivision of 1020 patients into thr ee cohorts: a tr aining cohort, an

nternal validation cohort, and an external testing cohort, crucial
or automatic pathology tissue segmentation and DFS prediction.
 subset of 925 breast cancer patients was further divided, with
41 patients assigned to the training cohort and 184 to the internal
alidation cohort, both from the TCGA cohort with in total 2557
hole slide images ( WSIs ) and 30 473 genes. Additionally, 95 breast

ancer patients from SY SMH ( SY SMH cohort ) , were selected as the
xternal testing cohort with in total 1720 WSIs and 30 473 genes. 

athology images quality enhancement and 

reprocessing 

rior to surgery, all patients underwent a breast puncture. Our
ata processing pipeline included both WSIs and molecular fea-
ures as input. For precision, we scanned all WSIs at a 20 × mag-
ification, excluding slides with low r esolution, thr ough a KF-
RO-005-EX dig ital patholog ical scanner. We collected 4277 hema-
oxylin and eosin-stained WSIs from the combined cohort of 1020
atients, comprising the TCGA and Hospital ( HOSP ) cohorts. No-
ably, the TCGA cohort used typical glass slides fixed in forma-
in and embedded in paraffin. We implemented an automated

SI layout for each image size, using the Clustering-constrained
ttention Multiple Instance Learning ( CLAM ) collection [ 14 ]. Af-

er delineating gr a phical boundaries and removing background
olor, each WSI w as do wnscaled into 256 × 256 pixel patches
t a 20 × ma gnification. Featur e extr action was performed using
he ResNet50 model, pr e-tr ained on ImageNet, to generate 1024-
imensional featur e v ectors fr om eac h patc h [ 15 ]. This pr ocess
tilized a gr a phical user interface with a batch size of 10, facili-
ating an efficient feature extraction w orkflo w. 

r anscriptome RN A sequencing preprocessing 

o guarantee the caliber and reliability of the molecular data, we
tandardized the gene expression information for the cohort of
41 patients undergoing training. SYSMH patients had their to-
al RNA pr ocur ed fr om Formalin-fixed par affin-embedded ( FFPE )
amples by utilizing the QIAGEN FFPE RNeasy kit ( QIAGEN GmbH,
ilden, German y ) . Anal ysis of RN A w as executed emplo ying the
gilent RNA 6000 Nano Kit ( Aglient Technologies, Santa Clara,
A, USA ) , and the assessment of RNA integrity numbers was car-
ied out to a ppr aise RNA integr ation thr ough the Agilent Bioan-
lyzer 2100 ( Aglient Technologies , Santa Clara, C A, USA ) . Total
N A ( 500 ng ) underw ent amplification using the Ovation FFPE
TA System ( NuGEN, San Carlos , C A, USA ) , while for fr a gmen-

ation and labeling we applied the NEBNext ® Ultra™ II DNA Li-
r ary Pr ep Kit ( Illumina ) . Ev aluation of the quality and quantity of
mplified libraries was conducted using Qubit ( Invitrogen, Carls-
ad, CA, USA ) and the Agilent Bioanalyzer 2100 ( Aglient Technolo-
ies, Santa Clara, CA, USA ) . Subsequent to this, all libraries were
ubjected to sequencing on a DNBSEQ-T7RS ( MGI ) with 100 bp
air ed-end r eads. Tr ansformation of base call files into the fastq
ormat was accomplished using cal2Fastq. The normalization of
aw data was undertaken utilizing fastp ( version 0.20.1 ) for data
rocessing. 

This standardization provided a solid foundation for our
omputer-based analyses. We then conducted cross-cohort gene
creening, identifying 30 473 common genes between the TCGA
nd SY SMH cohorts . We further emplo y ed uni-v ariate Cox r e-
r ession anal ysis within the tr aining cohort, selecting 219 genes
ignificantly associated with prognosis [ 16 ]. These genes were
hosen based on a stringent significance level of P < 0.0116,
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Meanwhile, the histopathological images were directly processed through the backbone model. Following the computation of attention scores, the 
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maintaining high statistical standar ds. Finally, w e applied a 
r andom for est anal ysis, a mac hine learning tec hnique adept at 
handling complex molecular data, especially in computer-aided 

disease prediction [ 17 ]. This step increased the robustness of our 
model. 

Immune cells preprocessing 

This study analyzed gene expression data from 96 breast can- 
cer patients at SYSMH to describe the expression profiles of 64 
imm une and str omal cell types using the XCell tool, a gene set 
enric hment method ca pable of quantifying differ ent cell types 
within tissues [ 18 ]. The methodology involved identifying these 
cell types from patient gene expression data using XCell and inte- 
grating this data with clinical information. The aim was to inves- 
tigate the association between cell type abundance and clinical 
features of breast cancer. 
evelopment of the DeepClinMed-PGM model 
n this study, we de v eloped a m ulti-instance learning network that
e v er a ges pr ether a py pathology ima ges, molecular data, and clin-
cal information to assess risk and predict DFS. The network’s ar-
 hitectur e comprises two distinct sta ges: featur e extr action and
urviv al pr ediction. Our a ppr oac h to tac kling the complexities of
his task involved a multi-modal data integration strategy within 

he DeepClinMed-PGM fr ame work. This fr ame work includes es-
ential stages such as quality control, data preprocessing, and the
xtraction and fusion of features for survival prediction. Employ- 
ng this advanced deep learning model within the DeepClinMed- 
GM fr ame work, our study aims to construct a system capable
f pr oviding v aluable insights into br east cancer risk assessment
nd DFS prediction. 

In the featur e extr action sta ge, w e began b y manually par-
itioning the collection of patches from a single WSI. From
hese patches, we reduced the feature map obtained from each
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56 × 256 × 3 Red-Gr een-Blue ( RGB ) ima ge . T he patches for multi-
nstance WSIs in this study relied on a modified ResNet50 model,
da pted fr om the original pr etr ained ResNet50 arc hitectur e . T his
odified model utilizes 1024-dimensional features output from

n earlier convolution layer of the pr etr ained ResNet50, instead of
sing the full ResNet50, and incor por ates av er a ge pooling to im-
r ov e performance. To efficientl y mana ge the featur e-extr action
tep, we used up to four Gr a phics Pr ocessing Unit ( GPUs ) running
n par allel, eac h with a batc h size of 64. 

After automatically extracting features from the WSI patches,
e constructed a pathology multi-instance deep learning model

o predict slide-based DFS risk scores . T his model consists of
e v er al components, including feature embedding layers, a self-
ttention module, and fully connected layers for prediction. We
dapted the structure of the feature-embedding layers from a
ulti-lay er per ceptron to tw o linear lay ers, using the Rectified Lin-

ar Unit ( ReLU ) as the activation function. This change aims to
 educe par ameter ov er-fitting during gr adient bac k-pr opa gation.
dditionally, the self-attention module was modified to better
odel the features of WSIs, employing two attention blocks [ 19 ].

n the attention-blocks, let H = { h 1 , . . . , h k } be a bag of K embed-
ings, then we propose the following self-attention module: 

z = 

K ∑ 

k =1 

a k h k 

here: 

a k = softmax 
(
w 

T 
(
tanh 

(
Vh 

T 
k 

)
� sigm 

(
Uh 

T 
k 

)))

here w ∈ R 

L and U , V ∈ R 

L ×M ar e par ameters. In our pursuit of
mproving the efficiency of learning complex relations, our model
ncor por ates two differ ent par allel element-wise non-linearity
unctions: hyperbolic tangent ( tanh ( ) ) and sigmoid ( sigm ( ) ) . In-
luding these functions, which cover both negative and positive
alues, is crucial for ensuring proper gradient flow within the
odel. We also implemented a mechanism to calculate the atten-

ion scores for each patch, achieved by computing the weighted
v er a ge of the learnable product between the outputs of tanh ( )
nd sigm ( ) . To ensure that the attention weights sum to 1, we em-
lo y ed softmax non-linearity. These modifications significantly
oost the model’s performance, offering robust support for pre-
icting DFS risk scores. 

Finall y, the attention scor es, combined with v arious clin-
copathological c har acteristics, ar e integr ated using the
eepClinMed-PGM fr ame work to determine the ov er all m ul-

imodal risk score . T his m ultimodal DeepClinMed-PGM risk scor e
s calculated through a deep survival model, influenced by the
tructure of the Deepsurv model [ 20 ]. The input features for this
odel include a range of par ameters, suc h as the slide-based

isk score and clinicopathological characteristics. cTNM staging
 T = primary tumor; N = r egional l ymph node; M = distant

etastasis; c = clinical ) , age at diagnosis, and the expression of
mm unodeficient cells ( e.g. activ ated B cell, activ ated CD4 T cell,
ctivated CD8 T cell, and others ) are concatenated with the risk
core for final score prediction. 

isualization and interpretation of the model 
o thor oughl y examine the ima ge ar eas and featur es contributing
o the network’s output, we utilized the GradCAM deep learning
lgorithm [ 21 ] for visualization. This a ppr oac h, under attention-
ased learning, automatically visualized attention scores of all tis-
ue r egions fr om the slides in attention heat-maps . T hese heat-
aps enable clinicians to identify tumor regions of high impor-
ance. By a ppl ying softmax, attention scor es wer e conv erted into
ercenta ges and gener ated into RGB color-coded heat-maps. Re-
ions with higher attention scores were identified as potential di-
gnostic tumor tissue, while those with lo w er scores were con-
idered normal tissue . T he CLAM framework eliminated the need
or WSI annotation, streamlining the prediction process for im-
ortant regions. 

To understand the critical role of immune cells and immune
ene expression in breast cancer and its impact on patient out-
omes, we thor oughl y anal yzed imm une cell and gene presence
n the TCGA cohort of breast cancer patients. We carefully mea-
ured the correlation of 219 related genes and levels of 28 differ-
nt types of immune cells among the 741 patients in the train-
ng group, aiming to uncover differences in immune activity be-
ween high-risk and low-risk patients. Additionall y, hier arc hical
lustering analysis was used to visually represent the distribu-
ion of these immune cell types and genes among the high-risk
nd low-risk groups. 

To elucidate the functions of these genes, we performed Gene
ntology ( GO ) and Ky oto Enc yclopedia of Genes and Genomes

 KEGG ) pathway functional enrichment analyses [ 22 , 23 ]. These
nalyses categorized gene functions into biological processes,
ellular components, and molecular functions. Furthermore, we
 v aluated the abundance of tumor-infiltrating immune cells in
he training cohort ( n = 741 ) , acknowledging their vital role in
r ognosis pr ediction and l ymph node pathology detection. No-
able differences in immune cell infiltration between high-risk
nd low-risk groups were observed, providing insights into the un-
erl ying mec hanisms of br east cancer pr ogr ession. 

mplementation details 

irstly, we define the data root directory, which is the location stor-
ng all training and validation data. The maximum number of
pochs for model training is specified by the max_epochs param-
ter, with a default of 30 epochs . T he learning rate is set to 1e-4,
nd the weight decay defaults to 1e-5, both of whic h jointl y af-
ect the conv er gence speed and final performance of the model.
o ensure reproducibility of experimental results, we control ran-
omness by setting the random seed to 1. The number of folds for
r oss-v alidation is specified by the k parameter, with a default of
0 folds. If training needs to start or end from a specific fold, the
_start and k_end parameters can be used, with defaults of −1, in-
icating starting from the last fold and ending at the first fold, we
et it to 1 to 2 in this experiment. 

The results directory is used to store all experimental results,
efaulting to the results folder in the current working directory.
e also provide the split_dir parameter, allowing users to man-

ally specify split sets rather than inferring from task and label
cor e par ameters. To better monitor the tr aining pr ocess, T ensor -
oard logging is enabled through the log_data par ameter, whic h is
ff by default. The testing parameter serves as a debugging tool
or de v elopment and testing stages, defaulting to off. Early stop-
ing is an optional feature enabled by setting the parameter to
rue , which is off by default. 

The choice of optimizer is controlled by the opt parameter, of-
ering two options: Adam and SGD ( Stochastic Gradient Descent ) ,
ith Adam as the default choice. We also introduce dropout
echanism, enabled by the drop_out parameter, with a default

r opout r ate of 0.25. Experiment code is used to save and iden-
ify different experimental settings. Additionally, we provide the
weighted_sample’ parameter to enable weighted sampling, and
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Table 1. Clinical c har acteristics of patients in the TCGA and SY SMH cohorts . 

Characteristic 
No. ( % ) 

All patients 
( n = 1020 ) 

TCGA cohort ( n = 925 ) SYSMH cohort ( n = 95 ) 
External test cohort ( n = 95 ) 

Training cohort ( n = 741 ) Internal v alida tion cohort ( n = 184 ) 

Age, median ( IQR ) , 
years 

57 ( 48–66 ) 59 ( 49–67 ) 56 ( 48–66 ) 50 ( 44–57.5 ) 

Clinical T stage 
1 295 ( 28.92% ) 198 ( 26.72% ) 46 ( 25.00% ) 51 ( 53.58% ) 
2 587 ( 57.55% ) 431 ( 58.16% ) 115 ( 62.50% ) 41 ( 43.16% ) 
3 115 ( 11.27% ) 94 ( 12.69% ) 18 ( 9.78% ) 3 ( 3.16% ) 
4 23 ( 2.25% ) 18 ( 2.43% ) 5 ( 2.72% ) 0 ( 0% ) 
Clinical N stage 
1 508 ( 49.80% ) 377 ( 50.88% ) 86 ( 46.74% ) 45 ( 47.37% ) 
2 326 ( 31.96% ) 246 ( 33.20% ) 57 ( 30.98% ) 23 ( 24.21% ) 
3 116 ( 11.37% ) 78 ( 10.53% ) 24 ( 13.04% ) 14 ( 14.74% ) 
4 70 ( 6.86% ) 40 ( 5.40% ) 17 ( 9.24% ) 13 ( 13.68% ) 
Clinical TNM stage 
1 204 ( 20.00% ) 140 ( 18.89% ) 33 ( 17.93% ) 31 ( 32.63% ) 
2 578 ( 56.67% ) 441 ( 59.51% ) 101 ( 54.89% ) 36 ( 37.89% ) 
3 238 ( 23.33% ) 160 ( 21.59% ) 50 ( 27.17% ) 28 ( 29.57% ) 
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‘gene’ and ‘cli’ parameters to control the usage of gene and clini- 
cal data, r espectiv el y. Finall y, the task par ameter specifies the task 
type, with DFS task chosen in this study. 

Quantification and statistical analysis 

In our study, we conducted survival analysis using the Kaplan–
Meier ( KM ) method alongside the log-rank test, allowing for 
the assessment and comparison of survival outcomes among 
different patient groups. Hazard ratios ( HRs ) and their corre- 
sponding 95% confidence intervals ( CIs ) were determined through 

Cox r egr ession anal ysis, shedding light on the factors impacting 
patient outcomes. To stratify patients into high- and low-risk 
groups, we utilized optimal cutoff values, identified using the R 

pac ka ge survminer. This stratification was essential for evaluat- 
ing the impact of the signatur es gener ated on DFS. The prognostic 
or pr edictiv e accur acy of these signatur es was assessed through 

r eceiv er oper ating c har acteristic curv e ( ROC ) analysis. Sensitivity 
and specificity were evaluated using the area under the ROC curve 
( AUC ) , whic h serv es as an effectiv e metric for assessing the pr edic- 
tive performance of the signatures for DFS. Additionally, to gauge 
the clinical utility of our prediction model, we conducted deci- 
sion curve analysis ( DCA ) , as detailed in [ 24 ]. DCA is instrumen- 
tal in determining the model’s pr actical v alue in clinical decision- 
making. 

For the technical aspects, we utilized the NCCS-GZ Guangzhou 

National Supercomputer Platform and NVIDIA Tesla K80 GPU to 
support the functions of CLAM packet 15. WSI processing and 

featur e extr action wer e conducted using Python ( version 3.7.7 ) .
For WSI processing and segmentation, we used Column ( version 

7.0.0 ) and Opencv-Python ( version 4.1.1 ) . The Python deep learn- 
ing libr ary ( v ersion 1.5.1 ) was implemented to tr ain deep learn- 
ing models on GPUs . T he torc hvision ( v ersions 1.12.1 and 0.1.8 ) 
w as emplo y ed to load ResNet50 and extr act featur es. For plotting 
and numerical vectors calculation, we used the Matplotlib library 
( version 3.1.1 ) and numpy library ( 1.18.1 ) , respectively. Atten- 
tion scores visualization was performed using basemap ( version 

1.1.0 ) . Data analysis was conducted using Pandas ( version 1.0.3 ) 
and Scipy ( version 1.3.1 ) . Various sub-indexes were calculated us- 
ing the Scikit-learn scientific computing manual ( version 0.22.1 ) .
Other statistical analyses were carried out using R version 4.1.2 
 https://www.r-pr oject.or g ) . A P value < 0.05 was considered sta-
istically significant. 

esults 

a tient char acteristics 

his r etr ospectiv e cohort study included a total of 1020 non-
etastatic breast cancer patients, comprising 925 patients from 

he TCGA cohort, with a median age of 57 years [interquartile
ange ( IQR ) : 48–66 years], and 95 patients from the HOSP cohort,
ith a median age of 50 years ( IQR: 44–57.5 years ) . The patient en-
 ollment pr ocess is visuall y depicted in Fig. 1 A, pr oviding a clear
v ervie w of the study’s patient selection methodology. To ensure
 thorough analysis, patients were strategically divided into dis- 
inct cohorts: the training cohort ( n = 741 ) , the internal validation
ohort ( n = 184 ) , and the external testing cohort ( n = 95 ) . Detailed
nformation on the clinicopathological c har acteristics and tr eat- 

ent outcomes of these patients is presented in Table 1 . 
In terms of clinical staging, the percentage of patients with

athological clinical TNM stage III was 22.7% in the training and
nternal validation cohorts from the TCGA, and 29.57% in the
xternal testing cohort from the hospital. The median follow- 
p times were 59 months ( IQR 49–67 ) for the training cohort,
6 months ( IQR 48–66 ) for the internal validation cohort, and 50
onths ( IQR 44–57.5 ) for the external testing cohort. 

roposed pathology-based deep learning model 
n our endeavor to utilize advanced deep-learning models for pre-
icting DFS based on WSIs, we implemented a pathology-based 

ntegr ation a ppr oac h using the DeepClinMed-PGM Multi-Modality
odel fr ame work. The structur e of this fr ame work is depicted

n Fig. 1 and supplementary Fig. S1 (see online supplementary
aterial) . 
The initial step involved randomly dividing the TCGA cohort 

f 925 patients into training and internal validation sets in an
 : 2 ratio. This division was crucial for automated pr eoper ativ e
athology tissue segmentation. The arc hitectur e for processing 
athology images is comprehensively outlined in Fig. 1 B, offering a
pecific blueprint for primary tissue segmentation. This pro- 
ess operates on individual WSIs, utilizing a modified CLAM 

https://www.r-project.org
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
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rc hitectur e and an unlabeled bag of patches corresponding to
he primary tumor tissue area for training. 

Following the automated extraction of the primary tumor’s
atc hes fr om pathology ima ges, we de v eloped a deep pathology-
ased multi-instance learning survival model to predict a patient-
ased risk score for DFS. Using the modified ResNet50 archi-
ectur e for featur e extr action and a transfer learning algo-
ithm, this model effectiv el y identifies critical features from
he extr acted patc hes ( Fig. 1 B ) . These featur es ar e then r e-
ned through attention gates to create a distinctive feature
ector for each patient. The fully connected layers utilize
his vector to compute the patient-based DFS risk score, an
ssential metric for guiding treatment decisions and moni-
oring patient pr ogr ess. We further integr ated molecular and
linicopathological features with the pathology-based survival
odel to form the DeepClinMed-PGM. This integration amal-

amates attentive slide scores, molecular, and clinicopatholog-
cal data, providing a personalized approach to DFS prediction
 Fig. 1 C ) . 

redicti v e performance through a deep learning 

odel based on pathology data 

fter training our netw ork, w e applied a modified multi-instance
eep neural network to conduct an in-depth analysis of preopera-
ive pathology slides for predicting DFS. The deep learning pathol-
gy multi-instance learning model, known as the pathology-based
urvival model, exhibited a high level of predictive accuracy for
FS ( supplementary Figs. S2 , S3 , and S4 , see online supplemen-

ary material ) . Time-dependent ROC analysis provided valuable
nsights into the model’s performance. In the training cohort, the
UC values were 0.790, 0.777, and 0.783 for 1-, 3-, and 5-year DFS
r edictions, r espectiv el y, indicating the model’s effectiveness in
orecasting DFS within this group ( Fig. S3 ) . 

In the internal validation cohort, the corresponding AUC val-
es were 0.725, 0.834, and 0.852, further highlighting the model’s
r edictiv e str ength acr oss differ ent timefr ames. In external test-

ng cohort 1, the pathology-based survival model demonstrated
UC values of 0.87, 0.82, and 0.77 for 1-, 2-, and 3-year DFS predic-

ions, r espectiv el y. These r esults underscor e the model’s r eliabil-
ty and applicability across various external testing en vironments .
he concordance index ( C-index ) for the deep learning model in
FS prediction was consistent, recording 0.749, 0.804, and 0.777 in

he training cohort, internal validation cohort, and external test-
ng cohort, r espectiv el y. 

By stratifying patients in the training cohort according to their
r edicted surviv al scor es, we significantl y enhanced br east cancer
isk assessment. There was a notable difference in DFS between
atients with low- and high-risk scores, indicated by a HR of 0.224
 95% CI 0.138–0.363, P < 0.001; Fig. S3 A ) . This trend was consis-
entl y observ ed in the internal validation cohort, with an HR of
.072 ( 95% CI 0.016–0.324, P < 0.001; Fig. S3 B ) , and corr obor ated in
n external validation cohort, with an HR of 0.343 ( 95% CI 0.124–
.950, P < 0.001; Fig. S3 C ) . These findings reaffirm the strong cor-
elation between predicted survival scores and DFS outcomes. 

nhancing prediction through multimodal data 

ntegr a tion and clinical implication 

n our study, we incor por ated clinicopathological c har acteristics
elated to DFS in both univariate and multi-variable Cox re-
r ession anal yses. Our findings sho w ed that e v en after adjust-
ng for various clinicopathological variables, including clinical
NM stage, the deep learning pathology-based survival model
emained an independent prognostic factor for DFS within the
raining cohort, as detailed in supplementary Fig. S5, see online
upplementary material . 

Aiming to enhance prediction accuracy and highlight the im-
ortance of multi-modal data integration, we focused on vari-
bles such as 219 genes and clinicopathological factors like PAM50
ubtypes , age , clinical TNM sta ging, and imm une cell data ( e.g.
cti vated B cells, acti vated CD4 T cells, acti vated CD8 T cells ) .
hese elements are known to significantly affect the biological
ehavior and prognosis of breast cancer [ 2 , 3 ]. To achieve a more
recise and clinically relevant approach for evaluating DFS pre-
iction, we integrated these 32 clinicopathological characteristics
ith the deep learning model, resulting in the development of the
ee pClinMed-PGM model. Dee pClinMed-PGM synergizes atten-

ive slide scores with clinicopathological data, enabling person-
lized DFS predictions . T his methodology significantly enhances
r ediction accur acy and augments the clinical r ele v ance of as-
essing an individual’s risk of disease r ecurr ence. 

After integr ating m ultimodal data into the DeepClinMed-PGM
odel, there was a marked improvement in its predictive perfor-
ance for DFS. Within the training cohort ( Fig. 2 A ) , the AUC values

or 1-, 3-, and 5-year DFS pr ediction r ose to 0.979, 0.957, and 0.871,
 espectiv el y. In the internal validation cohort, the AUC values
ere 0.886, 0.745, and 0.825 ( Fig. 2 B ) , and in the external testing co-
orts, the AUC values reached 0.851, 0.878, and 0.938 for 1-, 2-, and
-year DFS pr ediction ( Fig. 2 C ) . Mor eov er, the DeepClinMed-PGM
odel demonstrated C-index values of 0.925, 0.823, and 0.864
ithin the training cohort, internal validation cohort, and exter-
al testing cohort, r espectiv el y. These r esults indicate a superior
r edictiv e accur acy compar ed to the standalone deep learning
athology-based survival model for survival prediction. Detailed

nformation for 1-, 2-, and 3-year DFS prediction and treatment
utcomes of these patients is presented in Table 2 . 

Our DeepClinMed-PGM model demonstrated significant dis-
inctions in DFS between patients with high- and low-risk scores.
y employing an optimized cutoff value of 16.135, derived through
he DeepClinMed-PGM model, we stratified patients into high-risk
nd low-risk groups . T he DeepClinMed-PGM model’s robust dis-
riminativ e ca pabilities wer e consistentl y e vident acr oss v arious
ohorts. In the training cohort, it exhibited an HR of 0.027 ( 95% CI
.0016–0.046, P < 0.0001 ) ( Fig. 2 D ) , in the internal validation cohort
n HR of 0.117 ( 95% CI 0.041–0.334, P < 0.0001 ) ( Fig. 2 E ) , and in the
xternal cohorts an HR of 0.061 ( 95% CI 0.017–0.218, P < 0.0001 )
 Fig. 2 F ) . Furthermor e, the DeepClinMed-PGM model’s v ersatility
xtended to its ability to predict recurrence risks and differenti-
te between high- and low-risk patients, e v en when considering
actors such as age at diagnosis, sex, and clinical TNM stage of
reast cancer, with all results showing statistical significance ( all
 < 0.001 ) ( see supplementary Fig. S5 ) . 

Additionally, our DCA indicated that the DeepClinMed-PGM
odel consistentl y offer ed a superior net benefit compared to the

athology-based survival model, gene signature, and pathological
ignatur e alone, acr oss a wide r ange of thr eshold pr obabilities in
ll cohorts ( see Fig. 2 G, H, I ) . This finding highlights the substantial
linical value of the DeepClinMed-PGM model in early DFS pre-
iction, surpassing the individual contributions of the pathology-
ased survival model, gene signature, and pathological signature.
linicians can le v er a ge this integr ated system by combining
athology images, molecular data, and clinicopathological in-
ormation to provide personalized DFS predictions . T his com-
r ehensiv e a ppr oac h aids in identifying risks of r ecurr ence and

https://pic.imgdb.cn/item/6666b5085e6d1bfa0508587f.png
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbae012#supplementary-data
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(A)

(D)

(C)

(F)

(B)

(E)

(G) (H) (I)

Figure 2. AUC and KM curves for training sets, validation sets, and test sets. ( A ) Training set ROC, ( B ) validation set ROC, ( C ) test set ROC, ( D ) training 
set KM curv e, ( E ) v alidation set KM curve, and ( F ) test set KM curve. ( G ) Decision curve of traning set. ( H ) Decision curve of validation set. ( I ) Decision 
curve of test set. 
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metastasis, and assists in de v eloping customized tr eatment 
strategies. 

Visualization and interpretation 

Our r esearc h delv ed into the corr elation between high-density r e- 
gions within tumor hotspots and the tumor micr o-envir onment,
emphasizing the significant prognostic information provided by 
ima ging tec hniques. Focusing on an objectiv e e v aluation, we uti- 
lized WSIs from pathological samples for our anal ysis. A compr e- 
hensive examination, including RNA sequencing in the training 
cohort, identified 219 differ entiall y expr essed genes between the 
high-risk and low-risk groups ( Fig. 3 A ) . The subsequent GO enrich- 
ment analyses highlighted critical pathways related to immunity 
and tr anscription, suc h as T-cell activ ation, monocyte differ entia- 
tion, and histone modification. T hese pathwa ys pla y a vital role in 

r egulating gene expr ession in br east cancer cells and significantly 
impact the pr ogr ession of the disease. 
Mor eov er, KEGG anal ysis indicated enric hment in pathways
ike Th17 cell differentiation, the T cell receptor signaling pathway,
nd chemokine signaling. Within the training cohort, our analy- 
is sho w ed that KMT2C and MAP3K1 had high m utation fr equen-
ies, at 11% and 10% r espectiv el y, as illustr ated in Fig. 3 D. KMT2C
 utations ar e fr equentl y observ ed in metastatic br east cancers

hat have hormone receptors and low levels of HER2 [ 25–27 ]. Ad-
itionall y, KMT2C m utations and deletions are observed in pan-
reatic ductal adenocarcinoma [ 28 ], with reduced KMT2C expres-
ion in biopsies correlating with impr ov ed clinical outcomes. As
 histone modifier, KMT2C also fr equentl y m utates in esophageal
quamous cell carcinoma [ 29 ]. MAP3K1, conv ersel y, is involv ed in
athways regulating cell proliferation and apoptosis [ 30 , 31 ]. Our

nv estigation into imm une cell infiltr ation in the tumor r e v ealed
otable differences between high-risk and low-risk groups, crucial 
or pr ognosis pr ediction and l ymph node pathology detection, as
hown in Fig. 3 E. These findings highlight the importance of high-
ensity regions within the tumor microenvironment, offering 
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Figure 3. Analysis of difference between high and low expression groups. ( A ) Differential genes in high- and low-risk groups. ( B ) and ( C ) GO and KEGG 

pathway analysis in low-risk group. ( D ) Mutation landscape in low-risk group. ( E ) Immune cell infiltration analysis in high- and low-risk groups. 
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Table 2. Dia gnostic accur acy of prognostic characteristics for patients in training set. 

Characteristic 1-year AUC ( 95% CI ) 3-year AUC ( 95% CI ) 5-year AUC ( 95% CI ) 

Age 
≤ 65 years 0.985 ( 0.973–0.997 ) 0.951 ( 0.914–0.988 ) 0.871 ( 0.803–0.939 ) 
> 65 years 0.953 ( 0.918–0.988 ) 0.973 ( 0.932–1 ) 0.868 ( 0.702–1 ) 
Sex 
Female 0.978 ( 0.966–0.991 ) 0.957 ( 0.927–0.987 ) 0.87 ( 0.806–0.935 ) 
Clinical T stage 
T1 0.997 ( 0.991–1 ) 0.912 ( 0.818–1 ) 0.775 ( 0.593–0.958 ) 
T2 0.984 ( 0.972–0.997 ) 0.981 ( 0.964–0.999 ) 0.899 ( 0.814–0.984 ) 
T3 0.927 ( 0.846–1 ) 0.889 ( 0.724–1 ) 0.933 ( 0.836–1 ) 
T4 0.909 ( 0.734–1 ) 1 1 
Clinical N stage 
N0 0.991 ( 0.981–1 ) 0.976 ( 0.945–1 ) 0.872 ( 0.781–0.963 ) 
N1 0.962 ( 0.933–0.991 ) 0.966 ( 0.918–1 ) 0.875 ( 0.763–0.986 ) 
N2 1 ( 1–1 ) 0.855 ( 0.669–1 ) 0.927 ( 0.826–1 ) 
N3 0.939 ( 0.857–1 ) 0.946 ( 0.83–1 ) 0.906 ( 0.691–1 ) 
Clinical M stage 
M0 0.983 ( 0.972–0.994 ) 0.956 ( 0.922–0.991 ) 0.859 ( 0.786–0.931 ) 
Clinical TNM stage 
Stage 1 0.995 ( 0.984–1 ) 0.992 ( 0.973–1 ) 0.677 ( 0.423–0.93 ) 
Stage 2 0.988 ( 0.978–0.999 ) 0.979 ( 0.96–0.998 ) 0.898 ( 0.812–0.983 ) 
Stage 3 0.939 ( 0.887–0.99 ) 0.895 ( 0.788–1 ) 0.891 ( 0.796–0.986 ) 
Molecular subtype 
Basal 0.945 ( 0.901–0.989 ) 0.921 ( 0.84–1 ) 0.938 ( 0.867–1 ) 
HER2 1 1 1 
Luminal A 0.991 ( 0.979–1 ) 0.946 ( 0.858–1 ) 0.734 ( 0.555–0.914 ) 
Luminal B 0.959 ( 0.924–0.994 ) 0.984 ( 0.959–1 ) 0.96 ( 0.909–1 ) 
Triple-negati v e 0.955 ( 0.918–0.991 ) 0.929 ( 0.854–1 ) 0.945 ( 0.883–1 ) 
Non-triple-negati v e 0.98 ( 0.966–0.994 ) 0.971 ( 0.934–1 ) 0.853 ( 0.76–0.946 ) 
Normal NA ( Not applicable ) 1 1 
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insights into distinct molecular and immune signatures associ- 
ated with different risk groups. 

In our analysis, we focused on ima ge r egions and influen- 
tial features impacting the output of the pathology-based sur- 
vival model. This endeavor aimed to provide clinicians with a 
deeper understanding of the network’s predictions, enhancing 
their knowledge about tumor zones. To examine the potential cor- 
r elation between pr ediction ca pacity and deep learning features 
in WSIs, we employed the GradCAM deep learning algorithm. This 
technique enabled us to convert attention feature maps into visu- 
all y informativ e heatma ps, offering an inter pr etable vie w of the 
model’s focus areas. 

The heatma ps gener ated in our stud y vi vidl y highlighted ar eas 
of heightened response within the tumor tissues, using warm col- 
ors ( e.g. red ) to indicate high influence and cool colors ( e.g. blue ) 
for lo w er influence on the model’s predictions. Darker shades sig- 
nified a stronger network response with higher attention weights,
indicating an intensified focus of the model on those specific 
areas . T he attention maps in shades of blue primarily depicted 

structural aspects of the tumors, such as boundaries , shapes , and 

textur es. In contr ast, r ed-biased attention ma ps pr edominantl y 
ca ptur ed high-le v el semantic tumor tr aits deriv ed fr om anatom- 
ical images, along with functional insights. For instance, Fig. 4 
presents examples for four patients, where those with a high risk 
of r ecurr ence or metastasis sho w ed concentrated hotspots both 

near and distant from the tumor, whereas patients without such 

risks exhibited focal concentr ation mainl y within the tumor re- 
gion. T hese patterns , r ecurring acr oss most heat ma ps, suggest 
that concentrated hotspots within the tumor region may corre- 
late with impr ov ed DFS. 
To assess the pr edictiv e r ole of clinical c har acteristics on DFS in
reast cancer patients, we conducted univariate regression anal- 
ses in the training and test groups . T hese analyses evaluated
hether the risk score could remain an independent predictor 
hen considering other conventional clinical variables . T he re-

ults indicated that clinical c har acteristics like a ge, sta ge, T sta ge,
nd N stage could not independently predict DFS in breast can-
er patients, whereas the risk score was a more effective predic-
or in both the training and test groups ( P < 0.001 ) . The immune
ells were annotated using the CIBERSORT algorithm, and sub- 
equent imm une infiltr ation anal ysis r e v ealed higher infiltr ation
f macr opha ges M2 and M0 in the high-risk group ( Fig. 5 C ) . Addi-
ionally, our examination of immune checkpoint gene expression 

n high- and low-risk groups sho w ed generally higher expression
n the low-risk group. 

Further, the expression of immune factor-related genes was 
lso higher in the low-risk group. Our GO analysis of immune
actor-associated genes indicated their enric hment primaril y in 

omplement activation and phagocytosis-associated pathwa ys ,
ainly located in the immunoglobulin complex ( Fig. 6 B ) . Concur-

 entl y, KEGG pathway anal ysis r e v ealed significant enric hment in
he estrogen signaling pathway and chemokine signaling path- 
ay ( Fig. 6 C ) . Additionall y, Gene Set Enric hment Anal ysis ( GSEA )

n Fig. 6 D highlighted enrichment in cell adhesion molecules and
 ytokine–c ytokine receptor interactions in the low-risk group. In
ontr ast, the high-risk gr oup sho w ed enrichment in pathways re-
ated to starch and sucrose metabolism, as well as steroid biosyn-
hesis. 

In conclusion, our findings emphasize the effectiveness of the 
isk score in predicting DFS in breast cancer and illuminate the
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istinct molecular and immunological profiles characteristic of
ifferent risk groups. 

iscussion 

ur study introduced and evaluated the novel DeepClinMed-PGM
odel, a pathology-based multi-instance deep learning model

tilizing multimodal data for accurately predicting DFS in breast
ancer patients . T his model’s pr edictiv e accur acy significantl y
mpr ov es risk stratification, aiding clinicians in formulating pre-
ise treatment strategies and follow-up plans. Visualization tech-
iques emplo y ed in our study offered deeper insights into the
ecision-making pr ocess, corr elating pr edictions with the tumor
icr oenvir onment, and pr esented a tr ansformativ e a ppr oac h for

nhanced breast cancer prognosis and personalized treatment
trategies . T he results underscore the potential of advanced com-
utational techniques in refining prognostic predictions and indi-
idualized treatment planning. 

The r a pid adv ancement in AI tec hnology has made the ap-
lication of multi-modal deep learning methods incr easingl y vi-
ble in aiding breast cancer prognosis and treatment planning.
eep learning models have proven their utility as valuable prog-
ostic tools, supporting oncologists in tailoring patient manage-
ent strategies. For instance, these models can predict RNA-Seq

umor expression and interpret diverse molecular phenotypes
r om densel y ma pped cancer pathology slides, all deriv ed fr om

SIs [ 32 , 33 ]. Ho w e v er, r el ying solel y on single-modality medical
maging data often falls short in providing comprehensive infor-

ation for precise breast cancer diagnosis . T he diagnosis of breast
ancer involv es v arious medical data sources, including pathol-
gy, genetic molecular data, mammogr a phy, ultr asound, ma gnetic
 esonance ima ging ( MRI ) , and clinical text. The complexity inher-
nt in these diverse data sources makes compr ehensiv e anal ysis
nd accurate diagnosis more challenging. 

Ther efor e, the unified processing of multimodal inputs can
tr eamline patient tria ge and enhance the clinical decision-
aking process . T he futur e of br east cancer dia gnosis and tr eat-
ent planning will undoubtedl y r el y on the integration of a broad

pectrum of clinical knowledge, combining pathological features,
linical guidelines, and the expertise of medical professionals. In-
egr ating m ultimodal data deriv ed fr om histopathological, molec-
lar, and clinicogenomic machine-learning models promises to

mpr ov e patient risk stratification and deepen our understanding
f treatment responses in cancer [ 34 , 35 ]. 
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Our study not only reinforces the generalization of our ap- 
pr oac h but also lays a solid foundation for its validation. The in- 
novation of our research lies in de v eloping the nov el AI-driv en 

DeepClinMed-PGM model. This model reflects the ongoing shift 
to w ar ds utilizing AI algorithms for complex tasks in the medical 
field. While deep learning models in the medical domain have 
gained considerable attention, few have seamlessly integrated 

histopathological data, molecular data, and clinicogenomic fea- 
tures into a genuinely multi-modal model [ 36 , 37 , 38 ]. Our ap- 
pr oac h aligns with the increasing recognition of the complex in- 
terplay between biological attributes and clinical factors in cancer 
prognosis. It culminates in an AI-assisted model that equips clin- 
icians with AI-driven insights, thereby enabling more informed 

decision-making in breast cancer management. 
In the for eseeable futur e, deep learning algorithms are poised 

to significantl y adv ance the field of molecular functional visual- 
ization studies using multi-modal data, particularly in elucidat- 
ng pathogenic pathways associated with breast cancer. Molecu- 
ar functional visualization studies are crucial not only for un-
erstanding the pathological mechanisms of breast cancer but 
lso for offering novel insights and methodologies for clinical ap-
lication [ 39 , 40 ]. Specifically, deep learning models have been
e v eloped to pr edict RNA-Seq tumor expr ession, and human-

nter pr etable featur es fr om densel y ma pped cancer pathology
lides extracted from WSIs are used to forecast a range of molec-
lar phenotypes [ 41 , 42 ]. Our r esearc h aligns with pr e vious stud-

es emphasizing the pivotal role of medical ima ging, especiall y
athology images, in enhancing our understanding of breast can- 
er c har acteristics, consistent with pr e vious r esearc h that has
ighlighted the value of WSIs and molecular data in exploring tu-
or evolution and gaining detailed insights into tumor morphol- 

gy and the surrounding micro-environment. 
Despite pr omising outcomes, se v er al inher ent limitations of

ur study need careful consideration. The use of large retrospec-
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ive datasets and the retrospective design introduce inherent bi-
ses and the potential for confounding factors . Moreo ver, the ap-
licability of our de v eloped models to diverse populations and
aried clinical settings requires further validation and scrutiny.
dditionally, the issue of interpretability in AI models remains a
entral point of discussion in research, highlighting the need for
ethodologies that enhance tr anspar ency and elucidation. 
Our multi-modal deep learning model initiatives are expected

o serv e v arious pur poses , including identifying no vel anti-tumor
ene expression patterns, exploring the distribution of immune
ells, facilitating the deployment of innov ativ e effector immune
ells, and generating molecular entities for future clinical inves-
igations. By compr ehensiv el y integr ating div erse medical data

odalities and clinical knowledge, this AI model is set to signifi-
antly enhance early diagnosis, treatment effectiveness, and prog-
osis prediction in breast cancer. Ultimately, it will provide health-
ar e pr actitioners with mor e r eliable and inter pr etable dia gnos-
ic results, leading to improved treatment outcomes and survival
ates among breast cancer patients. 

onclusion 

he multi-instance risk oncology assessment via deep-learning
 ulti-modality model intr oduced in our study r epr esents a

ov el and effectiv e a ppr oac h for DFS pr ediction in non-
etastatic breast cancer patients. By integrating multi-modal

ata, the model demonstrates enhanced predictive accuracy. This
dv ancement underscor es the potential of suc h models in aiding
linical decision-making and facilitating personalized treatment
trategies for breast cancer patients. As the field of AI continues
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to pr ogr ess, our r esearc h contributes to the foundation for further 
exploration in this domain. It opens avenues for refining mod- 
els to increase their precision, elucidating the interpretability of 
complex AI systems, and expanding their application to a broader 
range of cancers. 
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