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Breast cancer (BRCA) is a multifaceted and extremely diverse condition, with conventional diagnostic and
therapeutic methods encountering considerable obstacles. With the increasing amount of medical data
and the ongoing development of computer technologies, artificial intelligence (AI) has become widely
used in BRCA medication research and clinical decision-making. Specifically, Al helps anticipate therapy
responses, makes it easier to choose the best treatment regimens based on the molecular and pathologi-
cal features of tumors, and allows for more accurate risk assessments for BRCA. Al is also essential to drug
development, including the identification and prediction of novel therapeutic targets, the screening and
prediction of compound structures, the repurposing of existing drugs, and the creation of combination
treatments. From static assessments based on molecular subtypes to dynamic tracking of disease devel-
opment, Al's role in BRCA diagnosis and therapy has changed throughout time. It has transitioned from
experience-based therapeutic approaches to data-driven clinical decision-making. In addition to improv-
ing patients’ quality of life, this shift is essential to turning cancer therapy into a "prevention-prediction-
personalized" paradigm. This review article thoroughly examines the developments in Al applications for
important fields such as molecular subtype identification, metastasis and recurrence prediction, BRCA risk
stratification, and the creation of new medications. It delves deeper into current technological constraints
and clinical translation pathways, emphasizing the need for advances in clinical applicability and techni-
cal standardization through tactics like large-scale multi-center clinical trials, innovative cross-modal data

integration, and algorithmic architecture optimization.
© 2026 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia
Medica, Chinese Academy of Medical Sciences.

1. Introduction

ten need a greater duration for training and evaluation on certain
tasks. For example, although DT may effectively categorize data,

Artificial intelligence (AI) is a multidisciplinary domain aimed
at empowering computer systems to do activities often necessi-
tating human intelligence [1]. It integrates perspectives from sev-
eral fields. Machine learning (ML) and deep learning (DL), the two
main technologies underlying Al, are sometimes confused with one
another, but it's crucial to recognize that DL is a subset of ML
[2]. ML employs mathematical algorithms to identify patterns in
data, subsequently utilized for making predictions [3]. Prominent
approaches in ML encompass conventional methods such as sup-
port vector machines (SVMs), decision trees (DT), and K-means
clustering. These strategies aim to emulate the human capacity
for pattern recognition. Nonetheless, in comparison to DL, they of-
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they include a significant limitation: too intricate trees may overfit
the data, whereas overly simplified trees do not adequately cap-
ture essential patterns. Random forest (RF), a method based on DT,
addresses some of these issues by combining multiple trees and
incorporating randomness in both data selection and feature se-
lection. Extreme gradient boosting (XGBoost) is an innovative ap-
proach that creates an ensemble of DT and offers several advan-
tages compared to conventional logistic regression (LR) models.
This encompasses enhanced management of absent data, the ca-
pacity to model non-linear associations among variables, and supe-
rior effectiveness in addressing intricate interactions between char-
acteristics [4]. DL utilizes multi-layered neural networks, modeled
after the brain’s architecture, to generate predictions. For instance,
convolutional neural networks (CNNs), a fundamental technique
in DL, have gained extensive utilization in medical image analysis
based on their remarkable feature extraction capabilities and ro-
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Fig. 1. The domains of Al technology, the interconnections among Al, ML, and DL,
together with instances of frequently utilized algorithms. Reproduced with permis-
sion [5]. Copyright 2023, Springer Nature.

bust adaptability to spatial data (Fig. 1) [5]. DL has demonstrated
significant efficacy in managing extensive and intricate datasets,
including pictures, audio, and text. It autonomously acquires char-
acteristics from unprocessed data, diminishing the necessity for
laborious feature engineering. Still, a significant issue associated
with DL models is their deficiency in interpretability, rendering it
arduous to comprehend the rationale behind the model’s results
[6].

Breast cancer (BRCA) is among the most common malignan-
cies worldwide [7], accounting for 31 % of all cancer incidences in
women [8,9]. Over the past two decades, the death rate for women
due to BRCA has steadily increased. As per the 2022 global can-
cer statistics, BRCA holds the highest rates of incidence (24.5 %)
and death (15.5 %) among women [10,11]. The treatment of BRCA
often entails a comprehensive strategy. With the rapid advance-
ment of biological data gathering and computational technologies,
Al methodologies are progressively employed to provide compre-
hensive analytical frameworks for clinical BRCA data.

In BRCA research, these Al technologies are tailored to clin-
ical needs: SVMs leverage their high-dimensional classification
strengths to predict human epidermal growth factor receptor 2
(HER2) status, a critical small-sample nonlinear task. RF, valued for
feature significance output, supports feature selection and survival
analysis (e.g., random survival forest (RSF) models for metastatic
risk prediction). XGBoost and light gradient boosting machine
(LightGBM) facilitate multi-modal data fusion (e.g., recurrence risk
prediction) via their strengths in missing value handling and paral-
lel processing. For straightforward probability predictions like pre-
operative HER2-low status evaluation, LR, a linear classifier, of-
fers strong interpretability. DL models extend these capabilities:
CNN-based ResNet and U-Net enable automated magnetic reso-
nance imaging (MRI) feature extraction and pathology slide seg-
mentation, respectively; recurrent neural networks (RNNs) pro-
cess time-series data to dynamically track disease progression (e.g.,
mid-treatment chemotherapy efficacy); Transformers, via attention
mechanisms, excel in long-sequence and cross-modal tasks such as
drug-target interaction (DTI) prediction and pathological image in-
terpretation. Generative adversarial networks (GANs) address rare
subtype sample scarcity by generating synthetic data (e.g., triple-
negative breast cancer (TNBC) pathology images), while graph neu-
ral networks (GNNs) model molecular and gene-drug networks to
predict drug synergies. TabNet integrates attention and sparse fea-
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Fig. 2. Framework for Al applications in BRCA. Created with BioRender.com. The
names of important Al models from each part of the main text are shown in the
figure along with the schematic designs that go with them.

ture selection for end-to-end tabular data processing (e.g., preop-
erative lymph node metastasis prediction), and stacking ensemble
models (e.g.,, SVM +RF) enhance accuracy in multi-modal fusion
tasks like chemotherapy response prediction.

The capacity of Al to revolutionize clinical decision-making and
the drug development process is becoming evident. Simultaneous
advancements will enable breakthroughs in BRCA tumor predic-
tion, therapy selection, and pharmaceutical research and develop-
ment. Here we will review recent advancements in the domains of
Al-driven personalized clinical decision-making and drug develop-
ment in BRCA (Fig. 2).

2. Application of Al in BRCA prognostication

Al has significantly improved the diagnosis and treatment of
BRCA by forecasting tumor status, metastasis, and recurrence risks.
The primary clinical advantage is in enabling early intervention,
customized treatment, and efficient resource allocation through
accurate prediction and stratification, hence enhancing patients’
quality of life and extending lifespan. Table S1 (Supporting infor-
mation) presents a summary of the Al models employed for BRCA
prognostication prediction. BRCA is categorized using several fac-
tors, including molecular traits like estrogen receptor/progesterone
receptor (ER/PR), HER2, and Ki-67; clinical aspects like age, hor-
mone status, and tumor node metastasis (TNM) staging; and his-
tological classifications including ductal carcinoma in situ (DCIS)
and invasive ductal carcinoma (IDC) [12]. Across these several do-
mains, Al has shown remarkable ability in predicting tumor sta-
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tus. This study will concentrate on the identification of HER2-low,
HER2 scoring, risk assessment of DCIS, homologous recombina-
tion deficiency (HRD) testing, and histological grading, aiming to
furnish substantial support for precision medicine [13-19]. Mod-
els such as RSF, TabNet, and the SVM model integrating breast-
specific gamma imaging (BSGI) and ultrasound, along with those
specifically designed for NAT (neoadjuvant therapy) patients [20-
25], have demonstrated improved prediction accuracy, diminished
reliance on invasive procedures, and enhanced patient manage-
ment in the context of tumor metastasis prediction. In the domain
of forecasting tumor recurrence risk, models like RDeepNet [26],
those integrating multimodal imaging with clinical data [27], and
the XGBoost model utilize MRI data [28], multimodal imaging, and
clinical characteristics to deliver precise predictions. These models
facilitate individualized treatment strategies and enhance prognos-
tic outcomes, ultimately advancing precision medicine in BRCA.

2.1. Prediction of BRCA status

Molecular subtypes of BRCA exhibit significant variety, resulting
in distinct therapeutic approaches and prognostic outcomes. HER2-
low BRCA accounts for approximately 45 % to 55 % of all primary
BRCAs and is categorized as HER2-negative based on current HER2
testing protocols. This classification indicates that HER2-targeted
therapies are generally not advised or are ineffective for these pa-
tients [29,30]. Regardless, the innovative antibody-drug combina-
tion, trastuzumab deruxtecan, has shown promise in the treatment
of HER2-low metastatic BRCA [31]. Consequently, choosing the best
course of therapy and forecasting the prognosis of patients depend
on correctly distinguishing HER2-low BRCA from HER2-negative
BRCA. Currently, HER2 expression status is often evaluated using
immunohistochemistry (IHC) or in situ hybridization (ISH) methods
[32-34]. However, these methods do come with some significant
drawbacks. The variability in HER2 expression frequently results
in the misdiagnosis of HER2-low BRCA as either HER2-negative
or HER2-positive in invasive core needle biopsies. Moreover, these
techniques are intrusive and may produce incorrect outcomes if
the tissue specimen is inadequate or of substandard quality. Fur-
thermore, HER2 status may vary throughout the therapy process
or as the illness advances. Thus, the development of a non-invasive
technique that can rapidly and precisely determine HER2 status is
urgently needed. Chen et al. performed groundbreaking work in-
vestigating the efficacy of ML models for preoperative prediction
of HER2-low BRCA [19], utilizing radiomic characteristics obtained
from contrast-enhanced cone-beam breast computed tomography
(CE-CBBCT). This advanced imaging technique has several bene-
fits compared to conventional approaches, including high spatial
resolution three-dimensional (3D) imaging, rapid data collection,
and the capability to thoroughly depict lesion morphology, calci-
fications, and enhancement patterns [35]. A total of 1046 quantita-
tive radiomic characteristics were collected from CE-CBBCT images
and standardized utilizing z-scores in the study. Key characteris-
tics were identified by Pearson correlation coefficients and recur-
sive feature removal. Six ML models were created based on the
chosen features: linear discriminant analysis (LDA), RF, SVM, LR,
AdaBoost (AB), and DT. The models were chiefly assessed utilizing
receiver operating characteristic (ROC) curves and the area under
the curve (AUC). Alongside AUC, many additional measures such as
accuracy, Matthews correlation coefficient, specificity, sensitivity,
positive predictive value (PPV), and negative predictive value (NPV)
were employed to thoroughly evaluate the models’ performance.
Among the evaluated models, LDA and LR had the highest AUC
values (0.880) in the validation cohort, signifying robust efficacy
in differentiating HER2-low from HER2-negative BRCA. The LDA
model had a superior AUC and attained a better accuracy of 0.872,
in contrast to the LR model’s 0.846, indicating a marginal perfor-

Chinese Chemical Letters 37 (2026) 111956

mance advantage. In contrast, the DT model showed a lower AUC
(0.713), which could be the result of overfitting. The results indi-
cate that LDA and LR are the most efficacious models for predict-
ing HER2-low BRCA, presumably owing to their capacity to han-
dle linear correlations and yield interpretable outcomes. The study
revealed that ML models utilizing CE-CBBCT radiomic characteris-
tics have superior efficacy in preoperatively predicting HER2-low
BRCA. These models offer a non-invasive method to evaluate HER2
status, potentially facilitating more precise and individualized tar-
geted therapies. Also, their prognostic skills may aid doctors in
optimizing treatment decisions and facilitate patient recruitment
for anti-HER2 clinical trials, particularly when re-evaluating HER2
expression in resistant advanced subtypes. Although these results
are encouraging, more confirmation with larger sample numbers is
necessary; yet, they indicate a potential trajectory for the future of
precision therapy in HER2-low BRCA.

Deep semantic segmentation feature-based radiomics (DSFR), is
a deep semantic segmentation-based feature that Guo et al. com-
bined with conventional MRI radiomic characteristics to create and
verify the deep learning radiomics (DLR) model [18]. This model
non-invasively detects HER2-low positive status in BRCA patients
and forecasts disease-free survival (DFS) by averaging the proba-
bility generated by two distinct models. In comparison to the ra-
diomics model (AUC=0.705) and the DSFR model (AUC=0.867),
the DLR model exhibited enhanced diagnostic performance in the
training cohort (AUC=0.868) and yielded comparable findings in
the validation cohort. The DLR model outperformed both the clas-
sic radiomics model and the DSFR model in differentiating be-
tween HER2-low positive and HER2-negative patients, hence im-
proving the precision of HER2 status evaluation. Finally, the DLR
model demonstrated reliable prediction accuracy across diverse le-
sion types and hormone receptor statuses, indicating robust gen-
eralization capacities. Survival study indicated that the HER2-low
positive status predicted by the DLR model correlated with ex-
tended DFS, hence reinforcing the therapeutic significance of its
predictions.

HER2 expression levels are categorized into four classifications:
HER2 3+, 2+, 1+, and 0 [29]. Attaining a more accurate assessment
of HER2 expression necessitates the assistance of systematic Al
models. Two researchers have utilized Al to improve the precision
and uniformity of HER2 IHC scoring. To assist pathologists in eval-
uating HER2 IHC scores in BRCA, Krishnamurthy et al. presented a
completely automated Al method [17]. This multicenter, two-arm,
multi-reader research encompassed 120 HER2 IHC whole-slide pic-
tures. Four pathologists evaluated the pictures both with and
without Al aid, and these evaluations were compared to a high-
confidence benchmark truth, created by a minimum of four breast
pathology subspecialists in accordance with the American Society
of Clinical Oncology/College of American Pathologists (ASCO/CAP)
2018/2023 standards. The Al model, Galen Breast HER2, created by
ibex medical analytics, autonomously executes functions including
the detection of tissue fragments, identification of invasive tumor
locations, classification of tumor cells, and computation of HER2
scores in accordance with ASCO/CAP recommendations (Fig. 3A).
The utilization of the Al tool resulted in enhanced performance
by readers. Interobserver agreement increased from 75.0 % with
the digital manual reading to 83.7 % with Al-assisted review, while
scoring accuracy improved from 85.3 % to 88.0 %. Precision HER2,
a complete, high-precision Al system, was created by Xiong et al.
to accurately and consistently assess HER2 expression in invasive
breast cancer (IBC) [14]. This investigation encompassed a two-
phase validation process: in the initial phase, pathologists analyzed
HER2 whole-slide pictures unaided by Al; two weeks later, they
re-evaluated the identical slides utilizing the Al system. The Al
model autonomously detected and eliminated DCIS components by
Calponin staining and utilized image overlay techniques to remove
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Fig. 3. Representative Al models for BRCA status prediction. (A) Overview of a fully
automated Al algorithm for HER2 immunohistochemical scoring in BRCA. Repro-
duced with permission [17]. Copyright 2024, Wolters Kluwer Health. (B) Framework
of the Al detection for HER2 and myoepithelium. Reproduced with permission [14].
Copyright 2024, Springer Nature. (C) A multiresolution CNN architecture to detect
HRD from histopathologic tissue slides. Reproduced with permission [13]. Copyright
2024, Wolters Kluwer Health.

these components from the HER2-stained slides. This method en-
hanced the precision of HER2 scoring in invasive carcinoma tis-
sue (Fig. 3B). The technology markedly improved reading accuracy
(0.902 vs. 0.710) and decreased the misclassification of HER2 1+ as
HER2 0 (32/279 vs. 65/279), enabling patients to receive antibody-
drug conjugates (ADCs). It enhanced HER2 score consistency across
pathologists of varying experience levels (intra-class correlation co-
efficient (ICC): 0.872-0.926 vs. 0.818-0.908), particularly benefiting
those with less expertise (0.885 vs. 0.818). This indicates that Al
can mitigate discrepancies arising from subjective judgment dis-
parities among pathologists. Both research projects concentrate on
employing Al to improve the precision and uniformity of HER2
scoring. The initial research underscores Al as a completely auto-
mated instrument that enhances scoring precision and uniformity
while also emphasizing its extensive application in diverse labo-
ratory environments. The second research, conversely, emphasizes
the unique advantages of Al in enhancing scoring precision and
uniformity, especially in managing DCIS components and reducing
scoring disparities across various pathologists.

Similar challenges of diagnostic subjectivity arise in the evalu-
ation of pre-invasive lesions. For instance, DCIS risk stratification
relies heavily on histopathological interpretation. The prompt di-
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agnosis of BRCA poses a considerable therapeutic challenge, es-
pecially in the detection and treatment of DCIS. DCIS is a non-
invasive variant of BRCA that, although it seldom advances to inva-
sive cancer in the majority of instances [36], nonetheless presents
a risk of progression in some situations [29,36]. Accordingly, pre-
cise grading and risk evaluation of DCIS are essential for informing
treatment choices. Alaeikhanehshir et al. did a study to investigate
the use of DL in mammography for differentiating between low-
risk and high-risk DCIS [16], offering significant decision-making
assistance for patients under active monitoring. The researchers
utilized a U-Net-based CNN for this objective. U-Net is a prevalent
DL architecture utilized in medical picture segmentation [37]. Met-
rics, including the area under the ROC curve and predictive values,
which offer an objective assessment of the model’s capacity to dis-
tinguish between high-risk and low-risk DCIS, were used to assess
the classification performance. Two principal performance metrics,
the PPV and NPV, were employed to assess the model’s accuracy
in predicting high-risk and low-risk DCIS, respectively. The findings
indicated that when categorizing DCIS as high-risk, the DL network
attained a PPV of 0.40, an NPV of 0.91, and an AUC of 0.72 on
the test dataset. When differentiating high-risk and/or upgraded
DCIS from low-risk DCIS, the PPV rose to 0.80, the NPV to 0.84,
and the AUC to 0.76. This indicates that the CNN exhibited out-
standing accuracy in differentiating between low-grade and high-
grade DCIS. The U-Net-based CNN exhibited strong performance,
presumably owing to its encoder-decoder architecture, which fa-
cilitates the automated learning of high-level image characteris-
tics and their integration with low-level, high-resolution data via
skip connections, therefore producing high-resolution segmenta-
tion masks. This study’s CNN not only executed lesion segmen-
tation but also integrated an additional convolutional branch for
image-level classification, facilitating concurrent lesion segmenta-
tion and risk stratification. This dual function significantly im-
proved the model’s predictive performance. Thus, CNNs can func-
tion as essential instruments in the therapy of DCIS, augmenting
other clinical and pathological information to formulate individual-
ized treatment strategies for patients. Particularly in the context of
active monitoring, CNNs can assist doctors in more precisely eval-
uating DCIS risk, hence enhancing treatment decision-making.
Beyond morphological characterization, Al also enables
molecular-level stratification critical for precision therapy. A key
example is the prediction of HRD, which dictates targeted treat-
ment selection. In precision oncology [38], the identification of
HRD is essential for selecting therapeutic choices in BRCA. Patients
with HRD-positive BRCA may exhibit enhanced responsiveness
to platinum-based treatments and poly ADP-ribose polymerase
(PARP) inhibitors [39]. Conventional HRD detection approaches
based on molecular analysis are expensive, time-intensive, and
not widely accessible, impeding their wider application in clinical
practice and studies [40]. In order to overcome this drawback,
Bergstrom et al. created DeepHRD [13], a DL platform driven by
Al that can directly predict HRD status from standard tissue slides
stained with hematoxylin and eosin (H&E). This provides a more
effective and economical method of HRD detection. The platform
utilizes a poorly supervised CNN design that replicates the diag-
nostic processes of pathologists. It begins with initial predictions
at low magnification and thereafter autonomously identifies areas
of interest (ROIs) for enhanced examination at greater magnifica-
tion (Fig. 3C). The model was trained and validated with data from
1008 BRCA cases and 459 ovarian cancer cases sourced from The
Cancer Genome Atlas (TCGA) project. The researchers evaluated
the effectiveness of several models by employing ROC curves to
compute the AUC, utilizing non-parametric resampling to ascertain
confidence intervals, and applying Cox regression analysis to derive
hazard ratios. The DeepHRD model attained an AUC of 0.81 in the
TCGA BRCA dataset, a finding that was validated in two separate
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BRCA cohorts, yielding an AUC of 0.76. In a cohort of metastatic
BRCA patients undergoing treatment with platinum-based agents,
DeepHRD-predicted HRD cases exhibited markedly elevated com-
plete response rates, accompanied by a 3.7-fold enhancement in
median progression-free survival (PFS). DeepHRD found 1.8-3.1
times more HRD patients than conventional molecular detec-
tion approaches, who had platinum-specific PFS advantages in
metastatic BRCA. These data underscore that DeepHRD represents
both a technological advancement and significant therapeutic
merit. It offers a cost-effective and swift HRD detection instru-
ment, particularly advantageous in resource-constrained contexts,
and delivers essential assistance for clinical decision-making in
well-resourced healthcare settings, encompassing treatment plan-
ning, alternative therapeutic strategies, and patient recruitment
and stratification in clinical trials.

The nottingham histologic hrade (NHG) is a recognized prog-
nostic indicator in BRCA pathology [41,42]. Its grading is con-
strained, nevertheless, by the considerable variation among asses-
sors, particularly when it comes to tumors categorized as interme-
diate grade NHG2. Its relevance in informing clinical treatment de-
cisions, especially for NHG2 malignancies, is thus restricted [43-
46]. Using DL algorithms based on digital whole-slide pictures,
Boissin et al. created a unique preoperative breast biopsy risk clas-
sification methodology to solve this difficulty [15]. Their objective
was to improve the precision of tumor grading and offer more de-
pendable assistance for early treatment decisions. The researchers
employed a deep CNN model named DeepGrade, which has been
previously validated for risk assessment in excised tumor speci-
mens. This work involved training the DeepGrade model to dif-
ferentiate between low-risk (NHG1) and high-risk (NHG3) cancers
[47], with its performance evaluated against clinical NHG grades.
The assessment encompassed metrics like AUC, Cohen’s kappa co-
efficient (which quantifies consistency), sensitivity, and specificity.
AUC values nearing 1 signify superior discriminating capability,
whilst the kappa coefficient denotes the concordance between the
model’s predictions and the actual pathology grades. The findings
demonstrated that DeepGrade attained a notable AUC of 0.908 in
forecasting NHG1 and NHG3 grades in excised tumors, signifying
robust prediction accuracy. The algorithm could also further cat-
egorize tumors that doctors have categorized as NHG2 into two
groups: low-risk (DeepGrade-low) and high-risk (DeepGrade-high).
Within NHG2 tumors, 65 % were categorized as DeepGrade-low
and 35 % as DeepGrade-high. This is especially important for ER-
positive/HER2-negative patients, since those with high-risk malig-
nancies (NHG3) typically get both chemotherapy and endocrine
therapy, but those with low-risk tumors (NHG1) may forgo super-
fluous therapies. The DeepGrade model demonstrated exceptional
performance, with its predictions strongly aligning with patholo-
gists’ assignments of NHG grades to excised tumor samples, re-
sulting in a kappa value of 0.65, signifying considerable agreement.
On the contrary, conventional pathologist grading of biopsy spec-
imens exhibited just 32 % consistency. The DeepGrade model also
showed independent prognostic value. Upon controlling for age us-
ing a multivariate Cox regression model, the recurrence-free sur-
vival (RFS) rate for the DeepGrade-high cohort was markedly in-
ferior to that of the DeepGrade-low cohort. This discovery indi-
cates that DeepGrade enhances tumor grading precision and facili-
tates early decision-making in clinical practice, potentially mitigat-
ing both overtreatment and undertreatment.

2.2. Prediction of tumor metastasis

Metastasis of BRCA continues to be a primary contributor to its
elevated death rate [48]. Despite advancements in early identifi-
cation and therapy, metastatic BRCA remains incurable due to its
resistance to almost all existing medications, with the majority of
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treatments being palliative rather than curative [49]. Conventional
predictive approaches, including histological grading and lymph
node status, exhibit restricted accuracy in forecasting metastasis
and do not completely align with clinical manifestations [50-52].
The implementation of Al may mitigate these constraints. A RSF
model was created by Li and associates in order to improve the
precision of forecasting the likelihood of BRCA metastases [25].
RSF is an ML methodology that integrates RF with survival anal-
ysis. It is not limited by data distribution and is particularly ef-
fective for evaluating datasets in which the number of samples
is significantly fewer than the number of variables [53]. The au-
thors utilized recursive feature elimination (RF-RFE) to determine
the most pertinent predictive factors in their investigation. This
technique identifies the elements that most substantially influ-
ence prediction accuracy by computing variable importance (VIMP)
scores. A variety of assessment indicators were employed to as-
sess the model’s prediction efficacy. The assessment encompassed
the area under the receiver operating characteristic curve (AUROC)
and Kaplan-Meier survival analysis for prediction accuracy, the C-
index for evaluating the model’s discriminating capacity, and the
Brier score for measuring its calibration ability. Collectively, these
measures constitute a thorough evaluation framework for assess-
ing model performance. The findings indicated that the prediction
model, derived from three principal variables discovered using RSF
and RF-RFE (pathological stage, aspartate aminotransferase levels,
and neutrophil count), exhibited significant reliability and stabil-
ity in both the training and validation datasets. The AUROC val-
ues were 0.932 and 0.905, the Kaplan-Meier survival analysis in-
dicated P <0.0001, the C-index was 0.959, and the Brier score was
0.097, affirming the model’s robust prediction capability. The RSF
model showed remarkable efficacy in predicting BRCA metastasis
by utilizing standard clinical data and examination measures, ow-
ing to its capacity to manage high-dimensional data while prevent-
ing overfitting [54-56].

The sentinel lymph node (SLN) biopsy is the conventional sur-
gical method for identifying lymph node metastasis. The SLN is
the initial lymph node to which cancer cells disseminate from
the original tumor [57], and its status is vital for evaluating the
prognosis of BRCA patients and informing treatment strategies.
Traditional SLN biopsy, on the other hand, is an intrusive oper-
ation that greatly depends on the expertise and experience of
the surgeon and involves the risk of consequences, including lym-
phedema [58-60]. Meanwhile, SLN biopsy still has a certain false-
negative rate (FNR), even for patients who had systemic therapy
before surgery [61-63]. It follows that precise prediction of SLN
metastases would allow physicians to formulate more individu-
alized treatment strategies, reduce superfluous invasive interven-
tions, and improve the patient’s treatment experience and overall
prognosis. In this regard, Shahriarirad et al. created a non-invasive
prediction model using the TabNet architecture [24]. Using an at-
tention transformer module in conjunction with sparse feature se-
lection techniques, this end-to-end DL system analyzed multidi-
mensional preoperative data of patients with BRCA, including de-
mographic data, pregnancy-related parameters, laboratory results,
and tumor characteristics [64]. In key performance parameters, the
model showed notable gains over conventional LR models: accu-
racy (75 % vs. 70 %), sensitivity (87 % vs. 79 %), specificity (70 %
vs. 65 %), and AUC (0.74 vs. 0.70). The most significant predic-
tive factors were vascular invasion (key weight), tumor size, biopsy
pathology, age, and family history, according to the model’s in-
terpretability mechanism. The heatmap produced by sparse atten-
tion illustrated the nonlinear relationships among these features.
In contrast to the LR model, which mainly concentrated on lin-
ear variables like the age at first pregnancy and PR hormone re-
ceptor status, TabNet was more adept at detecting intricate rela-
tionships like family history and significant pathological outcomes.
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Interestingly, the model’s statistical improvement in AUC and 8 %
absolute increase in sensitivity indicate that it may provide more
trustworthy support for clinical decision-making, especially in low-
ering the possibility of false negatives for patients who need de-
layed examinations or have biopsy contraindications. The efficacy
of Al-driven forecasts relies on several interrelated elements. A DL
system [20], utilizing the ResNet50 architecture pre-trained on Im-
ageNet, was employed to evaluate H&E-stained tissue pictures from
BRCA patients to predict SLN status in the intergroup sentinel node
meta-analysis (INSEMA) study, which predominantly focused on
tubular subtypes of primary BRCA. Despite the model’s superior
performance on the Mannheim external validation set, it did not
demonstrate significantly improved outcomes compared to random
chance on the retained test set from INSEMA. Also, its performance
on external datasets from TCGA and Regensburg was equivalent to
random chance. Clinical classifiers, such as Ki-67 and tumor size,
had strong efficacy in the Mannheim cohort but exhibited dimin-
ished performance in the INSEMA test set (0.6056) and the Re-
gensburg cohort (0.6238). Integrating outputs from the image anal-
ysis model into LR did not enhance performance on the INSEMA
test set. These results highlight several influencing factors, includ-
ing dataset limitations, model generalization ability, the relevance
of image features to lymph node status, technical aspects, model
selection, integration of clinical parameters, study design blind-
ing, statistical methods, and performance metrics. This highlights
the intricate complexities and factors involved in implementing DL
methods in healthcare decision-making.

Axillary lymph node dissection (ALND) is a conventional op-
eration in the treatment of BRCA. This procedure may result in
consequences including lymphedema, strange feelings, and limited
arm motion [65-68]. Thus, avoiding unneeded axillary procedures
for individuals who are unlikely to benefit from them and lower-
ing surgical consequences can be achieved with a precise evalua-
tion of the axillary lymph node (ALN) burden before surgery. Ul-
trasound, mammography, and MRI are the three principal imaging
modalities for identifying BRCA. They depend on the physical dis-
tinctions between malignant and benign breast tissue [69]. Mam-
mography is the gold standard for cancer screening; nevertheless,
it has limits in evaluating ALN status, especially in women with
thick breast tissue, where its sensitivity is significantly diminished
[70]. MRI has superior sensitivity and specificity for BRCA detec-
tion; nevertheless, certain individuals may be unable to undergo
the procedure due to factors such as implanted devices, body size,
renal insufficiency, or claustrophobia. Ultrasound is beneficial be-
cause of its convenience, absence of radiation, cost-effectiveness,
and non-invasive nature [71]. Nonetheless, its clinical efficacy is
constrained by an elevated false positive rate attributable to dis-
crepancies among operators. Alternative screening techniques are
therefore required. BSGI is an innovative molecular imaging modal-
ity capable of identifying BRCA at sub-centimeter dimensions and
across diverse tissue densities, with a sensitivity reported between
90 % and 96 % [72,73]. BSGI entails the administration of a ra-
dioactive tracer (e.g., technetium-99 m selenoprotein) and the uti-
lization of a specialized camera to obtain pictures of the breast
[74]. This approach distinguishes tumor cells from normal cells
based on their biological activity for the diagnosis of BRCA. BSGI
demonstrates high specificity in the diagnosis of ALN metastases
[75]. Given this context, research by Cai et al. used ML techniques
to create a model that could predict ALN metastasis by combin-
ing ultrasound characteristics and BSGI traits [23]. The goal was
to give more precise treatment choices in clinical practice. The
research utilized six distinct ML algorithms: Generalized linear
model (GLM), RF, SVM, neural network (NNET), gradient boosting
machine (GBM), and XGBoost, employing recursive feature elim-
ination (RFE) to identify the most predictive variables. The find-
ings indicated that the SVM model exhibited superior predictive
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performance in the test set, achieving an AUC of 0.794, sensitivity
of 0.641, specificity of 0.8, PPV of 0.676, NPV of 0.774, and accu-
racy of 0.737. The measurements validated the superiority of the
SVM model in predicting ALN metastasis, particularly in differen-
tiating between metastatic and non-metastatic patients with high
precision. This may be ascribed to the SVM'’s capacity to manage
high-dimensional data and non-linear associations. By determin-
ing the ideal hyperplane, SVM provides superior generalization in
feature space. This model has considerable clinical potential, of-
fering non-invasive predictions with accuracy akin to conventional
surgery, which has critical implications for enhancing individual-
ized and minimally IBC treatment.

NAT denotes a supplementary treatment administered prior to
primary interventions such as surgery or radiation. For patients
with clinically positive ALNs (cN+), NAT has emerged as a piv-
otal therapeutic strategy [76-78]. The primary aim of NAT is to
reduce tumor size and decrease staging before surgery, allowing
patients who were previously ineligible for the treatment to quali-
fyand thereby enhancing the probability of surgical success [79,80].
NAT also enables physicians to evaluate tumor responses to ther-
apy. A pathological full lymph node response (ypNO) is charac-
terized by the complete absence of residual tumors in the ALNs
after NAT, serving as a vital metric for assessing treatment effi-
cacy and informing subsequent therapeutic approaches. The ypNO
rate following NAT fluctuates significantly, indicating that several
individuals may not necessitate ALND [81-83]. As a consequence,
precisely forecasting which individuals are predisposed to getting
ypNO following NAT is crucial for circumventing superfluous ALND
and enhancing therapeutic strategies. Using DL and radiomics, Yu
et al. suggested that dynamic contrast-enhanced magnetic reso-
nance imaging (DCE-MRI) scans performed at various stages of
therapy may yield nuanced [22], quantitative data. This method
seeks to enhance the precision of predicting the probability of at-
taining ypNO. The research included ML techniques like LightGBM,
SVM, RF, and multilayer perceptron (MLP) to construct risk models
(Fig. 4A), which were assessed by 10-fold cross-validation. Among
the patients, 61 (38.13 %) attained ypNO following NAT. The "data
fusion" model utilizing SVM had superior performance among the
other models, achieving an AUC of 0.986 (95 % combination in-
dex (CI): 0.954-1.000), far surpassing the others. This model amal-
gamates radiomics, DL attributes, and clinical data, with its ro-
bust prediction capability presumably deriving from its capacity
to synthesize diverse data types, providing a more holistic per-
spective on the tumor’s biological activity and treatment response.
This model offers a precise and dynamic approach for evaluating
ALN in BRCA care, facilitating individualized treatment regimens.
In another work, Zhu et al. created a multi-factor Al model to as-
sist in evaluating the response of ALN in patients with BRCA fol-
lowing neoadjuvant chemotherapy (NAC) (Fig. 4B) [21]. The study’s
ML stacking model integrated longitudinal radiomics information
with significant clinical and surgical aspects, establishing a holistic,
Al-enhanced surgical workflow. The stacking model showed excep-
tional efficacy in identifying ALN metastases, achieving an AUC of
0.958 in the original cohort, 0.881 in the external validation cohort,
and 0.882 in the prospective cohort. In contrast to single-modal
models, the stacking model’s incorporation of radiomics character-
istics from various time periods and locations enabled a more com-
prehensive depiction of the tumor and lymph nodes’ response to
NAC. The findings demonstrated that the Al-assisted surgical ap-
proach markedly decreased the FNR in clinical practice, reducing
it from 14.88 % with SLN biopsy alone to 4.13 % with Al-assisted
surgery. The false negative rate fell significantly when more than
two SLNs were excised. The findings indicate that Al-assisted sur-
gical techniques can serve as helpful instruments for assessing ALN
response post-NAC, hence reducing needless ALND operations and
bearing significant therapeutic consequences.
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2.3. Prediction of cancer recurrence risk

Ten to fifteen percent of individuals with BRCA are predicted
to have a recurrence within five years of their diagnosis [84]. At
the moment, clinical guidelines support MammaPrint (a 70-gene
assay) and Oncotype DX (a 21-gene assay) for predicting the risk
of recurrence [52,85]. Both of these tests are important for de-
ciding on treatment options [86], such as whether chemotherapy
is needed. But these techniques possess certain limitations. Their
elevated cost restricts their extensive utilization. Oncotype DX is
most helpful for patients with hormone receptor-positive, HER2-
negative, and lymph node-negative BRCA, whereas its prognostic
value diminishes for other subtypes, including HER2-positive or
TNBCs. MammaPrint necessitates sophisticated laboratory appara-
tus and proficient specialists, imposing stringent requirements on
both the testing environment and human credentials. Advance-
ments in Al present a significant opportunity for creating more
universally applicable and cost-efficient systems that may reliably
forecast recurrence, thereby enhancing patient outcomes.

Yu et al’s study looked at the association between MRI char-
acteristics and long non-coding RNAs (IncRNAs) and used DL ra-
diomics to predict RFS in patients with BRCA based on MRI data
[26]. This research introduced a model called Radiomic DeepSurv
Net (RDeepNet) (Fig. 5A), which utilizes the DeepSurv deep neu-
ral network (DNN) and Cox proportional hazards to forecast the
recurrence risk for individual patients. The RDeepNet model’s orig-
inality is in its capacity to amalgamate radiomic information from
the tumor and adjacent tissue, together with data from contrast-
enhanced T1-weighted imaging (T1+ C) and T2-weighted imaging

(T2WI) sequences. The research examined data from 1113 individ-
uals with non-metastatic IBC, categorized into training, validation,
and test cohorts. RNA sequencing was conducted to examine the
relationship between radiomic characteristics and the tumor mi-
croenvironment (TME). In the training cohort, RDeepNet demon-
strated exceptional prediction accuracy, with AUC of 0.98, 0.94, and
0.92 for 1-, 2-, and 3-year RFS, respectively. Survival analysis was
conducted utilizing the Kaplan-Meier technique and log-rank test,
while HR and 95 % CI were computed by Cox regression, there-
fore validating the model’s strong predictive efficacy. The model
exhibited robust generalization across diverse molecular subtypes
and patient cohorts undergoing varied therapies, indicating that
RDeepNet had extensive clinical application. This signifies that the
approach is applicable to a diverse array of BRCA patients, provid-
ing individualized forecasts of recurrence risk. Additionally, it high-
lights how radiomics may be used to non-invasively measure IncR-
NAs, providing a fresh viewpoint for therapy choices.

In multicenter research, Han et al. investigated the utilization
of DL in medical image analysis by integrating ultrasound (US) and
mammography (MG) pictures with clinical data to enhance predic-
tion accuracy [27]. The research employed a ResNet50-based deep
learning model (DLM) (Fig. 5B), including distinct models for US
(US DLM), MG (MG DLM), and a unified model (US+MG DLM). A
clinical model and an integrated model were also created, the lat-
ter of which combined the US+ MG DLM with independent prog-
nostic variables. The combined model attained an AUC of 0.882
in the training set and 0.739 in the test set, demonstrating ro-
bust predictive efficacy. The efficacy of this model is ascribed to its
amalgamation of US and MG images, in conjunction with patho-
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logical, clinical, and radiological data, which may elucidate its en-
hanced predictive capacity relative to single-modality models. The
US +MG DLM surpassed the individual US DLM and MG DLM in
both training and test cohorts, indicating that the integration of
multimodal imaging data improves the model’s predictive capabil-
ity.

By precisely measuring lymphovascular invasion (LVI) prior to
surgery, Xu et al. aimed to improve the prognosis of IBC [28]. LVI
is a critical component in the metastatic progression of IBC [87,88],
and its presence elevates the likelihood of ALN metastases and
tumor recurrence in IBC patients [89-91]. The study created and
validated a ML model that incorporates clinical and MRI variables
to assess the preoperative LVI status and examines its correlation
with DFS. The researchers utilized many ML methods, such as LR,
XGBoost, k-nearest neighbors (KNN), and SVM, integrating clini-
cal and MRI data to construct the models. The findings demon-
strated that the XGBoost-based model surpassed the others in both
training and validation datasets, attaining AUC values of 0.832 and
0.838, respectively. The LVI score produced by the XGBoost model
was identified as an independent predictor of DFS (adjusted HR:
2.66). This validated the enhanced predictive capability of the XG-
Boost model, presumably attributable to its ensemble structure
based on DT, which integrates supplementary regularization tech-
niques to control model complexity and avert overfitting, resulting
in improved accuracy during initial training. The XGBoost model’s
predictions demonstrated that a high LVI score is strongly linked to
shorter DFS, suggesting that the presence of LVI corresponds with

a worse prognosis in IBC patients. In addition to offering more
proof of the link between prognosis and LVI, the study emphasizes
the XGBoost model’s possible therapeutic utility in predicting out-
comes and evaluating LVI prior to surgery in IBC patients. This ML
technique enables doctors to assess a patient’s LVI condition with
more precision, facilitating more tailored treatment regimens.

3. Utilization of Al in treatment plan selection

The stratification of recurrence risk by Al models, as detailed
in Section 2.3, provides the critical foundation for personalized
therapeutic decision-making. Patients identified as high-risk typ-
ically require more intensive interventions, whereas low-risk co-
horts may benefit from de-escalated therapies to minimize un-
necessary toxicity. Building upon these predictive insights, Al sys-
tems now extend their utility to optimizing treatment selection
through three capabilities: Forecasting therapeutic responses prior
to intervention, dynamically evaluating treatment efficacy during
clinical course, and identifying optimal therapeutic combinations.
This shift from risk prediction to intervention optimization repre-
sents a cornerstone of precision oncology in BRCA management.
Table S2 (Supporting information) summarizes the rapidly evolv-
ing landscape of Al applications in this domain. In neoadjuvant
therapy, conventional prediction methods predominantly depend
on single-modality imaging evaluations, including morphological
characteristics observed in ultrasound or mammography, or a re-
stricted array of clinical-pathological factors, such as hormone re-
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ceptor status and tumor grading. These techniques have obvious
drawbacks, such as fragmented modality information, poor dy-
namic change capture, and a limited ability to assess the hetero-
geneity of the tumor microenvironment. These issues have been
greatly resolved by Al algorithms that integrate multi-modal in-
put and extract characteristics in great detail. Using end-to-end
DL architectures, Al integrates data from several modalities to find
non-linear correlations in complicated datasets [8,92]. The abil-
ity of Al models to identify early markers of treatment response
from time-series data, enables predictions of treatment success be-
fore or soon after the start of treatment, offering a crucial win-
dow for dynamic therapy modifications. Additionally, by employ-
ing explainable methods (such as feature contribution analysis and
attention processes), Al helps physicians comprehend the reason-
ing behind model decisions by revealing the biological significance
of important predictive features. In contrast, such mechanistic in-
sights are difficult to uncover using standard approaches that rely
on human feature engineering. Aside from improving prediction
accuracy, these advantages allow Al to change the paradigm from
population-based treatment to individualized dynamic decision-
making. The Al-driven LightGBM ML model, created by Li et al.
[93], employs a blend of preprocessed and first-contrast-enhanced
T1-weighted imaging (T1WI) radiomic characteristics (Fig. 6A). This
model has outstanding efficacy in predicting pathological complete
response (pCR) after neoadjuvant treatment for BRCA, with an AUC
of 0.823, an accuracy of 74.0 %, a sensitivity of 85.0 %, and a
specificity of 67.2 %. LightGBM is esteemed for its superior accu-
racy, stability, and capacity to manage extensive datasets, in addi-
tion to its rapid training capabilities. The non-invasive early predic-
tion of pCR can aid doctors in refining treatment strategies, mini-
mizing needless medication toxicity, and averting disease progres-
sion. Other clinical scenarios, such as forecasting pCR, analyzing
patient reactions to various therapies, and evaluating therapeutic
results, also use Al models. The amalgamation of several imaging
modalities, such as MRI, ultrasound, and digital breast tomosyn-
thesis (DBT), with Al has significantly improved predicted accuracy.
Certain models can predict treatment-related toxicities, facilitating
the identification of patients most suited for certain medicines. In
the optimization of treatment strategies, DL algorithms are em-
ployed in high-dose-rate brachytherapy to forecast dosage distri-
bution, thereby improving the efficiency and accuracy of dose com-
putation. Multi-task DL models may be utilized to customize radia-
tion therapy programs for specific patients in partial breast irradia-
tion. ML and DL models are essential in enhancing several facets of
radiotherapy, such as post-operative intensity-modulated radiation
treatment (IMRT), automated segmentation, quality assurance (QA)
predictions, and clinical surface-guided radiation therapy. Also, DL
is progressively utilized in breast-conserving surgery for functions
like tumor segmentation, surgical navigation, margin evaluation,
and surgical planning, all of which enhance surgical precision and
success rates.

3.1. Forecasting and assessment of treatment efficacy

Al models demonstrate significant scalability and are utilized
across multiple areas of neoadjuvant therapies, such as NAC, radio-
therapy, systemic therapy, and targeted therapies. Analysis of ex-
tensive clinical, imaging, and genetic data from BRCA patients en-
ables Al models to identify patterns and features associated with
treatment response and effectiveness. This facilitates the timely
prediction of treatment outcomes and precise evaluations of thera-
peutic efficacy. This document will classify Al models into distinct
categories according to their data sources.

Al models employing the RF algorithm have demonstrated the
ability to predict pCR in HER2-positive BRCA patients within the
framework of NAC by examining their clinical characteristics [97].
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These models identify critical clinical parameters, including estro-
gen receptor (ER) status, progesterone receptor (Pgr) status, and
HER2 scores, that are significantly correlated with pCR, demon-
strating adequate predictive performance (AUC of 73.27 % and ac-
curacy of 71.67 %). Relying solely on clinical characteristics is inad-
equate for developing a clinically effective decision support system.

The integration of Al with medical imaging technology presents
considerable potential. Recent studies indicate that MRI-based ra-
diomics, in conjunction with Al, can effectively predict the efficacy
of NAC. Multimodal MRI radiomic models extract features from
various MRI sequences, such as T1-weighted imaging, T2-weighted
imaging, and dynamic contrast-enhanced MRI (DCE-MRI), to obtain
a comprehensive understanding of tumor characteristics (Fig. 6B)
[94]. In contrast, multi-region MRI radiomic models emphasize fea-
tures derived from various tumor regions, including the tumor in-
terior, adjacent tissue, and background parenchymal enhancement
(BPE) areas (Fig. 6C). These models examine the impact of the TME
on the response to NAC, focusing specifically on the BPE region,
which may be associated with tumor growth and metastasis [95].
Integrating features from various regions enhances the comprehen-
sion of the tumor’s biological characteristics. An Al system that in-
tegrates multi-region DCE-MRI and clinical pathological data (Fully
automated integrated system based on deep learning, FAIS-DL) in-
corporates multi-region DCE-MRI features alongside critical clinical
factors, including tumor size, lymph node status, and hormone re-
ceptor status. This system employs DL methods to autonomously
segment the tumor and lymph nodes (Fig. 6D) and forecasts ax-
illary pCR [96]. In the pooled external and prospective test sets,
the FAIS-DL decreased the unnecessary axillary lymph node dis-
section rate from 479 % to 6.8 %, and increased the benefit rate
from 52.2 % to 86.5 %. FAIS-DL is anticipated to provide enhanced
predictive accuracy for pCR when compared to the prior two mod-
els, owing to its comprehensive methodology. The integration of
multi-region DCE-MRI features with clinical pathological informa-
tion provides a comprehensive understanding of the tumor’s bio-
logical characteristics. DL significantly enhances the model’s capac-
ity to identify intricate patterns, thereby improving prediction ac-
curacy. The automation offered by FAIS-DL diminishes human bias
and enhances its applicability in clinical environments.

Ultrasound imaging offers real-time two-dimensional or three-
dimensional visualizations and can be integrated with techniques
such as elastography to evaluate tumor stiffness and morphol-
ogy. Ultrasound images, when integrated with Al algorithms
for comprehensive analysis, can facilitate accurate predictions of
chemotherapy response. Falou et al’s work used transfer learn-
ing to predict how locally advanced breast cancer (LABC) will
react to NAC before treatment by using quantitative ultrasound
(QUS) imaging [98]. The research utilized the ResNet DL archi-
tecture to extract features from parametric QUS images, employ-
ing SelectKBest and SMOTE techniques for feature selection and
data balancing. The SVM algorithm was utilized to categorize pa-
tients as non-responders (NR) or responders (RR). The model ex-
hibited notable performance on an unseen test set, particularly
with spectral slope parameter maps, achieving an accuracy of
100 %, a recall of 71 %, an F1 score of 83 %, and a balanced ac-
curacy of 86 %. In a different research project, Gu et al. created
two multimodal ultrasound DL models based on Densenet121 net-
works [99], DL_Clinical_PCR and DL_Clinical_resistance, to predict
pCR and resistance to NAC, respectively. The models integrated
grayscale two-dimensional ultrasound, elastography, and essential
clinical-pathological data, including ER, HER2, and tumor volume.
DL_Clinical_resistance demonstrated an AUC of 0.911 and a sen-
sitivity of 0.905 in the test cohort. In contrast, DL_Clinical_PCR
exhibited an AUC of 0.880, with sensitivity and NPV recorded
at 0.875 and 0.895, respectively. The integration of both mod-
els in the study identified 37.1 % of patients with resistance and
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25.7 % with pCR, indicating that these patients may benefit from
early modifications to treatment plans or organ-preserving strate-
gies following NAC. These studies indicate that the QUS model
predominantly forecasts NR to NAC, while the multimodal ultra-
sound model predicts both resistance and PCR outcomes. The mul-
timodal ultrasound model potentially provides enhanced predic-
tive performance for NAC responses by integrating grayscale ul-
trasound and elastography, thereby offering a more comprehen-
sive array of tumor characteristics [100], which improves predic-
tion accuracy. Incorporating essential clinical-pathological informa-
tion into the final fully connected layer likely enhances the multi-
modal ultrasound model’s capacity to address tumor heterogene-
ity [101], thereby improving prediction accuracy. The Densenet121
network enhances feature transmission efficiency via dense con-
nections, potentially facilitating more effective learning and im-
proved generalization of the model. When selecting the opti-
mal model for real-world applications, it is essential to consider
factors such as data availability, computational cost, and clinical
feasibility.
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Conventional DBT imaging, when combined with Al models, has
considerable potential for forecasting pCR in BRCA patients receiv-
ing NAC. In an innovative work by Fornvik et al. [102], DL method-
ologies were utilized on continuous DBT photos. This study as-
sessed DBT pictures both before NAC and after two and six cy-
cles of chemotherapy, offering a full assessment of the tumor’s re-
sponse throughout time. The Al model employed a 3D ResNet as
the foundational network for feature extraction and included ad-
vanced attention and prediction modules [103], allowing the ma-
chine to concentrate more efficiently on essential elements within
the pictures. This method achieved a strong predictive performance
on the test set, evidenced by an AUC of 0.83. The study utilized
GradCAM to provide a visual elucidation of the model’s decision-
making process, hence augmenting the transparency and reliabil-
ity of Al in medical applications [104,105]. Xing et al. concentrated
on the under-researched ER+/HER2- BRCA subtype [106], which
is treated with NAC. They devised a DL model utilizing contrast-
enhanced spectral mammography (CESM) and integrated it with
clinical and pathological characteristics to formulate a nomogram
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for predicting NAC response, therefore enhancing the clinical use-
fulness and interpretability of the findings. ER+/HER2- BRCA fre-
quently encounters treatment resistance challenges, including re-
sistance to CDK4/6 inhibitors due to Rb loss or ESR1 mutations.
A recent review summarized advancements in combination thera-
pies for ER-positive BRCA, highlighting that the cross-talk between
ER and pathways such as phosphatidylinositol 3-kinase/protein Kki-
nase b/mammalian target of rapamycin (PI3K/AKT/mTOR) and His-
tone Deacetylase (HDAC) plays a pivotal role in resistance develop-
ment. Furthermore, multi-target combination strategies (e.g., com-
bining Selective Estrogen Receptor Degraders (SERDs) with HDAC
inhibitors) have shown promise in delaying resistance. This clinical
need underscores the potential of Al models to predict resistance
risks and optimize combination therapy plans through the integra-
tion of multi-omics data [30].

The promise of Al also encompasses the examination of dig-
ital pathological pictures. A unique, multi-layered, self-attention-
guided DL framework has been created to interpret digital pathol-
ogy pictures from preoperative tumor samples, facilitating early
prediction of treatment response [107]. This structure incorporates
processing modules at three tiers: Local, tumor, and patient. It
integrates convolutional layers with self-attention processes, en-
abling the model to proficiently assess both local characteristics
and global relationships in pathological pictures. The layered pro-
cessing technique effectively tackles the issue of training DL mod-
els on high-resolution whole-slide images (WSIs) that are often
limited by memory constraints. PROACTING, a DL-based computa-
tional biomarker created by Aswolinskiy et al. [108], forecasts reac-
tions to NAC by examining standard H&E-stained pathology slides.
The innovation resides in its capacity to discern critical elements
within the TME, including tumor cells, lymphocytes, and stroma,
while quantifying biomarkers linked to pCR, such as lymphocyte-
to-tumor ratio (LTR), the ratio of inflammatory tumor to total tu-
mor volume (ITR), tumor-infiltrating lymphocyte score (cTILs), and
mitotic rate. This model has demonstrated potential in predicting
pCR across many datasets, with AUC values between 0.66 and 0.88.
This indicates that Al may diminish overtreatment, enhance treat-
ment techniques, and augment the capacity to identify individuals
likely to react to chemotherapy in clinical environments.

Within the framework of neoadjuvant radiation (NART), the Su-
perTIL model [109], which incorporates DL analyses at cellular and
tissue levels, has demonstrated significant concordance with man-
ual assessments. Through a longitudinal analysis of tumor samples
from patients with BRCA in the PRADA and Neo-RT clinical trials,
the research team found that the SuperTIL score closely matched
the pathologists’ manual evaluation of stromal tumor-infiltrating
lymphocytes (sTILs) (P < 0.0001). SuperTIL's predictive performance
(AUC=0.79) was comparable to manual scoring (AUC=0.79) in
predicting pCR, and its combined model (AUC = 0.80) significantly
improved prediction accuracy. Moreover, SuperTIL demonstrated
superior efficacy in differentiating between high- and low- sTIL
groups. Other cellular-level scores, such as cTIL, were more im-
pacted by changes in threshold values than their tissue region-
based lymphocyte density score, which measures the proportion
of lymphocytes in the stroma to the stromal area. As a result, the
SuperTIL model has great potential for application in clinical prac-
tice and not only validates the clinical usefulness of manual scor-
ing but also provides new technological assistance for planning
clinical trials that combine immunotherapy and radiotherapy, es-
pecially in terms of improving patient stratification and efficacy
prediction.

The balanced individual treatment effect for survival (BITES)
data model [110]is a semi-parametric survival regression DL model
developed for neoadjuvant systemic treatment (NST) [110,111].
Through the equilibrium of treatment group distributions and the
utilization of shared and risk networks to compute individualized
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treatment effects [112], statistically significant protective outcomes
have been evidenced, including a reduction in BRCA mortality
and an extension of patient survival exceeding 21 months, follow-
ing adjustments for baseline characteristics via inverse probability
treatment weighting (IPTW). This model demonstrates the capa-
bilities of DL in customized medicine and provides accurate clin-
ical treatment recommendations, enhancing individualized medi-
cal strategies for BRCA patients. On the basis of nonlinear mixed-
effects modeling and ML algorithms, research has created a predic-
tive model that quantifies differences in animal survival rates and
metastatic dynamics and finds important biomarkers for predicting
metastatic potential [113]. This model replicates the inhibition of
primary tumor development and the prevention of postoperative
metastatic progression by neoadjuvant receptor tyrosine kinase in-
hibitor therapies, serving as a tool for improving NAT planning and
predicting treatment results.

Al has proven to be highly effective in predicting treatment
outcomes and assessing therapeutic benefits outside of NAT. A ra-
diomics feature model utilizing ML can forecast the TME pheno-
type and the response to immunotherapy in BRCA patients by eval-
uating DCE-MRI and RNA sequencing data [114]. The BITES model
innovatively integrates meta-learning and latent representation-
balanced causal inference strategies [111], providing personalized
adjuvant chemotherapy recommendations and accurately predict-
ing treatment outcomes for elderly BRCA patients while also iden-
tifying treatment heterogeneity [115]. Moreover, combining ML
with urban features has enhanced the model’s applicability across
different populations [116]. A DL algorithm, DeepTEPP [117], uti-
lizing preoperative breast MRI, may non-invasively forecast the re-
sponse of HER2-positive BRCA patients to anti-HER2 therapy, hence
assisting in the customization of treatment strategies. A novel ML
prognostic model centered on palmitoylation-related genes uti-
lizes the "limma" package to identify differentially expressed genes
[118,119], the "WGCNA" package for creating gene networks, and
least absolute shrinkage and selection operator (LASSO) Cox regres-
sion to develop a prognostic model [120,121]. This model, in con-
junction with the "regplot" software [122], generates a nomogram
for forecasting patient survival and their reactions to chemother-
apy and immunotherapy. Not only can CTRGPS, a predictive signa-
ture based on genes associated with CD8* T cells [123], increase
the precision of early diagnosis and therapy for BRCA, but it also
reveals TTK protein kinase (TTK) as a potential target for treat-
ment. Utilizing bioinformatics and ML to find biomarkers linked to
CD8* T cells in order to forecast clinical outcomes and treatment
responses in patients with BRCA [124], one study demonstrated
the crucial role that CD8* T cells play in slowing the growth of
BRCA. An Al model employing adaptive LASSO algorithms may use
metabolomics to forecast probable neuro- and metabolic toxici-
ties post-BRCA therapy [125], assisting physicians in formulating
more effective treatment strategies and reducing unwanted toxic
consequences. In early-stage BRCA patients receiving accelerated
partial breast irradiation (APBI), a multivariable LR model can as-
sist doctors in identifying individuals most likely to benefit from
OART [126], hence improving treatment allocation prior to the
commencement of therapy.

3.2. Enhancement of therapeutic approach

Conventional clinical methodologies depend heavily on average
data from populations, which frequently neglect the need for in-
dividualized care. The use of Al technology in BRCA therapy is
becoming an essential instrument for enhancing therapeutic tac-
tics. High-dose-rate (HDR) brachytherapy is a radiation method
in which a highly radioactive source, usually iridium-192, is tem-
porarily implanted into the patient’s body to directly irradiate the
tumor [127]. This approach is regarded as an efficacious localized
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therapy, as it administers a concentrated radiation dosage directly
to the malignant cells. The precision of dose estimation in HDR
brachytherapy is crucial for both effective treatment and the reduc-
tion of inadvertent harm to adjacent healthy tissue. Conventional
dose estimation approaches, such as the TG-43 formula [128], ne-
glect the impact of tissue heterogeneity in patients. Conversely, the
monte carlo (MC) simulation rectifies these deficiencies by pro-
viding more accurate dosage distributions [129]. Despite this, MC
simulations are computationally demanding and time-consuming
[129], accordingly restricting their practical application in clinical
environments. Quetin and colleagues investigated the application
of DL methodologies to forecast high-resolution dose distributions
for HDR brachytherapy in BRCA treatment [130]. They evaluated
two models: 3D U-Net and the combining network (C-Net). The
3D U-Net, employed as a baseline model, forecasts dosage maps by
extracting characteristics via downsampling and upsampling layers.
Simultaneously, C-Net employs two distinct CNNs to encode indi-
vidual input characteristics, which are subsequently amalgamated
to produce a cohesive output volume. The U-Net-D5 model ex-
celled at predicting voxel doses; however, the C-Net-D5+ model
demonstrated superior robustness in forecasting dose metrics, with
a mean absolute percentage error (MAPE) of less than 1.1 % across
all dosage indicators. Both models showed remarkable efficacy in
forecasting dose distributions, nearly aligning with MC simulations
while achieving a 300-fold improvement in speed, so rendering
rapid and precise dosage computations viable for practical use.
Simultaneously, Moore et al. improved BRCA treatment through
enhanced dose prediction accuracy and the automation of radia-
tion planning [131]. They created a 3D dosage prediction model
that integrates a "luminescent” masking technique with a gradient-
weighted mean squared error (GW-MSE) loss function (Fig. 7A).
The model achieved a mean ME of 0.40 %, mean absolute error
of 2.70 %, an error in mean dose to heart and lung of —0.10 and
0.01 Gy, and an error in mean dose to the tumor bed of —0.01 %.
This advanced approach attains high-precision dose estimates uti-
lizing just CT scans and the contours of three essential organs (tu-
mor bed, heart, and contralateral lung) as input, hence obviating
the necessity for manual contouring or planned target volumes
(PTVs). This method markedly enhances the automation of treat-
ment planning, diminishing variability in treatment plans and aug-
menting overall efficiency.

APBI has become more favored in the management of early-
stage BRCA owing to its precise dosage administration and reduced
treatment time. However, since APBI may be applied in a variety
of ways, it can be difficult to determine the best dosage admin-
istration strategy for each patient’s particular requirements. In re-
sponse, Maniscalco et al. created a multi-task DL model to tailor
the choice of the most effective radiation treatment for APBI [136].
The model employs two CNNs based on DL: a single-task (ST) net-
work that forecasts the dosage for one technique and a multi-task
(MT) network capable of concurrently predicting the dose distribu-
tion across several treatment modalities. Their findings indicated
that while the MT model necessitated a longer training duration
than the ST model, it demonstrated more efficiency in forecast-
ing the treatment time necessary for each patient (1.82s vs. 0.93s).
Moreover, the MT model demonstrated superior performance com-
pared to the ST model, as evidenced by a lower MAPE across all
patients (1.1033 % + 0.3627 % vs. 1.2386 % + 0.3872 %), which
suggests more precise predictions. This model’s originality is in
its capacity to concurrently forecast various dosage distributions.
Through the sharing of encoder and decoder layers, the model en-
hances its generalizability and mitigates overfitting, thereby estab-
lishing a scalable and adaptable framework that can facilitate re-
source optimization and personalized dosage prediction in clini-
cal decision-making. In addition, Al technology has been applied to
other aspects of radiotherapy optimization, such as the prediction
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of the optimal number of irradiation fields in IMRT for BRCA using
RF-ML models [137]. This has improved the efficiency and accuracy
of radiotherapy planning. AutoContour is a DL-based automatic
segmentation model (Fig. 7B) that offers geometric and dosimetric
precision for breast-conserving and regional lymph node structures
in BRCA radiotherapy plans [132], comparable to manual segmen-
tation performed by physicians, although additional refinement is
required for certain structures, including internal mammary nodes.
To forecast the QA outcomes of BRCA IMRT treatment plans with
exceptional accuracy, a novel DL model (Fig. 7C) has been created
to examine complexity indicators unique to the Halcyon system.
This markedly improves the efficiency and accuracy of patient-
specific QA in radiotherapy with an AUC of 0.95, specificity of 0.98,
and sensitivity of 0.97 [133]. Additionally, ML technologies may be
used in conjunction with clinical surface-guided radiation treat-
ment (SGRT) [134], utilizing synthetic human body datasets and
DL models like MobileNet-v2 to detect important anatomical land-
marks (Fig. 7D). The aROlbreast algorithm demonstrated superior
performance in compliance with institutional protocols, achieving
a DSC of 0.834+0.04, a quality score of 8.2+0.9, and an accep-
tance rate of 14.6/15. Notably, the automated creation of ROIs was
markedly expedited, with the aROIbody and aROlbreast algorithms
requiring only 1.3s and 1.2s, respectively. This is a significant re-
duction compared to the approximately 120s needed for manual
cROI creation, leading to a considerable enhancement in workflow
efficiency.

The primary obstacle in breast-conserving surgery (BCS) is the
complete removal of the tumor without the presence of positive
margins, a factor that makes a substantial contribution to cancer
recurrence. The prevalence of positive margins in BCS is around
20 % [138], which raises healthcare costs and worsens patient dis-
comfort. Researchers are therefore in pursuit of technological in-
novations that will enhance the precision and effectiveness of sur-
gical procedures. In an effort to automate the contouring of tu-
mors and direct their excision in real time, DL, which is recog-
nized for its adeptness in image recognition and segmentation, has
been integrated into surgical navigation and tumor delineation. De-
spite several drawbacks in clinical margin prediction, Yeung et al.
found that the nnU-Net model was the most successful for breast
ultrasonography tumor segmentation [139]. It was noteworthy for
its automated and effective tumor contour construction. Its excel-
lent ranking in expert visual ratings and good quantitative per-
formance yet demonstrate how DL may improve breast surgery
precision. Additionally, the necessity for multiple surgeries can be
significantly reduced by assessing surgical margins during breast-
conserving surgery for BRCA. By utilizing the swin transformer
DL model (Fig. 7E) and dynamic full-field optical coherence to-
mography (D-FFOCT) [140], Zhang et al. created an intraoperative
cancer detection procedure that allows for near real-time [135],
non-destructive automated BRCA diagnosis. The model yielded ex-
cellent performance, with an accuracy of 97.62 %, sensitivity of
96.88 % and specificity of 100 %; only one IDC was misclassified.
This method greatly improves intraoperative diagnostic accuracy
and efficiency by combining high-resolution optical imaging with
advanced computer vision algorithms. When patients are in the
supine position for surgery, the position of breast tumors as seen
in MRI scans can migrate, resulting in significant breast deforma-
tion and obstructing accurate tumor localization. This can occur
during actual surgical procedures. In response to this issue, Dolega-
Kozierowski et al. developed a DNN-based Al model that integrates
MRI with three-dimensional scanning data [141]. This model sim-
ulates the displacement of breast tissue and tumors under various
positions, providing a novel, high-precision predictive tool for sur-
gical planning in BRCA patients. Furthermore, the addition of 3D-
printed transparent breast models to surgical procedures offers a
visually intuitive aid.
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China Press.

4. Al-assisted drug development

Al significantly contributes to BRCA prediction and diagnosis by
providing essential insights and multidimensional data that facil-
itate drug discovery. The integration of diverse data sources, in-
cluding pathology, radiomics, and genomes, enables Al models to
precisely categorize patient groups and detect important molec-
ular characteristics, such as HRD deficiencies and HER2-low sta-
tus. These models reveal fundamental pathogenic mechanisms and
identify potential therapeutic targets within biological networks.
Furthermore, the correlation between radiomic properties and the
features of the tumor microenvironment discovered by Al-based
radiomics models can aid in the reversal of crucial signaling path-
ways. Potential medication inhibitors can then be quickly screened
using virtual chemical libraries created by DL algorithms. The pro-
cess of repurposing existing medications can also be accelerated
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by integrating knowledge graphs with drug target databases and
Al-based prognostic models (like the RDeepNet model, which links
IncRNAs). This closed-loop system, driven by data, ensures that
biomarkers identified in disease prediction are directly applicable
to drug development. It optimizes clinical trial designs by select-
ing appropriate patient populations through predictive models, uti-
lizes digital biomarkers from pathology images to monitor drug re-
sponses, and ultimately establishes a translational medicine path-
way from accurate diagnosis to targeted treatment.

Al-assisted drug development represents a revolutionary
paradigm shift in the pharmaceutical field, leveraging Al to fun-
damentally enhance the precision and efficiency of research and
development. By integrating advanced computational tools with
extensive biological and chemical datasets, Al significantly acceler-
ates the initial stages of drug discovery. This integration empowers
researchers to rapidly screen, identify, and optimize potential
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drug candidates, streamlining the early phases of pharmaceutical
development.

A cornerstone of Al's utility in drug development is its profi-
ciency in analyzing extensive chemical compound libraries to pin-
point those with the highest potential for interacting effectively
with specific disease targets, thereby drastically reducing the time
and costs traditionally associated with drug discovery. Moreover,
Al significantly enhances the design of novel molecular entities by
predicting their structural properties, binding affinities, and ther-
apeutic effects. For instance, Al can evaluate the efficacy of new
compounds against specific targets, such as BRCA-related genes,
by simulating their molecular interactions. This predictive power
not only optimizes the drug discovery pipeline but also increases
the likelihood of identifying safe and effective drugs more swiftly
[142,143]. This shift toward Al-driven drug discovery is trans-
forming the pharmaceutical industry, enabling the development of
highly targeted and effective therapies for a wide range of diseases,
including cancer, genetic disorders, and infectious diseases. The Al
models developed in this area are compiled in Table S3 (Support-
ing information).

4.1. Al-assisted target identification in BRCA

Al is increasingly transforming the traditional medication re-
search and development process. Al technology can uncover im-
portant genes and signaling pathways implicated in the begin-
ning and progression of illness by utilizing the analysis of vast
amounts of biological data. This allows for the discovery of poten-
tial therapeutic targets. Zhang et al. [144], for example, identified
eight important prognostic genes using transcriptome data from
the TCGA and gene expression omnibus (GEO) databases and ten
ML methods (ROC curve AUC > 0.7, C-index=0.761) before creat-
ing a risk model with independent prognostic value. They verified
that linalool binds to the phosphoglycerate kinase 1 (PGK1) pro-
tein (PDB: 2 x 13) at the GLU-344 and PHE-343 sites with stability
using molecular docking and dynamics simulations (RMSD = 1.44 A,
binding energy = —5.2 kcal/mol). Linalool significantly reduced the
migration/invasion (Transwell P <0.05), induced apoptosis, caused
GO/G1 phase cell cycle arrest, and suppressed the proliferation of
BRCA cells (half-maximal inhibitory concentration (ICsq)=189.7-
268.8 umol/L) in vitro. It also modulated the PGK1-peroxisome
proliferator-activated receptor gamma (PPARy) signaling pathway.
By demonstrating that linalool inhibits PGK1 expression, this work
is the first to combine computational biology with experimental
validation, providing a novel strategy for targeted treatment with
natural products. A multivariable ML approach called pathway-
based signature for ILC (PSILC) is intended to accurately predict
patients’ overall survival as well as their metastasis-free survival
(Fig. 8A) [145]. It also finds 16 synthetic lethality genes that specif-
ically lower cell survival in cell lines with high PSILC scores. These
genes represent useful targets for further drug screening investi-
gations since they are highly enriched in metabolic, Rho GTPase,
and hemostasis pathways. Chen et al. examined prognostic genes
associated with lipid metabolism in BRCA and incorporated 184
distinct combinations of nine ML methods [146], including LASSO,
Ridge, and Elastic Net. By analyzing and validating datasets like
TCGA-BRCA, they identified 21 pivotal genes to develop the LMPGS
model. Niclosamide, one of seven interesting possibilities identified
by molecular docking experiments with currently available medi-
cations, had interactions with these important genes and may have
an impact on the course of the illness.

MOMLIN is a multi-modal and multi-omics ML integration
framework that was first presented by Rashid et al. (Fig. 8B) [147].
It focuses specifically on the combined use of class-specific fea-
ture selection techniques and sparse correlation algorithms. The
objective of this method is to find interpretable elements in multi-
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modal and multi-omics data, successfully identifying important
biomarkers and network biomarkers that affect medication reac-
tions. For example, the combination of ER-negative, hemicentin 1-
collagen type v alpha 1 chain (HMCN1-COL5A1) mutation, F-box
protein 2-colony stimulating factor 3 receptor (FBX02-CSF3R) ex-
pression, and CD8 functions as a multi-modal biomarker in re-
sponders and may influence the Fms-like tyrosine kinase 3 (FLT3)
signaling pathway and antimicrobial peptides. Lymph node-TP53
mutation-PON3-ENSG00000261116 IncRNA expression-HLA-E-T cell
rejection work together as a multi-modal biomarker in drug-
resistant instances, perhaps affecting the neurotransmitter release
cycle pathway. Shrikant et al. investigated the discovery of shared
biomarkers for ovarian and BRCA by using a model that com-
bines network analysis and ML (Fig. 8C) [148]. They found com-
mon biomarkers in huge gene datasets by using RF and other clus-
tering algorithms. Network centrality and pathway analysis fur-
ther supported cAMP response element-binding protein 1 (CREB1)
as a possible therapeutic target. Their research demonstrated that
CREB1 is a potent option for a distinctive therapeutic target since
it is overexpressed in BRCA and under-expressed in ovarian cancer.
Inhibiting CREB1 may also improve the therapy of BRCA because it
is essential for several signaling pathways.

Kovacova and associates created an Al-powered prediction
model that combines information from pharmacogenomics (PGx)
databases with ML tools including REVEL, MetaSVM, CADD, and
MutationAssessor [150]. Using this model, the functional impact
of rare nsSNVs (non-synonymous single nucleotide variations) in
patients with BRCA was predicted, and the potential effects of
these mutations on treatment results were evaluated. One of the
most important conclusions was the strong correlation between
the prognosis of BRCA and mutations in the CFTR gene. Signifi-
cantly lower disease-free and overall survival rates were seen in
patients with uncommon nsSNVs in CFTR, indicating that CFTR
may be a viable therapeutic target and may be essential for medi-
cation metabolism or action mechanisms.

Immunogenic cell death (ICD), is a form of cell death brought
on by immune cell infiltration. It can strengthen the body’s im-
mune response against the tumor and restore immune surveil-
lance in the TME [151-155]. Accordingly, Li and their group cre-
ated an Al-based model that predicts how sensitive BRCA is to dif-
ferent therapies by utilizing 14 immunogenic cell death-associated
genes (ICD-TDGs) [156]. Research has demonstrated that down-
regulating protein tyrosine phosphatase receptor type c (PTPRC)
decreases CD8" T cell infiltration while concurrently increasing
TNBC cells’ resistance to paclitaxel. Furthermore, it increases the
expression of PD-L1 and IL2, suggesting that PTPRC may change
immune-suppressive pathways in the tumor microenvironment to
affect drug sensitivity. PTPRC is a promising therapeutic target that
presents fresh opportunities for creating plans to combat medica-
tion resistance in BRCA and, eventually, enhance patient outcomes.
In order to discover TNBC cell lines that are especially susceptible
to certain medications, Kaushik et al. created a ML model to pre-
dict drug responses in these cell lines (Fig. 8D) [149]. Notably, their
investigation revealed that TNBC cell lines were significantly in-
hibited by six medications: panobinostat, PLX4720, lapatinib, nilo-
tinib, selumetinib, and tantespimycin. Tanespimycin outperformed
the others in terms of ICsq and AUC, demonstrating its strong anti-
cancer properties. Additionally, it was shown that three important
biomarkers, SET domain containing 7 (SETD7), serum response fac-
tor associated rhabdomyosarcoma antigen homolog (SRARP), and
YIP1 domain family member 5 (YIPF5), play crucial roles in deter-
mining how sensitive TNBC cells are to these medications. While
YIPF5 and SRARP were sensitive to both the medicines and radia-
tion, SETD7 responded to all six medications. These results point
to possible biomarkers and medication possibilities for upcoming
clinical treatments for TNBC.
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4.2. Al-assisted compound structure prediction and screening

At the forefront of modern drug discovery, Al-assisted com-
pound structure prediction and screening technologies are leading
a revolution, significantly accelerating the discovery and optimiza-
tion processes of new drug candidates. In the hunt for medica-
tions to treat BRCA, Al has created new opportunities for the dis-
covery of possible therapeutic molecules. For instance, one study
developed a drug co-crystal virtual screening model using the XG-
Boost algorithm. This model leverages RDKit molecular descriptors
(e.g., HeavyAtomCount, Chi0) to predict the compatibility between
active pharmaceutical ingredients and co-crystal formers. In tests
with drugs like pyrazinamide, the model achieved an accuracy rate
exceeding 97 %, offering a valuable methodological example for
Al-assisted optimization of drug formulations in BRCA treatment
(such as improving solubility) [157]. To find tiny compounds that
can block miR-21 activity, Keshavarzi Arshadi et al. created the DL
platform RiboStrike (Fig. 9A) [158]. The platform employed GC-
NNs to do virtual screening of nine million compounds and uti-
lized a multi-task learning approach to elucidate the correlation
between chemical groups and molecular activity from various data
sources. In further tests, the candidate compounds that RiboStrike
had found showed potent anti-miR-21 action and selectivity. Inter-
estingly, one of the possibilities, Ribo21D-1, dramatically decreased
the development of lung metastases in a mouse model of BRCA, in-
dicating its possible therapeutic use and offering useful lead com-
pounds for the creation of novel BRCA medicines.

A different research group created the Gex2SGen model (Fig.
9B) [159], which directly mapped gene expression data to SMILES
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representations of drug compounds using a mix of pre-trained
SMILES-VAE and profile-VAE. While profile-VAE converts gene ex-
pression data to latent space, SMILES-VAE learns the structural
characteristics of tiny molecules. Following collaborative training,
the model may produce therapeutic compounds based on certain
gene expression patterns that have the required pharmacologi-
cal effects. This method has demonstrated great clinical promise
in the development of drugs to treat BRCA because it can pro-
duce molecules that closely resemble known gene inhibitors like
aurora kinase A (AURKA), adrenergic receptor beta 3 (ADRB3),
and proteasome 20S subunit beta 5 (PSMB5), as well as com-
pounds that are similar to well-known anti-BRCA medications like
2-methoxyestradiol, amonafide, and seliciclib. This procedure can
customize treatments and expedite drug discovery, potentially en-
hancing efficacy and reducing side effects for BRCA patients by tar-
geting specific gene expression patterns, while also lowering de-
velopment costs and encouraging new therapies. Based on the uti-
lization of a DL model to identify inhibitors of cancer cell cycle-
dependent kinase 12 (CDK12), Wen et al. concentrated on using DL
models to find CDK12 inhibitors [160]. They created a DTI model
using the Transformer architecture, which combines a protein se-
quence model with a self-supervised molecular graph model (Fig.
9C). Several possible CDK12 inhibitors were effectively discovered
by the model in virtual screening activities for CDK12, and these
were subsequently confirmed in vitro. For instance, compounds
CICAMPA-01, 02, and 03 had lower ICsq values in the HER2-positive
BRCA cell line BT-474 and higher inhibitory effects in CDK12 ki-
nase activity tests than the well-known inhibitor THZ531, providing
novel candidate compounds for the development of BRCA drugs.
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Simultaneously, Karampuri et al. focused on finding pharmaco-
logical candidates that target receptor tyrosine kinase (RTK) sig-
naling pathways [161]. They created a new multimodal DNN (MM-
DNN)-based quantitative structure-activity relationship (QSAR)
model (Fig. 9D). The novel aspect of this model is how it predicts
the biological activity of medications that target the RTK signaling
pathway by combining several omics data, including proteome ex-
pression data, genomic data, and drug response data. They chose
RTK signaling-related pharmacological compounds from the Pub-
Chem database for their investigation, and they predicted their
biological activity using the MM-DNN model. Following that, the
molecules were arranged into three different clusters. The work fa-
cilitated the early phases of drug development by identifying im-
portant therapeutic candidates that target each downstream reg-
ulatory protein in the RTK signaling cascade using feature impor-
tance analysis.

4.3. Al-powered drug screening based on ADMET properties
Important aspects such as estrogen receptor alpha (ERa)

function, chemical pharmacokinetics, and safety must be taken
into account while researching anti-BRCA drugs. Traditional re-
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search techniques, however, are frequently expensive and time-
consuming. Utilizing DL technologies to search for potential anti-
BRCA medications has grown in importance as a result of their
development. An Al model called ABCD-GGNN was created espe-
cially for this use [162]. Through topology, it generates atomic-level
graphs and uses atomic descriptors to capture the structural and
substructural characteristics of possible therapeutic options. It also
selects and processes discrete molecular descriptors using XGBoost,
integrating the two methods to provide molecular-level representa-
tions that can predict important pharmacological features, includ-
ing ADMET qualities and ERa activity. In forecasting ERx activity
and ADMET (absorption, distribution, metabolism, excretion, toxi-
city) characteristics, studies have shown that ABCD-GGNN works
better than other models, including linear regression, RF, SVM, Bi-
long short-term memory networks (LSTM), and Graph-CNN. De-
spite having a somewhat longer computation time, it is still within
an acceptable range, which makes it a very effective tool for med-
ication screening for BRCA. By selecting the most promising drug
candidates from an existing pool, the model seeks to expedite the
screening process, boost the effectiveness and success rate of drug
discovery, and offer invaluable assistance and direction for future
drug development.
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4.4. Al-driven drug repurposing for BRCA-associated drugs

Considering how costly and time-consuming the conventional
medication development process is, drug repurposing is a very
beneficial strategy. To speed up the drug discovery and approval
procedure, the GraphRepur model uses drug repurposing to find
current medications that may be useful against BRCA (Fig. 10A)
[163]. To suggest possible treatments for BRCA, this Al-based
model, which is based on graph neural networks, combines drug
network data with drug exposure gene expression profiles (drug
signatures) and applies the GraphSAGE algorithm. It captures the
topological information of drug characteristics and inter-drug con-
nections by integrating computational approaches based on net-
works and signatures. This makes it an effective tool for predicting
medication repurposing in BRCA. Karampuri and colleagues built
a new hybrid neural network model called ResisenseNet and con-
centrated on comprehending drug resistance caused by transcrip-
tion factors and genetic alterations (Fig. 10B) [164,165]. By merging
one-dimensional convolutional neural networks (1D-CNN), LSTM,
and DNN, this model efficiently integrates a variety of data sources,

17

Chinese Chemical Letters 37 (2026) 111956

including transcription factor expression, genetic markers, medica-
tions, and molecular descriptors. It accurately forecasts medication
sensitivity and resistance in BRCA. The originality of ResisenseNet
is found in its special design, which can recognize complicated
correlations in numerical data as well as long-range interdepen-
dence in temporal patterns and amino acid sequences. This of-
fers the model exceptional precision and resilience in forecasting
medication reactions, offering fresh approaches to medication re-
purposing and tailored treatments for BRCA. With the help of the
model’s predictions, 14 medications that had not yet been utilized
to treat BRCA but may be sensitive to the disease were effectively
repurposed from anticancer medications. These discoveries provide
promise for repurposing to overcome medication resistance and
open up new avenues for treating BRCA.

4.5. Al-facilitated prediction of drug synergistic interactions

Synergy generally denotes the collective impact of two or more
chemicals that surpasses the anticipated results of their mere ad-
ditive actions. Compared to monotherapy, drug synergy can pro-
vide far better therapeutic results, including reducing host toxicity
and side effects [166], optimizing dose-effect relationships [167],
and delaying the emergence of drug resistance [168,169]. Despite
the fact that drug-drug synergies have been predicted and classi-
fied using ML and DL models in the past, these models are often
trained on data from several forms of cancer [170], meaning they
are not especially tailored for specific malignancies, like BRCA. As
a result, when used on data related to BRCA, these models fre-
quently exhibit subpar performance. Mehmood et al. created a par-
ticular stacked ensemble classifier model called drug-drug synergy
for BRCA (DDSBC) in order to predict the cellular synergy of med-
ication combinations that are specifically intended to treat BRCA
(Fig. 11A) [171]. In terms of accuracy, precision, recall, F1 score,
and AUC-ROC scores, the DDSBC model outperformed conventional
models thanks to its strategic feature representation, ensemble
learning, and adaptive treatment of class imbalance. This model
delivers significant insights into BRCA treatment options and pro-
vides an effective approach for discovering synergistic or antago-
nistic medication combinations.

Paclitaxel, a chemotherapeutic medication frequently used to
treat BRCA, is frequently taken into consideration for combina-
tion treatments because of its distinct mode of action and effi-
cacy when used alone [174,175]. Using a PDX dataset and ML mod-
els, Mehmood et al. confirmed the efficacy of paclitaxel and vari-
ous medication combinations in the treatment of BRCA [176], con-
centrating on the best-performing Elastic Net model. Fifty in vivo
indicators that are strongly linked to medication response were
found by the researchers. Along with offering novel biomarkers
and medication combination techniques for the future of precision
medicine, these discoveries also contribute to a deeper knowledge
of customized treatment options for BRCA. In order to quickly dis-
cover and optimize medication combinations for targeted pyropto-
sis treatment in TNBC, our group created the Al model biological
factor-regulated neural network (BFReg-NN) (Fig. 11B) [172]. Large
TNBC patient and drug databases are analyzed by the model, which
combines bioinformatics, Al, and experimental validation. Based
on the genes linked to pyroptosis, the model predicts compound
medications that may cause TNBC pyroptosis. Four layers make
up the BFReg-NN model: the survival layer, the drug-target rela-
tionship layer, the drug-target to pyroptosis gene connecting layer,
and the pyroptosis s gene relationship layer. A thorough grasp of
the mechanisms involved can be obtained by employing a graph
neural network to learn how intracellular biological components
(such as genes, proteins, or medication targets) interact with one
another and how these factors operate inside the cell. Interest-
ingly, twelve selected drug pairs all could synergistically induce
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TNBC pyroptosis, suggesting a high prediction accuracy of syner-
gistic drug pairs. Generally, this model has significant implications
for discovering drug pairs for precision treatment of refractory dis-
eases. Ji et al. used a global compound-protein-interactions (CPI)
prediction model based on DL to find possible chemical medica-
tions used in traditional Chinese medicine (TCM) (Fig. 11C) [173].
Using Hedyotis Diffusa and Astragalus as examples, they were able
to identify synergistic anti-tumor multi-compound combinations
and correctly anticipate the therapeutic targets of the active chem-
icals in these herbs. According to experimental data, the MDA-
MB-231 BRCA cell line demonstrated notable anti-tumor effects
from the projected multi-compound combinations. Combination I,
for example, showed synergy with an ICsy of 19.41 pmol/L and a
CI value of 0.682. This combination comprises epicatechin, ursolic
acid, quercetin, 7-epioxysterol, and astragaloside IV.

Collectively, these Al-driven approaches demonstrate vital po-
tential for clinical translation. Experimentally validated models
(e.g., RiboStrike, Gex2SGen) show immediate applicability due to
their biological verification, while multi-modal integrated systems
(e.g., MOMLIN, FAIS-DL) align closely with clinical workflows. Drug
repurposing frameworks (GraphRepur, ResisenseNet) offer near-
term clinical value through redeployment of existing therapeutics.
Future efforts should prioritize multi-center validation to advance
these models toward clinical implementation.
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5. Challenges and remedies in the application of Al in BRCA

Al, particularly ML and DL, has emerged as a crucial diagnostic,
therapeutic, and prognostic tool for BRCA, providing notable ben-
efits in terms of accuracy and efficiency. It offers new theoretical
frameworks and practical viewpoints for dealing with the complex-
ity of BRCA, which is typified by a variety of pathogenic kinds,
complicated genetic subtypes, tumor heterogeneity, and the fact
that it is frequently undetectable, making early identification diffi-
cult. Notwithstanding these developments, there are still a number
of obstacles to overcome before Al models may be used in clin-
ical settings. These obstacles include problems with data quality,
model performance, interpretability, clinical validation, and ethical
compliance. Table 1 offers a comprehensive overview of the chal-
lenges encountered by Al models in the field of BRCA, along with
the solutions proposed to address them.

5.1. Challenges in data quality

The caliber of data is a critical determinant constraining the ef-
ficacy of Al models. First of all, issues like single-center bias (as
shown in the RSF-RFE model, which fails to take ethnic diver-
sity into account [25]) and limited sample sizes (the CE-CBBCT re-
search, for example, only comprised 56 patients [19]) seriously im-
pair models’ capacity to generalize. Further decreasing the appli-
cability of radiomics models is feature drift, which can be caused
by imaging discrepancies between devices (e.g., variations in ultra-
sound settings or MRI protocols) [177,178]. Creating high-quality
datasets is also significantly hampered by several other problems,
such as the lack of dynamic data (genomic or metabolomic changes
during treatment), the need for expert judgment in data label-
ing (especially because of labeling errors resulting from ambigu-
ous pathological boundaries in BRCA), and the high expense of la-
beling [179]. One possible way to address these issues is by using
dynamic data systems. High-quality data serves as the foundation
for Al models’ ongoing development. It is possible to create coop-
erative worldwide multicenter networks to share standardized data
across devices and geographies. For example, the RadioVal project
combined five TCIA BRCA datasets, totaling 2035 patients, and used
the FAIR principles to guarantee data interoperability [178]. Addi-
tionally, uncommon subtype data (such as TNBC) may be supple-
mented with high-quality pathological pictures produced by GANs,
and the model’s capacity for generalization can be improved by
utilizing transfer learning approaches [180]. Automated tools, such
as RV-Cherry-Picker, can be developed to extract key features from
DICOM metadata. By combining dynamic modeling techniques, like
LSTM networks, with ctDNA mutation trajectories and DCE-MRI
imaging data, real-time tracking of chemotherapy resistance evo-
lution can be achieved [181]. The technologies employed in the
aforementioned research play a key role in building dynamic data
systems, driving the achievement of high-quality and standardized
data. Moving forward, the focus should remain on multimodal in-
tegration, active learning, and distributed collaboration, transition-
ing Al from being dependent on data quantity to leveraging data
intelligence, which will establish a strong foundation for the ad-
vancement of Al in precision medicine.

5.2. Model efficacy and generalization difficulties

Both performance and generalization are major problems for
current approaches. Radiomics models have trouble extracting
cross-modal features, including connecting MRI pictures with
pathologic slice data, and are extremely susceptible to device noise.
The deployment of DL models in primary care settings is further
limited since they require specialist equipment (e.g., BSGI requires
radioactive isotopes [74]) and high-performance hardware (e.g.,
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Table 1
Challenges and proposed solutions for Al models in BRCA applications.
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Category Key challenge

Solution/technology

Exemplar case/tool

Data quality Single-center bias, limited sample
sizes, feature drift induced by
cross-device heterogeneity
Cross-modal feature extraction
limitations, hardware dependency
(e.g., GPU clusters)

Static prediction frameworks failing to
capture therapeutic dynamics

Model performance

Dynamic adaptation

Interpretability Opaque decision mechanisms,

insufficient RCT validation

Multimodal fusion Disjointed imaging-omics-clinical data
integration

Data privacy risks, accountability
ambiguity, resource allocation
disparities

Absence of full-cycle Al toolkits,
inadequate biological mechanism
exploration

Ethical compliance

Technological development
directions

Multicenter collaborative networks,
synthetic data generation via GANs,
federated learning

Hybrid architectures
(Transformer-GNN integration),
lightweight model distillation
LSTM-based temporal modeling,
ctDNA-MRI multimodal fusion for
real-time surveillance
SHAP/Grad-CAM visualization
techniques, three-phase validation

RadioVal project (FAIR-compliant data
integration), RV-Cherry-Picker (DICOM
metadata extraction)

ResisenseNet (cross-cancer
adaptation), RF-Fastify (edge
computing optimization)

3D-GCN (radiotherapy simulation),
BITES (immune-metabolic causal
inference)

STITCH pathway reconstruction
(protein interaction mapping)

cycle (Al screening —in vitro
validation — clinical feedback)

Imaging genomics frameworks,
dynamic meta-learning architectures
Adaptive federated learning contracts,
cost-effective edge computing
deployment

Free energy perturbation (FEP)-guided
drug simulation, 3D dynamic

Transformer-enhanced radiogenomic
cross-analysis models

OMOP-CDM standardized databases,
DICOM-MIABIS cross-institutional
protocols

Intraoperative Al-pathology
integration platforms

molecular modeling

A100 GPU clusters) [182-185]. Furthermore, only a small number
of models can integrate imaging, omics, and clinical time-series
data, and multimodal data fusion technologies are still in their in-
fancy [186-188]. Solutions balancing clinical applicability and per-
formance optimization are being investigated to overcome these
problems. As an example, hybrid architectures that combine Trans-
former and GNN are being utilized to improve cross-modal fea-
ture extraction by dynamically analyzing the spatial correlations
between radiomics characteristics and single-cell data from tu-
mor microenvironments. For low-latency applications like intra-
operative ultrasound navigation, knowledge distillation techniques
like MobileNet/ShuffleNet are being used to reduce model size
[189,190]. Moreover, lightweight tools like RF-Fastify are being de-
veloped to reduce deployment obstacles in basic healthcare facili-
ties [191,192], and meta-learning frameworks like ResisenseNet are
enabling the cross-domain transfer of models to related malignan-
cies, such as ovarian cancer [193].

5.3. Interpretability and validation system difficulties

There are now questions regarding trust in therapeutic ap-
plications due to the "black box" nature of Al models. Despite
relying on implicit feature correlations, DL algorithms have not
been physiologically verified through immunological microenviron-
ments or biochemical pathways, raising questions about the va-
lidity of decision-making processes. With just 57 % of Al tools
completely created and 67 % missing sufficient validation, there is
also a dearth of thorough RCT validation for radiomics investiga-
tions [194]. The lack of experimental input from PDX or organoid
models worsens the situation for drug prediction models, such as
those employed for target screening. Furthermore, it is difficult
to measure the additional clinical value of Al systems due to the
paucity of traditional risk-benefit comparison studies of diagnostic
and treatment approaches [194]. Enhancing clinical interpretability
is one way to remedy this. Visual tools such as SHAP and Grad-
CAM, for instance, can assist in identifying important areas for
decision-making (such as the biological relationship between HER2
receptor epitopes and molybdenum target calcification) [195,196],
and the STITCH protein interaction database can be used to create
mechanism-driven knowledge graphs [197,198]. Another strategy is
to create a three-phase cycle system of "Al screening, in vitro val-
idation, clinical feedback," validate drug combinations using PDX
and PDO models, and conduct multi-center prospective RCTs to
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evaluate improvements in survival outcomes and the FNR of Al
tools [199].

5.4. Standardization and ethical difficulties

Ethical quandaries and the lack of well-defined technological
standards limit the ethical application of Al in healthcare. In high-
stakes oncological decision-making, specific clinical risks stemming
from Al model hallucinations, bias, and dataset heterogeneity pose
substantial threats to patient safety and treatment equity. Model
hallucinations, where complex algorithms generate plausible yet
inaccurate predictions (e.g., misclassification of HER2-low subtypes
or overestimation of chemotherapy response), may lead to inappro-
priate therapeutic adjustments, such as unnecessary invasive inter-
ventions or delayed initiation of targeted therapy, directly compro-
mising patient outcomes. This risk is exacerbated by the "black
box" nature of advanced models, where erroneous outputs are
challenging to identify in clinical practice [200]. Dataset bias fur-
ther amplifies disparities: single-center training datasets often un-
derrepresent rare subtypes (e.g.,, TNBC) or specific demographic
groups, resulting in degraded performance in diverse clinical set-
tings, analogous to the limitations observed in single-center stud-
ies on perioperative neurocognitive disorder prediction [201]. Addi-
tionally, cross-institutional heterogeneity in imaging protocols (e.g.,
MRI acquisition parameters) or pathological annotation criteria in-
troduces feature drift, reducing model reliability when deployed
across multiple centers and potentially widening healthcare dispar-
ities [200,201].

Regulations govern the privacy of medical data, and although
federated learning helps prevent direct data sharing, data gather-
ing robustness still has to be improved [202]. There is still dis-
agreement about who should bear the blame for Al misdiagnoses:
the operator, the hospital, or the developer [203,204]. The dis-
parity in resources between primary care and big medical facili-
ties is further exacerbated by the dependence on costly technolo-
gies and high operating expenses [205]. Furthermore, inadequate
Al training for medical professionals might result in forecasts be-
ing misinterpreted. To tackle these issues, we suggest creating a
federated learning architecture that complies with privacy regula-
tions and putting in place flexible contracts to define accountabil-
ity [206,207]. Cost-effective models for primary hospitals should be
developed, such as intraoperative decision-support systems modi-
fied for edge computing. It is also necessary to build training tools
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(such as platforms that integrate Al with intraoperative frozen
pathology) to enhance the critical thinking skills of healthcare per-
sonnel. Transparency in data updating processes may also be en-
sured by supporting standardized data types like DICOM-MIABIS
and OMOP-CDM and creating tools like RV-Cherry-Picker that can
dynamically adapt to molecular subtyping evolution [178].

5.5. Challenges in technological iteration and evolving diagnostic and
treatment paradigms

There is currently no complete, full-cycle toolchain that cov-
ers screening, diagnosis, therapy, and follow-up, and Al research is
still restricted to static forecasts. A better knowledge of biological
mechanisms is hindered by the old "black box" output paradigm,
and diagnostic and treatment systems also suffer with dynamic re-
sponsiveness (for instance, the inability to adapt in real-time de-
pending on changes in adjuvant chemotherapy regimens). Static
forecasts must give way to dynamic, responsive tracking in order
to overcome these difficulties. This would include, for example,
developing a ctDNA-MRI fusion model that functions as an adju-
vant therapy early warning system, allowing for dynamic thera-
peutic grading and real-time treatment modifications. Building a
comprehensive Al-assisted platform that covers the full treatment
cycle may also be facilitated by using imaging genomics tech-
nologies. Drug-target binding effectiveness and radiotherapy distri-
bution may be predicted by combining free energy perturbation
simulations with three-dimensional dynamic models, such as 3D-
GCN [208]. Additionally, by breaking the closed loop for biologi-
cal mechanism analysis, the use of causal inference models (such
as BITES) may aid in quantifying the connection between immune
evasion and lipid metabolism reprogramming.

6. Conclusion and perspectives

The swift development of Al is revolutionizing the detection
and treatment of BRCA and giving precision medicine a new lease
of life. This review thoroughly explores the innovative uses of Al in
clinical decision-making and drug development for BRCA, empha-
sizing the technology’s key benefits in determining molecular sub-
types, predicting tumor status, estimating the risk of metastasis or
recurrence, and refining treatment plans. Notably, beyond HER2-
low subtypes, Al demonstrates significant promise in addressing
the clinical challenges of TNBC. For instance, Al-driven analysis of
multiparametric MRI achieves AUCs up to 0.86 for TNBC subtype
classification [209], while serum Raman spectroscopy combined
with CNN models attains 91.11 % accuracy in non-invasive detec-
tion [210]. Surface-enhanced Raman scattering (SERS) platforms
further enable label-free cancer screening with 95 % accuracy [211].
In therapy, Al-guided drug delivery systems (e.g., disulfide bond-
engineered nanoassemblies suppressing tumors by >70 % with
reduced toxicity [212]) and metabolic vulnerability identification
(e.g., targeting glutamine dependency in Lehmann subtypes [213])
exemplify transformative TNBC applications.

Al expands the potential for individualized therapy while also
overcoming the drawbacks of traditional approaches by fusing
multimodal data with state-of-the-art algorithms. Crucially, Al ex-
tends to immunotherapy response prediction through inflamma-
tory indices like baseline systemic immune-inflammation index
(SII), which independently prognosticates survival outcomes in
HER2-positive metastatic disease [214], and deciphers metabolic
reprogramming (e.g., IDO-mediated tryptophan metabolism) linked
to immune evasion in TNBC[213].

The present state of research still faces a number of obstacles,
such as heterogeneous data, inconsistent annotations, poor inter-
pretability of the models, a lack of strong clinical translation vali-
dation, and intricate ethical and privacy issues. The development of
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more robust cross-center and cross-device models, utilizing meth-
ods such as federated learning to improve data utilization, the ad-
vancement of the integration of multi-omics data with imaging
and pathological features to create a dynamic digital twin of the
tumor, the promotion of the use of explainable Al in conjunction
with causal reasoning to identify the biomarker networks influenc-
ing clinical outcomes, and the construction of a real-time feedback
system for Al-assisted decision-making, allowing for ongoing op-
timization of diagnosis and treatment, should be the main areas
of future research. Accelerating Al-driven target identification and
medication repositioning is crucial in the drug development indus-
try. Virtual clinical trial frameworks should also be investigated.
Notably, the development of large language models in biomedi-
cal research has the potential to transform Al into a potent link
between fundamental research and clinical practice, allowing the
switch from "data-driven" to "knowledge-driven" methods in the
treatment of BRCA.

In summary, a new "intelligent oncology" paradigm will de-
velop as a result of the extensive integration of Al into BRCA treat-
ment. It is projected that a fully integrated, intelligent system en-
compassing early screening, diagnosis, treatment, and prognosis
management will soon be realized with continued technological
advancements and interdisciplinary collaboration, leading to more
effective, accurate, and reasonably priced care for patients.
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