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Abstract: Machine learning (ML) has emerged as a powerful technique for multiple stages of breast cancer drug discovery, from 
target identification to compound prioritization and patient stratification. This article presents a narrative review of recent advances in 
ML-driven strategies applied to breast cancer drug discovery, with a focus on methods, data resources, and translational relevance. We 
systematically synthesize representative studies employing supervised and unsupervised learning, deep neural networks, generative 
models, and multi-omics integration to address key challenges in breast cancer therapeutics. Particular attention is given to ML 
approaches for biomarker discovery, drug–target interaction prediction, molecular design, and drug response modeling across breast 
cancer subtypes. The review also summarizes widely used public datasets, including genomic, transcriptomic, pharmacological, and 
chemical repositories that underpin these approaches. In addition, we discuss reported translational applications, emerging industrial 
efforts, and critical limitations related to data bias, model generalizability, and clinical applicability. Finally, we outline future 
directions for improving the robustness, interpretability, and clinical integration of ML-based drug discovery frameworks, aiming to 
bridge the gap between computational prediction and applicable breast cancer therapies. 
Keywords: drug discovery, drug candidates, machine learning, breast cancer, oncology

Introduction
Cancer remains one of the leading causes of death worldwide, with considerable mortality.1–4 Among various cancer 
types, breast cancer is one of the most common malignancies and the leading cause of cancer-related mortality in women 
worldwide.5 The global incidence of breast cancer is rising as of 2022, almost 2.3 million women are diagnosed, and 
approximately 670,000 die due to breast cancer.6,7 Therefore, it is considered among the most frequently diagnosed 
cancers in 157 of 185 countries.8 However, with advancements in therapeutic approaches, the survival rates of cancer 
patients are enhanced, but cancer cases are also expected to increase.6,9 Long term data confirm that the incident cases 
nearly doubled from 0.88 million in 1990 to over 2.1 million in 2021.10 The burden varies based on geographical and 
socioeconomic conditions, and a higher incidence and mortality have been observed in affluent regions.8,10 For example, 
the lifetime breast cancer risk in very high Human Development Index (HDI) countries is approximately 1 in 12, whereas 
it is approximately 1 in 27 in low HDI countries.8 Breast cancer is a heterogeneous and usually classified according to 
hormone receptor (ie, estrogen/progesterone) and human epidermal growth factor receptor 2 (HER2) status (subtypes: 
luminal A, luminal B, HER2+, and triple-negative).11–13 Each subtype has a specific pathophysiology, gene expression 
profile, prognostic outcome, and therapeutic responses.11 Furthermore, extensive inter- and intra-tumor heterogeneity 
makes it more complex to understand the disease etiology and designing effective targeted therapies.11

Despite significant advances in cancer drug discovery and drug delivery technologies, multiple biological, technical, 
and translational limitations continue to hinder clinical outcomes.14–18 Bringing a candidate therapy from bench to 
bedside typically spans 10–15 years, and oncology has an extraordinarily high attrition rate (often cited as >95% 
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candidate failures).19 Early in the development process, selecting and validating targets was difficult. Translation of 
complex tumor biology into effective therapies was a great challenge requiring strong disease linkage and rigorous 
preclinical validation.20 In practice, many targets are pursued with only modest evidence of causality, and breast tumor 
heterogeneity and paucity of predictive biomarkers (aside from HER2) make rational target selection difficult.21 

Consequently, most preclinical studies have not identified viable drugs. For example, 16 distinct investigational agents 
targeting the insulin-like growth factor-1 receptor (IGF-1R) pathway have been tested, but none have shown sufficient 
activity for approval.19 These problems continue to arise during clinical development. Even agents that reach the trial 
stage often fail in terms of efficacy or safety endpoints. In a Phase II study, adding the IGF-1R antibody ganitumab to 
endocrine therapy for metastatic Estrogen Receptor-Positive (ER+) breast cancer did not improve progression-free 
survival and even worsened overall survival with frequent grade ≥3 toxicities.21 Likewise, the pan 
Phosphatidylinositol 3 kinase (pan-PI3K) inhibitor buparlisib gave only a modest progression-free survival (PFS) gain 
(median 6.9 vs 5.0 months; HR = 0.78),22 but at the cost of significant toxicity, for example, grade 3 ALT (liver enzyme) 
elevations occurred in 25% of buparlisib patients versus 1% of controls.22 In both cases, the limited benefits failed to 
justify the adverse effects, and further developments were abandoned. These limitations, in terms of efficiency and safety 
concerns, are common in oncology trials. The combination of prolonged, expensive trials and frequent late-stage failures 
indicates that traditional breast cancer studies produce relatively few new drugs despite huge investments and efforts.

In modern drug discovery, artificial intelligence (AI) and machine learning (ML) have increasingly been used to 
overcome traditional drawbacks. In breast cancer research, deep neural networks are used to model complex structure- 
activity relationships, which provide accurate predictions of compound efficacy and safety.23 Currently, pharmaceutical 
and biotech organizations use ML to expedite virtual compound screening and predict drug-target interactions from vast 
chemical libraries.24,25 In particular, generative AI models (including variational autoencoders and GANs) can propose 
entirely new small molecules with the desired properties. Moreover, the repetition of reinforcement learning techniques 
optimizes these candidates for target binding and pharmacokinetic goals.24 These approaches significantly improve hit-to 
-lead timelines and reduce the dependency on exhaustive laboratory screening systems.24 Similarly, AI approaches are 
being used to personalize therapy. ML algorithms proficient in tumor genomics, imaging, and clinical data can be used to 
classify patients with breast cancer into subgroups for treatments. For example, by combining digital pathology and 
radiomic data, AI models have significantly improved the prediction of PD-L1 biomarker status.26–29 Analogous ML 
systems are under development to match breast cancer subtype profiles with those of targeted therapies. Recent studies 
have highlighted that AI-driven target prediction and targeted drug generation are among the most promising applications 
in precision oncology.26 Several AI-driven platforms have been applied to target identification in oncology. For example, 
in silico Medicine’s . AI platform was used to analyze large-scale transcriptomic and pathway-level data with the goal of 
identifying immune related therapeutic targets. It prioritized previously underexplored targets associated with immune 
signaling pathways, some of which were subsequently evaluated in collaboration with GlaxoSmithKline in preclinical 
oncology research.24, Similarly, several biotechnology companies, including Exscientia and BenevolentAI, have devel
oped AI based platforms for oncology drug discovery. These platforms apply ML models to integrate chemical, 
biological, and clinical data for tasks such as target identification, compound prioritization, and preclinical candidate 
selection in cancer research. While these approaches demonstrated improved efficiency in in silico screening and 
hypothesis generation. Their direct impact on reducing the development timeline for breast cancer specific therapeutics 
remains largely supported by preclinical studies and early translational evidence rather than by the completed clinical 
drug development process.23,24

This study highlights a comprehensive overview of the importance of ML in the drug discovery process for breast 
cancer. It covers each stage, from the identification of the target and hit discovery through lead optimization to preclinical 
testing. This highlights recent algorithmic advances, including supervised and unsupervised learning, deep neural 
architectures, and generative and reinforcement learning models. Moreover, it covers the current results and translational 
case studies and provides practical insights. It also addresses the main challenges, limitations, and future directions for 
accelerating AI-driven breast cancer drug discovery.
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Machine Learning in the Drug Discovery Pipeline
Traditionally, drug discovery has proceeded through sequential stages, including target identification (finding a disease- 
related biomolecule), hit discovery (screening for initial drugs), lead optimization (refining drugs for potency and 
selectivity), and preclinical testing (in vitro and animal studies).30,31 This process is extremely long and expensive, 
and often takes more than a decade and billions of dollars.31 ML tools are now integrated at each stage, such as ML 
algorithms that mine complex omics data to nominate drug targets, virtually screen millions of compounds to find hits, 
and guide chemical modifications to optimize leads. It also predicts the absorption, distribution, metabolism, excretion, 
and toxicity (ADMET) of drugs before testing.31,32 These sequential ML applications have the potential to streamline and 
to accelerate the overall drug discovery process.31,32

Target Identification
ML has become pivotal in the identification of targets, especially for complex diseases, such as breast cancer. By sifting 
through high-dimensional genomic and proteomic data, ML algorithms can identify genes that are critical to disease 
survival. Feature selection methods, such as support vector machines (SVM) with recursive feature elimination or 
random forests with importance ranking, help to highlight candidate targets by identifying genomic/proteomic features 
that distinguish cancer from normal or resistant phenotypes. For instance, an integrative ML process that combined 
ensemble learning and metaheuristic optimization identified 35 key genes as robust biomarkers and therapeutic targets in 
breast cancer.33 Notably, this data-driven approach rediscovered well-known targets like TOP2A (topoisomerase IIα), 
which is the focus of several breast cancer drugs.33,34 The fact that many of these ML-prioritized genes are druggable 
underscores how ML can identify clinically relevant targets.33

Network biology offers a powerful avenue for ML-driven target discovery. Cancer arises from perturbed interaction 
networks, and ML can exploit the network topology to identify influential “hub” genes/proteins.35 Studies have applied 
classifiers to protein-protein interaction networks to identify central nodes linked to disease.35–38 For example, an 
adaptive decision tree model using breast cancer network data found that connectivity features (such as node degree 
and neighbor metrics) best separated cancer-associated proteins from others,39 effectively flagging hub proteins as 
potential targets. Similarly, network algorithms augmented by ML (eg, decision trees with particle swarm optimization) 
have been used to prioritize cancer treatment targets by avoiding local optima during feature selection.40,41 Deep learning 
further enhances target identification by integrating heterogeneous data sources.42,43 Graph neural networks and other 
deep models can learn complex patterns across multi-omics and predict novel gene-disease associations.35 In practice, 
AI-driven platforms such as Open Targets use approaches such as gradient-boosted trees (XGBoost) to combine genetic 
associations and functional data, and successfully score candidate genes at disease loci.44 In particular, genomics-guided 
ML is promising, as approximately two-thirds of recently approved drug target genes are supported by human genetic 
evidence.44 However, proteomics-based ML analyses reveal therapeutic vulnerabilities from a protein perspective; for 
example, a phosphoproteomic study identified focal adhesion kinase 2 abbreviated as FAK2, the main driver of 
tamoxifen-resistant breast cancer. Experimental validation confirmed that FAK2 is a viable therapeutic target for 
hormone-refractory tumors.45

The combination of ML approaches, from traditional classifiers (SVM and random forest) to deep learning, and 
network-informed modeling enables target identification. These methods systematically filter the noise in big omics data 
to identify new and previously overlooked molecular targets. By employing patterns in gene expression, mutations, 
protein networks, and patient data, ML accelerates the discovery and prioritization of drug targets in breast cancer. This 
provides a stronger foundation for subsequent drug development steps.33,35

Hit Discovery
ML transforms hit discovery through efficient virtual screening of vast chemical libraries. Deep-learning-based scoring 
strategies (deep docking) can accelerate structure-based virtual screening 100-fold and enrich true hits by several orders 
of magnitude. This allows billion-scale libraries to be screened without prohibitive computational cost.46 Deep neural 
networks and other ML models have been successfully applied to identify hits against breast cancer targets, often 

Breast Cancer: Targets and Therapy 2026:18                                                                                   https://doi.org/10.2147/BCTT.S586786                                                                                                                                                                                                                                                                                                                                                                                                       3

Cheng et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



surpassing classical docking-based scoring in prioritizing true active compounds.47 For instance, Shafiq et al integrated 
a deep-learning classifier with molecular docking to discover isoform-selective PI3Kα inhibitors.48 Their pipeline filtered 
a large library of 662 candidate inhibitors, and subsequent docking yielded 12 high-affinity hits, including one compound 
previously confirmed to be active in vitro and several with stronger predicted binding than the approved PI3Kα inhibitor, 
alpelisib.48 Similarly, Jaiswal et al employed a convolutional neural network (CNN) to virtually screen PI3Kα inhibitors 
in triple-negative breast cancer.49 CNN-based screening of a chemical library identified 12 candidate hits, four of which 
were validated as potent PI3Kα inhibitors in vitro.49 Graph neural networks (GNNs) have likewise shown promise in hit 
identification: Mahanta et al developed graph-based models for TNBC that achieved area under the curve (AUC) values 
up to 0.82 and identified key structural fragments associated with anti-cancer activity, with the top-performing message- 
passing neural network predicting active compounds with up to 97% accuracy on an external test set.50 A schematic 
representation of ML-based hit discovery is shown in Figure 1.

Figure 1 A schematic representation of ML-based hit discovery.51

https://doi.org/10.2147/BCTT.S586786                                                                                                                                                                                                                                                                                                                                                                                                                                                 Breast Cancer: Targets and Therapy 2026:18 4

Cheng et al                                                                                                                                                                          

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Lead Optimization
In the lead optimization stage of breast cancer drug discovery, machine learning (ML) techniques are pivotal for refining 
candidate compounds to maximize efficacy and drug-likeness. A critical focus is the early prediction of ADMET properties, 
as undesirable ADMET profiles are the leading cause of late-stage failure.52,53 ML models (eg, random forests, support 
vector machines, and neural networks) now enable in silico ADMET screening of lead libraries with high throughput.54–57 

This approach has limitations, such as poor solubility or toxicity before clinical trials, which saves time and resources. 
Advanced deep learning architectures (ie, GNNs) further improve ADMET and pharmacokinetic predictions by directly 
learning from molecular structures.52 Similarly, ML-driven structure activity relationship (SAR) modeling guides the 
chemical optimization of the leads. Data-driven quantitative structure-activity relationships, abbreviated as QSAR models, 
can predict a compound’s bioactivity from its structure, which helps chemists prioritize modifications that enhance efficiency 
and selectivity. For example, a recent ML-based QSAR study on a flavone derivative library achieved high predictive power 
(R2 = 0.82) for cytotoxicity against MCF-7 breast cancer cells. This has enabled the design of new analogs with improved 
anti-breast cancer activity and minor toxicity to normal cells.58 Moreover, transfer learning techniques allow leveraging large 
chemical and bioactivity datasets to boost the modeling performance for novel targets,59 improving SAR predictions, even 
when data on a specific breast cancer target are limited. Beyond prediction, generative models are used for de novo 
compound design, and deep generative neural networks (variational autoencoders, GANs) combined with reinforcement 
learning (RL) can autonomously propose new molecules optimized for desired properties.60 Notably, the generative model 
GENTRL identified potent DDR1 kinase inhibitors within a few weeks,60 and the MORLD platform demonstrated that an 
RL-based agent can optimize lead molecules (eg, refining a kinase inhibitor’s structure for better binding and drug-like 
properties) within days using only the 3D structure of the target.60 Such ML-driven lead optimization strategies significantly 
accelerate the development of promising breast cancer therapeutics. This was achieved by balancing anti-tumor potency with 
pharmacological and safety profiles to improve the odds of clinical success.

Preclinical Testing
During the preclinical testing of breast cancer drug candidates, ML provides critical in silico predictions to guide safety 
and efficacy. ML models can predict diverse toxic endpoints (eg, acute systemic toxicity, cardiotoxicity, and 
hepatotoxicity)61 and flagging compounds, which may cause adverse side effects prior to in vivo studies. This accelerates 
the risk by reducing the reliance on trial-and-error animal testing. ML also aids in modeling drug-target interactions and 
pharmacokinetics, such as deep learning, and ensemble algorithms predict binding affinities and off-target profiles of lead 
compounds, as well as absorption, distribution, metabolism, and excretion properties.24 Different techniques from tree- 
based models to deep neural networks and even transfer learning to leverage large datasets have achieved strong 
performance in bioactivity and ADMET prediction.62 This allows for optimization of breast cancer treatment, leading 
to potency and tolerability. Moreover, ML enables the analysis of high-throughput preclinical data, such as deep learning, 
to analyze histopathological images from animal studies to automatically detect and score tissue lesions,63 which is 
consistent with expert pathologists. Generative models can simulate complex experimental readouts, such as GAN-based 
Tox-GAN systems, which can generate synthetic in vivolike transcriptomic profiles under various dosing conditions with 
high fidelity to real gene expression data.64 Integrating multi modal data (omics and imaging) assists in elucidating drug 
mechanisms and toxicity biomarkers in breast cancer models. ML supports dosing regimen design and response 
prediction in preclinical settings. For instance, a hybrid mechanistic ML study in a breast cancer mouse model with 
varied neoadjuvant dosing indicated that treatment significantly shrank primary tumors but failed to prevent postsurgical 
metastatic progression.65 Emerging reinforcement learning approaches are being explored to optimize adaptive dosing 
schedules in silico.66 These capabilities demonstrate how incorporating ML into preclinical testing accelerates the 
prioritization of breast cancer therapeutics for clinical development.

Recent Advances in ML Algorithms
ML methods have been rapidly adopted in breast cancer drug discovery. Modern approaches combine traditional ML 
with novel algorithms to analyze high-dimensional omics data. For instance, hybrid metaheuristic feature-selection 
techniques have been applied to transcriptomic profiles to identify druggable genes.33 Simultaneously, the ML-driven 
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integration of radiomics and genomics enables non-invasive subtyping and therapy design.67,68 Overall, recent studies 
have reported that multi-modal ML pipelines can predict patient-specific drug responses and prioritize therapeutic targets 
with high accuracy.68,69 These approaches often employ advanced supervised and unsupervised algorithms and specia
lized feature engineering to cope with the complexity and heterogeneity of breast tumors. The following subsections 
provide detailed examples of these methods, including algorithmic advancements tailored to breast cancer data.

Supervised and Unsupervised Learning Approaches
Supervised learning is widely used to predict drug activity and responses. Random forests, support vector machines, and 
gradient-boosting models have been trained on breast cancer omics and chemical data to associate gene features with 
drug sensitivity.33,69 For example, an XGBoost-style ensemble was recently shown to predict drug responses by weighing 
the gene-expression and drug descriptors. Similarly, specialized feature-selection algorithms enhance performance. 
Ahmed et al applied binary grey wolf optimization with simulated annealing to select predictive gene signatures for 
drug target discovery, achieving near-perfect cross-validated accuracy.33 In practice, supervised pipelines often incorpo
rate omics feature engineering to reduce noise and identify predictive biomarkers. The extracted features include 
differentially expressed genes (DEGs), pathway activity scores, and network-central proteins that were correlated with 
drug outcomes.

Unsupervised learning plays an important role in the identification of structures without labels. Clustering algorithms 
(k-means and hierarchical clustering) applied to tumor gene-expression or proteomic data can reveal novel subtypes and 
identify candidate drug targets that are specific to each cluster. For instance, unsupervised analysis of combined gene- 
expression datasets often group samples into clinically relevant subtypes (eg, luminal vs basal-like), which can guide 
subtype-specific therapy choices.33,69 Advanced unsupervised methods (eg, non-negative matrix factorization, spectral 
clustering, and graph-based community detection) can further extract latent features (metagenes) from multi-omics 
profiles, highlighting co-regulated genes or metabolomic pathways that may serve as drug targets. A recent study by 
Malik et al fused two transcriptomic studies and applied consensus feature selection, after filtering DEGs, they performed 
hierarchical clustering of expression patterns to stratify cases and identified 35 robust genes as biomarkers.69 Such 
unsupervised pipelines often precede supervised modeling, providing hypotheses and features for downstream classifica
tion (eg, clustering responders versus non-responders by phenotype). Overall, modern pipelines iteratively combine 
clustering and classification; clustering highlights subtype-specific biology and isolates noisy samples, followed by 
supervised learning (eg, random forest or lightGBM) to build predictive models of curated features.33,69 Together, these 
algorithms accelerate target identification from high-dimensional data, while mitigating noise and overfitting. Figure 2 
presents some commonly utilized examples of supervised and unsupervised ML approaches for drug discovery.70

Deep Learning and Neural Architectures
Deep learning architectures are increasingly used to model complex data in breast cancer discovery.71 Convolutional neural 
network (CNNs) processes imaging and molecular data. For example, CNNs analyze high-throughput microscopy images of 
breast cancer cells or screen chemical compound images to predict viability and phenotypes.72,73 CNN-based QSAR models 
use molecular fingerprints or 3D structural grids to score ligand-target binding.74 A recent explainable architecture combined 
a GNN of drug molecules with a CNN for tumor gene-expression. In the explainable graph-based drug response prediction 
(XGDP) model, a GNN learns the latent features from the molecular graph of each drug, whereas a CNN compresses the 
transcriptomic profile of a cancer cell line. These feature maps are fused via multi-head attention to predict drug responses.75 

This architecture improves upon earlier models by jointly interpreting the molecular structure and cellular context in an end- 
to-end fashion. Other neural models include graph-based attention models, which encode 3D pharmacophores into topology- 
preserving vectors, and variational autoencoders (VAEs), which compress chemical structures or biological networks into 
latent spaces. For instance, GraphDRP replaced CNNs with GNNs to better capture drug structures, achieving higher 
accuracy in sensitivity prediction.75 Self-attention mechanisms (eg, SWNet) incorporate drug similarity graphs when 
encoding cell-line features.76 Natural language transformers applied to SMILES strings or protein sequences have also 
been used to predict the ADMET properties and target interactions. In silico tools, such as DeepChem, implement many 
architectures for chemoinformatics.77,78 Recent advances have also focused on explainability: integrated gradient and 
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attention-based saliency highlight that atoms or genes drive predictions.75 Overall, deep neural networks, ranging from CNNs 
for imaging to GNNs for molecules, enable the end-to-end learning of compound screening and molecular profiling. These 
architectures capture intricate structure-activity relationships (eg, chemical substructures and signaling interactions) that 
conventional features might miss.75 Figure 3 illustrates the GNN and CNN models (XGDP), which exemplify this trend.

Generative Models and Reinforcement Learning
Generative deep learning and RL have emerged as powerful tools for identifying novel candidate molecules and 
optimizing drug properties.79,80 Generative models (VAEs, GANs, normalizing flows, and graph-based generators) can 
be used to learn the distribution of known anti-cancer compounds and the de novo design of new analogs. For instance, 

Figure 2 Some of the most frequently implemented techniques and algorithms of supervised and unsupervised learning in drug discovery.70

Figure 3 Example deep neural architecture (XGDP) for drug response prediction. A graph neural network encodes molecular structure, a convolutional network encodes 
cell-line transcriptomics, and an attention module integrates these features.75
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generative adversarial networks have been trained on breast cancer drugs to produce novel SMILES strings with 
a predicted potency.81 Flow-based models generate chemically valid molecules by inverting probabilistic transforma
tions. In these frameworks, the learned latent spaces enable smooth sampling and property optimization. Reinforcement 
learning, usually combined with generative decoders, guides the generation process toward objectives such as target 
affinity or toxicity avoidance.82 Popular RL-driven frameworks such as REINVENT and Rationale RL use policy 
gradients to iteratively improve molecules. This model proposes modifications to a seed compound and receives 
a response from a predictor (eg, docking score).83 Thus, agent-based RL can be used to navigate the chemical reaction 
space and suggest synthesis routes. For example, a recent application by Zhavoronkov et al used a generative RL 
algorithm to design DDR1 kinase inhibitors; four candidate molecules were synthesized and two showed potent activity, 
demonstrating the successful translation of AI-designed leads.83 Moreover, strengths, weaknesses, generalizability, and 
clinical applicability of various AI and ML based approaches in breast cancer are given in Table 1. Overall, generative 
models allow hypothesis-free exploration of the chemical space tailored to breast cancer targets (eg, ER and HER2 
pathways). They can incorporate condition-based constraints. Conditional VAEs can generate molecules predicted to bind 
a specific target or modulate a given gene-expression signature. Reward functions in RL pipelines often incorporate 
predicted bioactivity and drug-likeness and may explicitly optimize ADMET properties to improve clinical viability. 
These systems have led to new advances in oncology. For example, GAN-based models trained on cancer drug libraries 
have generated candidate compounds that were retrospectively confirmed as novel ligands.83 The workflow of the 
generative AI framework for drug design is shown in Figure 4.

Integrative Multi-Omics and Systems Biology
Breast cancer exhibits heterogeneity across the genomic, transcriptomic, proteomic, and metabolomic levels.11 

Integrative ML approaches combine these multi-omics layers to improve drug discovery. For example, Malik et al 
applied supervised feature selection (Neighborhood Component Analysis) to The Cancer Genome Atlas abbreviated as 
TCGA transcriptomic and proteomic profiles and then used a neural network to predict patient survival and drug- 
response groups.69 This model incorporates regression and k-means clustering to segregate likely responders, out
performing single-omics models. Similarly, Sammut et al combined clinicopathology, DNA mutation, and RNA expres
sion features in ensemble ML models that predicted therapeutic responses with an AUC of 0.87.68 Another strategy is 
late fusion, in which separate models are built for each omics type and combined into a meta-learner. For example, 
GraphDRP and DeepCDR built graph-based encodings for genomics and proteomics, which were jointly modeled with 
drug graphs.75 These methods extract complementary signals (eg, mutation-driven signaling vs expression subtypes) to 
highlight patient-specific drug sensitivities. In metabolomics, unsupervised clustering of combined gene/protein/meta
bolite networks has revealed metabolic vulnerabilities unique to certain breast cancer subpopulations, suggesting the need 
for targeted drugs. Machine learning also enables pan-omics signatures for repurposing by mapping the transcriptomic 
perturbation of a drug (LINCS-L1000 data) onto tumor profiles. Algorithms such as Connectivity Map compute 
similarity scores to suggest existing drugs that reverse cancer signatures.106 These integrative pipelines often use 
graphical models or tensor factorizations to reconcile the heterogeneous data types. The ML-driven strategies for breast 
cancer drug discovery, showing breast cancer-relevant molecular targets, applied ML methodologies, and identified 
candidate compounds are given in Table 2.

Data Resources and Benchmarks
Modern ML for breast cancer relies on extensive datasets and benchmarks. Public repositories provide genomic, 
chemical, transcriptomic, and clinical data essential for model training and validation. Large-scale cancer genomics 
projects (eg, TCGA and METABRIC) provide tumor mutational and expression profiles for thousands of patients.118 

Drug discovery leverages chemical libraries (eg, ChEMBL and ZINC) containing millions of compounds with annotated 
bioactivities. Gene expression sources (GEO and LINCS L1000) archive perturbation signatures for repurposing efforts. 
Clinical trial registries (ClinicalTrials.gov) catalog patient outcomes and therapeutic regimens. These resources reinforce 
ML tasks, as genomic datasets enable mutation drug association models,68 chemical databases support virtual screening, 
transcriptomic compendia facilitate drug disease signature matching, and trial data guide response predictions.68,118
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Table 1 AI and ML-Based Approaches for Breast Cancer Drug Discovery Research

Method/Approach Strengths Weaknesses/Data Biases Generalizability & Clinical 
Applicability

References

Regression and DNN QSAR for drug pairs Strong performance QSAR may overfit if the descriptors are 
biased

Useful for hit prioritization; needs external 
dataset testing

[85]

Integrated network ML (cell-line and drug 
features)

High predictive correlation across GDSC & 
CCLE data

Limited in vivo/clinical response training Promising for in vitro prediction; needs 
clinical validation

[86]

Deep learning for drug synergy Captures complex non-linear interactions Model interpretability challenges Useful for combination prioritization; 

requires experimental validation

[87]

ML for ADMET properties Predicts pharmacokinetic profiles Dataset biases affect pharmacological 

metrics

Early stage; aids candidate filtering [88]

Multi-omics ML framework for response High AUC; integrates mutation, expression Requires rich multi-layer clinical data Potential for personalized prediction; 

limited public clinical cohorts

[89]

QSAR and regression for TNBC inhibitors High R2; descriptor-level insight Focused on one subtype (MDA-MB-231) Good TNBC applicability; needs diverse 

cell models

[90]

Ensemble and ML for synergistic pairs Combines feature annotations and network 

information

Validation limited to cell/3D-TSC models Preclinical; supports experimental synergy 

testing

[91]

Overview of DL models for drug response Comprehensive workflow guidance General ML constraints (data sparsity) Framework useful for clinical researchers [92]

Classification & regression for combo synergy Systematic synergy modeling Limited breast cancer-specific figures Good general combo insights; needs BC- 
focused sets

[93]

Comparative ML models (RF, SVM, AdaBoost) Includes SHAP for interpretability Clinical outcome complexity limits 
generality

Useful for risk stratification; clinical 
deployment needs prospective validation

[94]

AI framework for gene expression features Extracts potential markers linked to drug 
response

Method requires validation on larger 
cohorts

Offers biological insight; the translational 
gap remains

[95]

Review of ML/DL drug response approaches Broader context: performance summary Not BC-exclusive but includes key BC 
studies

Guides model selection; highlights 
limitations

[96]

MRI and ML for therapy response Longitudinal data utilization Complex image preprocessing High translational value for treatment 
outcomes

[97]

Interpretable ML for drug response Focus on interpretability Performance varies with cohort May guide clinical decision support [98]

(Continued)
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Table 1 (Continued). 

Method/Approach Strengths Weaknesses/Data Biases Generalizability & Clinical 
Applicability

References

Vector quantization network for synergy Robust to noisy inputs Early stage, BC specificity untested Useful for high-throughput prediction [99]

ML with imbalance handling Highlights bias solutions Not drug discovery-specific Important general ML limitation [100]

Imaging-based ML Diagnostic accuracy improvements Focused on detection, not drug 
discovery

Useful data patterns; limited drug context [101]

XAI in breast cancer Highlights interpretability methods General detection focus Guides trustworthy models, indirectly drug 
response

[102]

Systematic review of DL risk models Method comparisons Focus on risk prediction Highlights clinical validation gaps [103]

Perspectives on ML in drug discovery Connects ML with clinical R&D Conceptual; not experimental Informs the AI strategy in breast cancer [104]

Histopathologic DL review Model comparisons; interpretability issues Imaging-first focus Highlights data generalization issues [105]
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Genomic Data
Genomic repositories provide the backbone for variant-driven drug discovery. The TCGA Breast (BRCA) dataset 
includes approximately 1,098 tumor samples with comprehensive molecular data (whole-exome mutations, copy number, 
methylation, and RNA-seq).118 Similarly, METABRIC analyzed approximately 2,000 breast tumors (discovery and 

Table 2 ML-Driven Strategies for Breast Cancer Drug Discovery

Targets/Subtype ML Approach Candidate Compounds/ 
Repurposed Drugs

Validation References

Subtype drug 

repurposing (including 
TNBC)

Network-based ML 

integrating genomic and 
pathway data

Identified single and paired 

repurposable drugs for multiple BC 
subtypes

In silico [107]

Multiple targets across 
breast cancer cell lines

Deep neural network 
predicting drug synergy

Synergistic small-molecule pairs via 
inhibition features

In silico synergy prediction [87]

Drug combinations 
across 52 BC cell lines

Regression ML and Deep 
learning QSAR

Anchor and library drug pairs (eg, 
combinational IC50 modeling)

In silico QSAR with high R2 [85]

RTK signaling targets Multimodal deep neural 
network (MM-DNN) for 

QSAR

37 structurally similar compounds to 
existing drugs

In silico QSAR with rigorous 
validation metrics

[108]

EGFR, HER2, ER, NF- 

κB, PR

GA-SVM-SVM classification 

and docking

Identified 4454 ligands with precise 

target assignments

Computational screening [109]

Breast cancer signaling 

pathways

Network medicine and 

GenAI extraction

108 drugs covering pathways AI accelerated extraction [110]

Estrogen receptor 

modulators (ER+)

Generative AI guided by 

pharmacophore

Novel candidates with drug-like 

properties

In silico generative hits [111]

(Continued)

Figure 4 Workflow of a generative AI framework for drug design. (A) Unlabeled chemical databases are used to pretrain a generative model, (B) reinforcement learning 
then fine-tunes the model with a reward network to generate optimized compounds, and (C) filtering and ranking for shortlisting optimized compounds.84
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validation cohorts) by integrating somatic copy number and gene expression.118,119 These rich datasets have enabled ML 
models to correlate somatic alterations with drug sensitivity. For instance, integrated ML models using TCGA/ 
METABRIC features can predict chemotherapy response. Sammut et al found that multi-omic input (mutation, copy 
number, and expression) yielded an AUC of 0.87 in classifying pathologic complete responders.68 Additionally, 
population-scale consortia such as ICGC contribute to further cohorts with genomic data from diverse ancestries.118 ML- 
driven analyses of these data have identified mutation signatures (eg, BRCA1/2 and PI3K) that inform targeted therapy 
selection and have been used to build predictive classifiers for drug efficacy. Large germline resources and cancer variant 
compendia complement these by providing frequency and functional annotations. Altogether, public genomic datasets 
(eg, TCGA and METABRIC) are crucial for building mutation-drug correlation models that guide targeted treatment 
choices.68,118

Chemical Data
Chemical databases provide structures and activities for drug modeling. ChEMBL is a manually curated repository of 
bioactive molecules, linking chemical structures to binding, functional assay, and ADMET data.120,121 For example, it 
aggregates assay results, such as 65,534 anti-cancer assays, across compounds, enabling ML training on ligand-based 
activities.118 ZINC provides a freely searchable catalog of purchasable small molecules (over 750 million by 2023), often 
used for virtual screening libraries.122,123 These resources allow ML pipelines to learn structure-activity relationships: 
ligand-based QSAR models use ChEMBL to train predictors of breast cancer cell line viability, and virtual screening 
workflows dock ZINC compounds against targets. Recent studies have used ChEMBL activity matrices as features for 
machine-learning synergy and sensitivity prediction. The figure below depicts how the chemical features from these 
sources were fed into the ML models.

Transcriptomic Data
Transcriptomic repositories are invaluable for signature-based repurposing and mechanistic studies. Gene Expression 
Omnibus (GEO) archives thousands of breast cancer microarray and RNA-seq studies.124 The LINCS L1000 program 
provides genome-wide mRNA perturbation data for cells treated with drugs (profiled with approximately 20,000 
perturbagens).125 These datasets support algorithms such as the Connectivity Map that match drug-induced expression 

Table 2 (Continued). 

Targets/Subtype ML Approach Candidate Compounds/ 
Repurposed Drugs

Validation References

ERBB2 (HER2+, target) RF, SVM, LASSO, ANN, CNN 59 high-affinity compounds predicted In silico target-compound 
identification

[112]

Pyroptosis pathway in 
TNBC

Biofactor-regulated neural 
network

Pyroptosis-inducing drug pairs 
(mitoxantrone and gambogic acid)

In vivo TNBC model 
validated anti-tumor immune 

effects

[113]

Nanomaterial carrier; 

5HZN protein

Reinforcement learning 

(MolDQN)

6000 predicted drug molecules Biological activity in vitro [114]

Oncology targets 

across cancers 

including BC

Protein/network feature ML 

scoring

Prioritized druggable targets Validation on clinical trial 

drug targets

[115]

TNBC subgroups Patient stratification and 

repurposing

Top chemotherapy and targeted 

mechanisms

In silico subgroup 

stratification

[116]

QSAR repurposing 

across BC

Deep CNN and transfer 

learning

Repurposed compounds via QSAR Computational [117]
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changes to tumor gene signatures. For instance, ML methods can combine cell-line expression (from LINCS) and tumor 
expression to predict drug responses or repurposing hits. A recent BMC Genomics study fused tumor transcriptomes with 
proteomes (from TCGA and other sources) for survival and drug-response prediction, employing feature selection (NCA) 
and deep neural nets.69 Moreover, compendia such as TCGA include matching gene-expression and methylation profiles, 
enabling the ML fusion of multiple transcriptomic layers. In practice, publicly available signatures (GEO datasets) are 
used to train and validate treatment response classifiers and to prioritize candidate repurposed drugs by signature reversal.

Clinical Data
Clinical datasets connect molecular predictions to patient outcomes. ClinicalTrials.gov is the largest registry of active and 
completed oncology trials, including many breast cancer studies.126 Data from trials, often genomically annotated, were 
mined to correlate the biomarkers with therapeutic success. For example, consortium databases and published trial 
cohorts allow ML models to be trained using real-world response data (eg, by linking PIK3CA mutation status to PI3K 
inhibitor efficacy). Another source is registry data from hospital networks (eg, AACR Project GENIE) that aggregate 
genomic profiles with clinical annotations.127 These clinical repositories enable supervised learning of predictive models 
for targeted therapy responses. One study showed that integrating genomic features from trials into ML classifiers could 
predict responders with high accuracy.68 In summary, clinical datasets provide the ground truth for ML validation, 
enabling the translation of molecular insights into predicted patient benefits.68,118 The application of ML to convert 
various clinical data sources into valuable insights for cancer therapy is illustrated in Figure 5. Various data types, such as 
electronic health records (EHR), digital pathology slides, radiology images, data from wearable devices, and multi-omics, 
can be utilized for ML-driven clinical oncology.128 Unsupervised clustering, identification of multi-omics subgroups, and 
deep phenotyping are some of the creative discoveries made possible by AI systems, which also improve productivity by 
automating tasks, such as classification, differential subtype analysis, treatment response prediction, and regression 
analyses, such as gene expression scoring. Table 3 summarizes the main datasets and their applications in breast cancer 
ML research.

Translational Insights and Case Studies
ML has begun to demonstrate real-world effects in breast cancer pharmacotherapy.129 One prominent application of AI is 
in AI-driven drug repurposing. ML models can predict the novel uses of existing drugs by matching their molecular 
signatures. For example, gene-expression-based ML has identified baicalein (a herbal compound) as a modulator of HIF- 
1α that re-sensitizes tamoxifen-resistant breast cancer cells.130 This suggests that repurposing agents to overcome 
endocrine resistance can be guided by an ML-based signature analysis. Likewise, large-scale ML analyses have identified 

Figure 5 An overview of ML-driven strategies and their relevance to oncology.128
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repurposed kinase inhibitors for HER2-positive or triple-negative subtypes by linking drug-target networks with tumor 
omics. Another area of research is biomarker-guided therapies. ML classifiers trained in genomic features have helped to 
refine patient stratification. Sammut et al used an ensemble ML model combining DNA mutations and RNA expression 
to predict which HER2+ patients would attain a complete response to neoadjuvant therapy, thus enabling more precise 
treatment planning.68 In practice, such models can complement established markers (eg, ER, HER2, and PIK3CA) to 
tailor their combinations. For example, interpretable RF models have been developed to predict the synergistic effects of 
MEK/PI3K inhibitor pairs, revealing that NF-κB and mTORC1 modulate resistance in specific breast cancer cell-lines. 
These models suggest a combination of regimens for resistant tumors and illustrate how ML can uncover the hidden 
mechanisms. Industrial pipelines showcase the translational potential of AI. In silico Medicine (founded by 
Zhavoronkov) has successfully incorporated AI-designed compounds into the clinic. Their reinforced GAN platform 
generated DDR1 inhibitors, which were further validated in vitro.83,131 AstraZeneca has publicly invested in ML for 
immuno-oncology and small-molecule design (although the detailed pipelines are proprietary). BenevolentAI collabo
rates with pharma to mine biomedical literature and genomics; in breast cancer, their knowledge graph approaches 
prioritized repurposing candidates for subtypes.

Another example is the deep-learning platform DeepMatter/Exscientia, which discovered potent A2A receptor 
antagonists (anti-cancer immunotherapy) in Phase I trials. Overall, these case studies illustrate the potential of ML to 

Table 3 Main Datasets Supporting ML-Driven Breast Cancer Drug Discovery

Dataset Primary Data Type Breast Cancer Relevance Characteristic ML Use Cases Translational Value

TCGA-BRCA Multi-omics (WES, RNA- 
seq, CNV, methylation), 

clinical outcomes

Large cohort of primary breast 
tumors; subtype-resolved (HR 

+, HER2+, TNBC)

Target discovery, subtype 
classification, biomarker 

identification, drug response 

prediction

Links molecular 
signatures to patient 

outcomes; clinical 

relevance

CCLE/DepMap Genomics, transcriptomics, 

CRISPR/RNAi dependency, 
drug sensitivity

Breast cancer cell lines with 

dependency scores

Target essentiality prediction, 

synthetic lethality, mechanism 
inference

Guides target 

prioritization and 
vulnerability mapping

METABRIC Gene expression, copy 

number, long-term clinical 

follow-up

Independent validation 

cohort; robust subtype and 

survival data

Prognostic modeling, risk 

stratification, therapy response 

modeling

Strong outcome 

annotation; complements 

TCGA

ChEMBL Bioactivity, targets, ADMET 

annotations

Contains ER, HER2, PI3K, 

CDK4/6 ligand data

QSAR modeling, target-ligand 

prediction, ML-based screening

Supports lead 

identification and 
optimization

GDSC/CTRP Drug response (IC50, AUC) 
across cancer cell lines

Breast cancer cell line 
pharmacogenomics

Drug sensitivity prediction, 
combination modeling, biomarker- 

drug associations

Preclinical drug response 
benchmarking

LINCS (L1000) Gene expression 

perturbation signatures

Drug- and gene-perturbed 

breast cancer cell lines

Drug repurposing, mechanism of 

action inference, signature matching

Enables connectivity-map 

-based repurposing

AACR GENIE Clinical-grade genomic 

sequencing + treatment 

data

Advanced/metastatic breast 

cancer cases

Real-world evidence modeling, 

mutation–drug associations

Bridges ML predictions 

with clinical practice

ZINC Virtual chemical libraries 

(drug-like compounds)

Source of candidate 

molecules for BC targets

Virtual screening, generative ML, 

docking-ML pipelines

Expands chemical search 

space for novel 
candidates

GEO Transcriptomics, 
epigenomics, functional 

genomics

Large number of breast 
cancer expression studies

Signature discovery, drug response 
stratification, model training

Cost-effective access to 
diverse patient cohorts
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shorten the hit-to-lead cycle. Generative models quickly propose drug-like molecules, predictive models validate them in 
silico, and some AI-suggested compounds have progressed to experimental testing.83,130 Importantly, retrospectives on 
ML models have highlighted the interpretability gains. For instance, the RF synergy model mentioned above provides 
direct insights into protein-drug interactions in HER2+ cells, which can inform wet-lab hypothesis generation. Many of 
the cited industry successes (DDR1 by in silico and A2A antagonist by Exscientia) were accompanied by peer-reviewed 
publications that detailed the ML pipeline and biological validation, underscoring that AI approaches can yield actionable 
therapeutic candidates.

Challenges and Limitations
Despite the progress, major obstacles have slowed the clinical translation of ML-based discoveries. Data-related issues 
are paramount, in which the available datasets are often small, noisy, and imbalanced.132 For breast cancer, drug response 
data (particularly for combination therapies) are limited. This makes the models prone to overfitting.24,133 Even large 
groups such as TCGA have missing data modalities and batch effects. Noisy experimental measurements (eg, variable 
IC50 assays) lead to hallucinations or unreliable predictions.24,134 Consequently, models risk poor generalizability, as one 
study warns, neglecting rigorous cross validation with scaffold splits produces overly optimistic estimates.24,133 The 
model-related challenges include interpretability and reproducibility. Deep black-box networks can achieve accuracy, but 
often reduce transparency, which makes it difficult to trust predictions in a clinical setting.24 Regulatory frameworks 
demand a mechanistic understanding, or at least confidence, in model reasoning. Thus, explainable AI (XAI) techniques 
are required to justify ML-driven drug hypotheses. Furthermore, the chemical novelty of numerous ML designs raises 
concerns regarding their patentability and synthetic feasibility.

At the system level, clinical translation enforces non-technical restrictions. Regulatory and ethical issues, such as 
sharing patient molecular data, are hampered by privacy laws.24 Bias in the training data (eg, under-representation of 
minority groups) can lead to inequitable predictions. Moreover, there is always a gap between computational predictions 
and biological validation. Many ML studies end with in silico results without experimental follow-ups. Bridging this gap 
requires expensive assays and interdisciplinary collaboration. Only approximately 10–15% of predicted drug leads 
succeed in clinical trials,69,135,136 which reflect the complexity of human biology and pharmacology. One study reported 
that this low success rate suggests limitations in our understanding of cancer complexity and emphasizes the need for 
better modeling strategies.69,136 Despite these challenges, the field has been actively evolving. Federated learning and 
data amplification may increase data scarcity. Explainable models and integrated omics aim to increase trust. Policy 
efforts are beginning to create guidelines for AI in drug development. However, significant investment is required in data 
curation, rigorous validation, and cross-disciplinary infrastructure to realize the potential of ML in clinics.

Future Directions
In the future, emerging ML patterns promise to further transform drug discovery in breast cancer.132 Collective knowl
edge allows models to train on distributed patient data without data sharing, preserving privacy while increasing the 
sample size.24 For example, without moving raw genomes, collaborative networks can produce pan-cancer predictors by 
combining local models on whole exome sequencing. Explainable AI (XAI) methods, such as attention visualization or 
causal inference, are tailored for biology so that clinicians can understand ML-generated hypotheses.137,138 XAI will help 
to satisfy regulatory requirements and build trust in AI recommendations.137 Quantum machine learning has been to 
accelerate drug screening.139,140 Quantum-enhanced algorithms (quantum annealing or variational circuits) can navigate 
chemical space faster or model molecular simulations more accurately.24 Beyond classical capabilities, quantum 
approaches have been initiated to solve small-molecule optimization problems.

Advances in reinforcement learning can spawn multi agent systems for integrated drug design and synthesis 
planning.141,142 In such a situation, one agent might propose novel scaffold modifications, whereas another agent 
schedules synthetic steps. Both of these works cooperatively to optimize efficiency and manufacturing. Similarly, digital 
twins and systems pharmacology models of individual patients are likely to play a role. In silico patient avatars that 
simulate tumor growth and drug response can personalize regimen selection.143 This concept is already being used in 
oncology, where ML-driven simulations of drug pharmacokinetics and tumor evolution support adaptive therapy design. 
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Digital twins are a virtual representation of a tumor of individual patient that evolves over time as new data are 
assimilated. In oncology, digital twin frameworks use machine learning and systems biology to simulate tumor growth, 
treatment responses, and personalized therapeutic regimens. Digital twin concepts are especially compelling for triple- 
negative breast cancer (TNBC), where treatment optimization remains challenging. A recent study constructed MRI- 
based digital twins for TNBC patients to model and optimize neoadjuvant chemotherapy schedules, achieving better 
predicted pathological complete response rates through in silico exploration of treatment schedules.144 Mechanistically, 
oncology digital twins integrate clinical imaging, molecular profile, and treatment data into predictive models that can be 
iteratively updated as patient data accrue. Reviews highlight that such twins can simulate disease progression, forecast 
treatment response, and explore hypothetical interventions before clinical application, all while incorporating patient- 
specific molecular and physiological features.145,146 For drug discovery, virtual clinical trials and in silico simulations 
anchored in breast cancer digital twins could compare candidate molecules, optimize dosing regimens, and simulate 
response heterogeneity across subtypes. Preliminary work in other cancers utilizing TCGA, CCLE, and CTRP data 
shows that digital twin simulations can recapitulate historical clinical outcomes, implying an analogous application in 
breast cancer drug response modeling.

Conclusion
ML has become an increasingly influential component of breast cancer discovery, enabling more efficient target 
identification, compound prioritization, and mechanistic insight through the integration of large-scale molecular and 
clinical datasets. As discussed in this review, advances in supervised and unsupervised learning, deep neural networks, 
and generative models have expanded the capacity to model complex structure activity relationships, uncover subtype- 
specific vulnerabilities, and support data-driven drug repurposing strategies. These developments reflect substantial 
methodological progress and the growing availability of high-quality biomedical resources. However, significant 
challenges continue to limit the translational impact of AI-driven approaches. Many studies rely on retrospective or 
highly curated datasets that inadequately represent breast cancer heterogeneity, leading to concerns regarding bias, 
reproducibility, and generalizability. In addition, the widespread use of opaque deep learning models complicates 
biological interpretation, regulatory approval, and clinical adoption. Crucially, relatively few AI-derived drug candidates 
have advanced beyond preclinical validation, underscoring the need for tighter coupling between computational predic
tion, experimental, and clinical evidence. The future research should focus interpretable, robust, and uncertainty-aware 
models that are evaluated across independent cohorts and breast cancer subtypes. Greater emphasis on integrative 
frameworks combining multi-omics data, functional validation platforms, and real-world clinical data will be essential 
for meaningful clinical translation. Emerging directions such as digital twin modeling, federated learning, and ML- 
guided trial design hold promise when grounded in breast cancer-specific data and realistic validation strategies. Overall, 
while AI-based drug discovery is not a panacea, its thoughtful integration into biologically and clinically informed 
workflows has the potential to substantially improve the development of personalized therapies for breast cancer.
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