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Highlights:

e Al integrates multi-omics data to identify oncology targets and synthetic lethal pairs.

e Graph neural networks enable virtual screening of chemical libraries.

e Generative Al designs novel small molecules and protein binders for oncology targets.
e Al-driven ADMET prediction accelerates hit-to-candidate transition in drug discovery.
e Closed-loop systems advance autonomous Al-driven oncology drug discovery.

Abstract: The development of oncology therapeutics is currently impeded by exorbitant costs,
protracted timelines, and high clinical attrition rates stemming from the inherent complexity of tumor
biology. Artificial intelligence (Al) is transforming oncology drug discovery, shifting the paradigm from
trial-and-error experimentation to one of data-driven rational design. In this paper, we review recent Al
advances in four key areas. First, regarding target identification, we examine how multi-omics
integration and deep learning uncover novel vulnerabilities, such as synthetic lethal pairs and immune
checkpoints. Second, we analyze the evolution of virtual screening, moving from classical docking to
graph neural networks that efficiently explore vast chemical spaces. Third, we highlight the shift toward
generative molecular design, where Al models create de novo small molecules, protein binders, and
nucleic acid therapeutics with tailored functional properties. Fourth, we discuss Al applications in
preclinical evaluation for predicting toxicity and efficacy. Finally, we critically assess current
challenges—including data standardization deficits and the “black box nature of deep learning—and
propose emerging strategies, such as automated design-make-test workflows, to bridge the gap between
computational prediction and clinical reality.
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1. Introduction

The development of effective cancer therapies faces formidable challenges. Despite massive investment, the
pharmaceutical industry grapples with exceptionally low success rates; with the probability of a new
oncology drug progressing from phase | to approval is remarkably low, estimated at approximately 3%—5%
depending on the study period and methodology [1,2], substantially below the ~10% observed across all
therapeutic areas [3]. This inefficiency stems from the inherent complexity of biological systems, the
difficulty of predicting drug efficacy and safety at an early stage, and the unique obstacles presented
by cancer itself: tumor heterogeneity, the rapid evolution of resistance, and a high proportion of
undruggable targets [4—6]. The traditional drug discovery model, which relies heavily on expert intuition
and serendipity-based high-throughput screening, has reached a bottleneck and requires a fundamental
methodological shift. Figure 1 traces this evolution, illustrating key technological milestones from early
phenotypic screening through the genomics era to the current Al-driven generative design paradigm.
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Figure 1. Historical evolution of target identification and small-molecule drug discovery,
spanning from traditional phenotypic screening to the current generative Al era. Key milestones
include combinatorial chemistry, CRISPR-based functional genomics, AlphaFold-driven structure
prediction, and diffusion-based de novo molecular design. Bottom panels summarize the paradigm
shift from serendipity-driven to Al-native autonomous discovery.

However, the convergence of exponential growth in biological data and breakthrough advances in
computational power is positioning artificial intelligence (Al) as a pivotal driver for overcoming this
impasse [7]. Unlike conventional computer-aided drug design (CADD) approaches which rely on
physics-based simulations, modern Al leverages machine learning (ML) and deep learning (DL) to
extract latent patterns from massive datasets, ranging from genomic sequences to unstructured scientific
literature [8]. A particularly transformative development is the rise of generative Al. Powered by
architectures such as Transformers and diffusion models, Al has evolved from merely screening existing
libraries to the de novo design of novel molecular entities, significantly expanding the range of
explorable chemical space. As summarized in Table 1, these Al-driven approaches offer marked
improvements in speed, cost, and scalability over conventional methods, though the latter retain
advantages in mechanistic interpretability, underscoring the complementary nature of both paradigms.

Al integration has now permeated every critical stage of the oncology drug development. In the
initial phase of target discovery, Al algorithms integrate multi-omics data to identify driver genes and
reveal synthetic lethal interactions, providing precise intervention points for personalized medicine. In
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the lead optimization and molecule design phase, generative models are engineering candidates that
transcend the limitations of human intuition, including proteolysis-targeting chimeras (PROTACS) for
protein degradation and novel binders for complex protein-protein interactions. Furthermore, in
preclinical research, deep learning models are progressively refining toxicity prediction and efficacy
assessment, thereby reducing reliance on costly animal models and mitigating safety risks at an
earlier stage [9-13].

Table 1. Comparison of conventional and Al-driven approaches in oncology drug discovery.

Dimension Conventional Approaches Al-Driven Approaches

Target Identification

Time/Efficiency 6-12 months Weeks
Cost High Moderate
Accuracy/Hit Rate Low Improved
Scalability Limited High
Interpretability High Variable

Molecule Design and Screening
Days to weeks (virtual screening);

Time/Efficiency Months to years (high-throughput screening, HTS) hours (de novo design)
Cost Very high Moderate
Accuracy/Hit Rate <0.2% Substantially improved
. 16 . > 109 virtual;
Scalability 10° compounds physical de novo unlimited
Interpretability High Variable

This review aims to provide a comprehensive framework for understanding the current state and
future trajectory of Al in precision oncology. We systematically summarize advances in four core
domains: target identification, virtual screening, generative molecular design, and preclinical evaluation.
Beyond highlighting algorithmic achievements, we critically examine persistent technical bottlenecks,
such as data quality disparities, model interpretability, and the translational gap between in silico
predictions and wet-lab validation. By synthesizing these developments, we offer a perspective on how
Al-driven workflows are evolving toward automated, closed-loop systems that promise to accelerate the
delivery of next-generation cancer therapeutics.

2. Al-driven cancer drug design

Traditional drug development faces significant bottlenecks, including low efficiency in target discovery
and high clinical attrition. The advent of Al offers a new paradigm to overcome these challenges. By
integrating multi-modal data encompassing genomics, transcriptomics, proteomics, pathological
imaging, and clinical information, Al can accelerate the generation of testable target hypotheses and
support systematic evidence integration to minimize trial-and-error costs [14,15].

Currently, deep learning has been shown to extract certain molecular features from pathological
images under specific conditions [16], simultaneously, graph neural networks (GNNSs) can prioritize
candidate targets by modeling protein-protein interaction networks [17], and knowledge graph
approaches facilitate multi-source knowledge integration for drug repurposing [18]. From the
perspective of the evidence hierarchy, Al-assisted target discovery typically progresses from
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computational prediction to experimental validation and ultimately to clinical evaluation, frequently
iterating across these stages. This chapter systematically reviews the methodological advances and
translational cases of Al in tumor target identification and validation along this evidence-based chain.

2.1. Types and characteristics of oncology-related targets

The selection of oncology drug targets directly determines the efficacy and safety of therapeutic strategies.
Based on the primary therapeutic axis and the mechanism of intervention, targets can be broadly classified
into two major categories: (1) tumor-intrinsic targets, including driver oncogenes, synthetic lethal partners,
DNA damage repair proteins, and metabolic/epigenetic regulators; and (2) immune-directed targets. The
immune-directed category is further subdivided into immune checkpoint/modulation targets, encompassing
immune checkpoints and other immunomodulatory factors, and antigen-based targets, comprising tumor
neoantigens and tumor-associated antigens (TAAs). While both subcategories engage the immune system,
they differ mechanistically: immune modulation acts by altering immunosuppressive signaling pathways,
whereas antigen-based approaches rely on identifying and presenting tumor-specific antigens for T-cell
recognition. Figure 2A provides an overview of these two major target categories and the corresponding
Al-driven discovery methods operating at tissue, cell, and knowledge scales. Table 2 further details the
specific targets within each category alongside their emerging therapeutic strategies, providing a
reference framework for the subsections that follow.
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Figure 2. Tumor target classification and Al discovery frameworks. (A) Two major categories of
tumor targets: tumor-intrinsic and immune-directed targets. Immune-directed targets are further
subdivided into immune checkpoint/modulation targets and antigen-based targets; (B) Multi-scale
Al methods for target discovery: tissue-scale pathology models, cell-scale single-cell models, and
knowledge-scale graph reasoning.
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Table 2. Classification of key oncology targets and emerging therapeutic strategies.

Targets Sub-classification Specific Target Frontier Applications/Drug

Pan-KRAS inhibitors; G12D-specific non-covalent
inhibitors; 4th-generation EGFR TKiIs.

PARP1-selective inhibitors; Pol0 inhibitors;
MTA-cooperative PRMTS inhibitors.

PROTACs/Molecular Glues; Transcription
factor inhibitors.

DGKua/C inhibitors; HPK1 inhibitors; SHP2

Driver Oncogenes KRAS, EGFR, BRAF

Tumor-intrinsic  Synthetic Lethality Partners PARP1, Polo, PRMT5, WRN

Hard-to-drug

Targets/Degradation MYC, STATS3, Scaffold proteins

Intracellular Signaling DGKa/(, HPK1, SHP2

Immune Regulators allosteric inhibitors.

Modulation Next-generation Checkpoints ~ LAG-3, TIGIT, TIM-3 Bispecific antibodies; Fc-enabled anti-TIGIT.
Innate/Myeloid Modulators STING, NLRP3, CD40 NLRP3 inhibitors; CD40 agonistic antibodies.
Tumor-Associated Antigens B7-H3 (CD276), TROP2, Next-generation ADCs; Tri-specific T-cell engagers;
(TAAS) Claudin 18.2, HER3 Radioligand therapies.

Antigen-based

. Shared Neoantigens (KRAS/TP53 Personalized mRNA vaccines; Off-the-shelf
Tumor Neoantigens

mutations), Patient-specific SNVs TCR-T therapies.

TME & Phagocytosis Checkpoints SIRPa-Fc fusion proteins; CD47/PD-L1
Emerging (“Don’t Eat Me”) CD47/SIRPa, CD24 bispecific antibodies.
Modalities Targeted Delivery Receptors PSMA, Nectin-4, DLL3 Radio-conjugates; DLL3-targeted T-cell engagers.

2.1.1. Tumor-intrinsic targets

Tumor-intrinsic targets refer to molecules essential for tumor cell survival and proliferation, including
driver oncogenes (such as EGFR and KRAS), synthetic lethal partners, DNA damage repair proteins,
and metabolic/epigenetic regulators [19]. Among these, synthetic lethality strategies have emerged as a
key focus for Al-assisted discovery due to their capacity to therapeutically exploit loss-of-function tumor
suppressors. While tumor suppressors are inherently difficult to target directly, their synthetic lethal
partners can be inhibited to achieve a similar therapeutic effect.

Synthetic lethality describes a genetic phenomenon wherein the simultaneous inactivation of two
genes leads to cell death, while the inactivation of either gene alone is compatible with cell survival [20].
In cancer therapy, this principle is exploited to target tumors harboring loss-of-function mutations in
undruggable tumor suppressor genes by inhibiting their corresponding synthetic lethal partners, thereby
achieving the selective Killing of tumor cells [21].

The sensitivity of BRCA1/2-deficient tumors to PARP inhibitors represents a landmark in the
clinical translation of the synthetic lethality concept [22]. BRCAL1/2 proteins participate in the
homologous recombination (HR) repair of DNA double-strand breaks; their functional loss compromises
HR and increases reliance on PARP-associated DNA damage responses during replication stress [23].
PARP inhibitors (including PARP trapping) exacerbate replication-associated lesions and promote the
accumulation of lethal DNA damage specifically in BRCA-deficient cells [24]. Based on this
mechanism, olaparib was approved by the FDA in 2014 as the first clinically approved therapy explicitly
grounded in synthetic lethality rationale [25].

In the exploration of novel synthetic lethal relationships, the combination of MTAP deletion and
MAT?Z2A inhibition has attracted considerable attention [26]. The MTAP gene is located adjacent to
CDKNZ2A in the 9p21 chromosomal region, with approximately 15% of human tumors, depending on
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cancer type, harboring co-deletion of this region [27]. MTAP loss leads to the accumulation of
methylthioadenosine (MTA), rendering cells metabolically dependent on the MAT2A-PRMTS5 axis [28].

Al technologies have significantly accelerated the systematic discovery of synthetic lethal targets.
Machine learning models trained on CRISPR screening data can now predict synthetic lethal interactions
at a genome-wide scale [29]. Simultaneously, graph neural networks integrate protein-protein interaction
networks and gene co-expression information to identify functionally complementary gene modules [30].
Notably, deep learning frameworks such as SLant and GCATSL have demonstrated superior predictive
performance compared to traditional methods across various independent datasets [31,32].

Beyond synthetic lethality, targeted protein degradation, encompassing PROTACs and molecular
glues, has emerged as a powerful strategy for tackling traditionally undruggable targets such as MYC
and STAT3. However, the rational design of PROTACS presents unique computational challenges: three
molecular components (E3 ligase binder, target protein binder, and linker) must be simultaneously
optimized, and the formation of a productive ternary complex is essential for efficient target degradation.
Al methods are addressing these multi-component challenges at several levels. At the ternary complex
prediction level, machine learning models such as DeepPROTACSs [33] integrate structural features of
E3 ligases, target proteins, and linker geometries with physicochemical descriptors to evaluate ternary
complex compatibility and predict degradation potential. At the linker design level, generative models
including PROTAC-INVENT [34] and Link-INVENT [35] employ reinforcement learning to explore
chemical space for linkers with optimized length, flexibility, and cell permeability, enabling the
automated generation of novel PROTACs candidates with desired pharmacological profiles. At the
degradation outcome level, GNNs have been applied to predict degradation efficiency and target
selectivity from molecular graphs, providing a computational framework to prioritize degrader
candidates prior to costly experimental synthesis. For molecular glue discovery, which requires the
identification of compounds that stabilize neo-substrate recruitment to E3 ligases, Al-driven virtual
screening of E3 ligase—substrate protein interfaces are beginning to expand the accessible chemical
space, although this subfield remains at an earlier stage of methodological maturity compared to
PROTAC:S design. Databases such as PROTAC-DB [36] serve as critical data infrastructure for training
and benchmarking these Al models.

2.1.2. Immune modulation targets

The clinical success of immune checkpoint inhibitors has ushered in a new era of cancer
immunotherapy [37]. PD-1/PD-L1 inhibitors have been approved for multiple solid tumors, while
CTLA-4 inhibitors have demonstrated durable efficacy in melanoma and other malignancies [38].
However, only approximately 20%-30% of patients achieve durable responses to existing immune
checkpoint inhibitors [39]. Consequently, researchers are actively exploring novel immunomodulatory
factors as next-generation therapeutic targets, a process that requires a deeper understanding of the
endogenous signaling mechanisms in immune cells and their interactions with the tumor
microenvironment [40].

Beyond classical cell surface checkpoints, intracellular signaling regulators have garnered attention
as novel targets. Members of the diacylglycerol kinase (DGK) family, for instance, have been proposed
as intracellular immune checkpoints [41]. DGKa and DGKC( negatively regulate T cell receptor (TCR)
downstream signaling by metabolizing the diacylglycerol (DAG) signaling molecule [42]. Preclinical
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studies have demonstrated that the inhibition of DGKa/{ enhances T cell antitumor effector functions
and exhibits synergistic effects with PD-1 blockade [43]. Based on this mechanism, Bristol Myers Squibb
has developed the dual DGKo/C inhibitor BMS-986408, which has now entered clinical evaluation [44].

With regard to the balance between target druggability and safety, the upstream regulation of the
CDA47-SIRPa axis provides instructive insights. CD47, as a “don’t eat me” signal molecule, is widely
expressed on normal cells; consequently, direct blockade of the CD47-SIRPa interaction may lead to
the unwanted clearance of normal cells such as erythrocytes [45]. QPCTL is a glutaminyl cyclase that
catalyzes the N-terminal pyroglutamate modification of CD47, a modification essential for the high-affinity
binding between CD47 and SIRPa [46]. Indirect modulation of CD47 function through QPCTL inhibition
may theoretically achieve a more favorable therapeutic window [47].

Al technologies play multiple roles in the discovery of novel immune targets. Single-cell transcriptomic
analysis combined with machine learning can identify the functional states and inhibitory markers of
tumor-infiltrating immune cells [48]. AlphaFold-based protein structure prediction and molecular docking
simulations facilitate the assessment of candidate target druggability [49]. Furthermore, methods integrating
immune repertoire sequencing data with deep learning can predict T cell response characteristics following
novel target intervention [50]. Recent studies have employed GNNs to identify immunosuppressive
ligand-receptor pairs from cell communication networks within the tumor microenvironment, providing a
computational framework for the systematic discovery of novel checkpoints [51].

2.1.3. Antigen-based targets

Antigen-based targets refer to tumor-associated molecules that can be recognized by the immune system
or engineered immune cells, including mutation-derived neoantigens and TAAs. These serve as the
molecular foundation for cancer vaccines, TCR-T, CAR-T, and other immunotherapeutic approaches [52].

Tumor neoantigens are tumor-specific antigenic epitopes generated by somatic mutations. Because
they are absent from normal tissues, they possess high immunogenic potential [53]. Effective neoantigen
presentation involves a complex multi-step cascade process: mutant proteins must be degraded by the
proteasome to generate peptides, which are then transported into the endoplasmic reticulum via TAP
transporters and bind to MHC class | molecules. The resulting pMHC complexes are presented on the
cell surface and ultimately recognized by CD8" T cell TCRs to trigger immune responses [54]. Failure
at any step results in loss of immunogenicity, and studies indicate that only approximately 1%-2% of
nonsynonymous mutations can generate effectively immunogenic neoantigens [55]. Key factors influencing
neoantigen immunogenicity include: binding affinity between mutant peptides and MHC molecules, the
stability of pMHC complexes, the position of the mutation site within the peptide, physicochemical
differences between mutant and wild-type amino acids, and the frequency of antigen-specific
precursors in the T cell repertoire [56].

Among these determinants, T cell precursor frequency deserves particular attention because it is
both critical for neoantigen immunogenicity and highly variable across patients, making it a major source
of prediction uncertainty. Al methods are beginning to address this patient-specific variability through
multiple complementary strategies. At the data integration level, coupling patient-derived TCR
repertoire sequencing (TCR-seq) data with neoantigen prediction pipelines enables the estimation of
pre-existing T cell reactivity against candidate epitopes. At the modeling level, transfer learning
approaches leverage population-scale TCR repertoire databases such as VDJdb [57] and IEDB [58] to
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learn generalizable binding patterns, which can then be fine-tuned on individual patient data to improve
personalized predictions. More ambitiously, multi-modal frameworks that jointly model HLA genotype,
peptide-MHC binding affinity, and TCR repertoire diversity are being developed to provide integrated
immunogenicity scores that account for patient-specific immune contexts. Emerging computational tools
for predicting TCR-pMHC binding specificity, including ERGO-II [59] and NetTCR [60], further
support the prioritization of neoantigens based on individual immune repertoires, although achieving
clinical-grade prediction accuracy remains an active area of investigation.

Beyond neoantigens, TAAs represent important targets for CAR-T, antibody—drug conjugates (ADCs),
and bispecific antibodies. Unlike neoantigens, TAAs are not mutation-derived but rather normal
proteins that are overexpressed or aberrantly expressed in tumor cells, such as CD19, BCMA, and
HER2 [61]. CAR-T target selection requires balancing tumor specificity against normal tissue toxicity.
Al methods can systematically evaluate candidate antigen expression profiles from single-cell and spatial
transcriptomic data to identify target combinations with high tumor specificity and low off-target risk [62].
Furthermore, logic-gated CAR-T strategies enhance tumor specificity through the combinatorial
recognition of multiple antigens, where Al can assist in optimizing the discriminatory power and safety
window of these antigen combinations [63].

Regarding computational prediction, algorithms such as NetMHCpan-4.1 and BigMHC have
optimized predictive performance by focusing on MHC binding affinity, antigen processing efficiency,
and multi-dimensional feature integration [64,65]. Deep learning models including pMTnet and TITAN
are attempting to address the more challenging task of pMHC-TCR binding prediction [66,67]. Whether
neoantigens can become translatable therapeutic targets depends on multiple constraints including
antigen processing and MHC presentation, pMHC stability, and TCR recognition. Therefore, the key to
computational prediction lies in prioritizing the few candidate epitopes with genuine immunogenicity
from numerous somatic mutations, which must ultimately be confirmed through experimental validation.

2.2. Al-driven target discovery methods

Building upon the biological characteristics of tumor-intrinsic and immune-directed targets (including
immune checkpoint/modulation and antigen-based subtypes), the key role of Al methods lies in
generating testable target hypotheses from multi-scale evidence and performing prioritization. The
following sections elaborate on three hierarchical aspects: (i) virtual spatial omics and computational
pathology at the tissue scale, (ii) Al virtual cells, single-cell foundation models, and virtual perturbation
at the cellular scale, and (iii) knowledge graph reasoning with mechanistic evidence integration at the
knowledge scale. As illustrated in Figure 2B, these multi-scale Al approaches integrate pathology
foundation models, virtual spatial omics, Al virtual cells, single-cell foundation models, and knowledge
graph reasoning to systematically prioritize candidate targets synthesized from diverse biological evidence.

2.2.1. Tissue-scale modeling: virtual spatial omics and computational pathology

At the tissue scale, Al methods leverage histopathological images to infer molecular and spatial
information relevant to target discovery. Two main paradigms have emerged: virtual spatial omics,
which estimates spatially resolved molecular profiles (e.g., spatial gene expression) from routine
histology images—typically learned from paired spatial transcriptomic references and sometimes aided
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by sparse spatial measurements—and molecular phenotype inference, which predicts molecular features
such as mutation status and biomarkers directly from H&E whole-slide images (WSIs).

For virtual spatial omics, recent methods aim to predict spatially resolved gene expression from
H&E images, potentially democratizing access to spatial molecular information. For instance, iStar
integrates histology images with sparse spatial measurements to achieve super-resolution spatial gene
expression prediction at near-single-cell resolution. TRIPLEX adopts a multi-resolution architecture
to capture spatial and morphological context at different scales for improved gene expression
prediction [68,69]. More recently, CarHE employs contrastive learning to align image features with
spatial single-cell gene expressions, enabling the prediction of over 10,000 genes solely from H&E
images during inference [70]. A comprehensive benchmark study evaluating multiple methods for
predicting spatial gene expression from histology images has provided systematic guidance for model
selection [71]. Collectively, these approaches provide spatially contextualized evidence for target
discovery within the tumor microenvironment, while requiring careful external validation due to
potential domain shifts across cohorts, staining protocols, and scanners.

For molecular phenotype inference, studies have demonstrated that WSIs contain morphological
signals correlated with molecular phenotypes. Specifically, deep learning models can, under certain
conditions, predict microsatellite instability (MSI), deficient mismatch repair (dMMR), and the mutation
status of specific driver genes [72,73], thereby providing auxiliary cues for low-cost pre-screening and
stratification prior to molecular testing.

The emergence of pathology foundation models has further enhanced the generalizability of this
paradigm across different tasks. Slide-level foundation models, exemplified by Prov-GigaPath, learn
transferable visual representations through large-scale self-supervised pretraining [74]. Universal
pathology self-supervised models such as UNI are pretrained on massive H&E datasets, providing a
robust feature backbone for diverse computational pathology tasks [75]. Vision-language models such
as CONCH further incorporate image-text contrastive learning to align morphological representations
with textual semantics, thereby enhancing cross-task adaptability [76]. These models provide a unified
feature extraction framework for downstream tasks including tumor classification, tumor microenvironment
phenotyping, and prognostic risk stratification, and serve as auxiliary evidence sources for target
discovery and patient stratification.

2.2.2. Cell-scale modeling: virtual cells and single-cell foundation models

At the cellular scale, Al methods exploit single-cell data to identify cell type-specific targets and predict cellular
responses to perturbations. Three interconnected paradigms have emerged: (i) Al virtual cells (AIVC), which
aim to construct comprehensive “digital twins” of cells capable of simulating cellular behavior, state
transitions, and responses to perturbations in a holistic manner; (ii) single-cell foundation models, which
learn generalizable representations of gene expression across diverse cellular contexts; and (iii) virtual
perturbation, which computationally simulates the effects of genetic or chemical interventions on
cellular states.

For Al virtual cells, a landmark Cell perspective outlined a roadmap for building virtual cells
capable of simulating cellular behavior at the molecular and structural levels [77]. The Arc Institute has
released two complementary virtual cell models. State, the first-generation model, was trained on
observational data from nearly 170 million cells and perturbational data from over 100 million cells
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across 70 cell lines [78]. State operates across physical scales through two interlocking modules: the
state embedding model that learns representations of individual cells, and the state transition model that
predicts how perturbations shift cellular states. More recently, Stack introduced in-context learning
capabilities to single-cell biology [79]. Trained on 149 million uniformly preprocessed human single
cells, Stack leverages tabular attention to generate cell representations informed by cellular context,
enabling the prediction of perturbation effects across entirely new biological conditions without
requiring condition-specific perturbational data. These initiatives may ultimately enable comprehensive
in silico simulation of target perturbation effects across diverse cellular contexts.

For single-cell foundation models, a growing family of Transformer-based methods has emerged to
learn generalizable representations of gene expression. scGPT, pretrained on over 33 million cells,
utilizes a transformer architecture and is pretrained with masked gene prediction-style objectives to
model gene expression patterns [80]. Geneformer uses rank-based gene encoding to capture
transcriptome-wide context from approximately 30 million cells [81]. Other notable models include
scFoundation, which scales to 50 million cells by employing a read-depth recovery task for cross-dataset
harmonization [82], and UCE (universal cell embeddings), which learns unified representations across
species and sequencing platforms [83]. More recently, CellFM has pushed the scale further to 800 million
parameters trained on 100 million human cells [84]. These models can be applied to downstream tasks
including cell type annotation, batch integration, trajectory inference, and cross-dataset integration.
However, recent systematic benchmarks have revealed that the zero-shot performance of these models
does not consistently outperform simpler baselines such as highly variable gene selection, highlighting
the necessity of rigorous evaluation and the need for further methodological development [85]. Several
factors may account for this performance gap. First, single-cell datasets are characterized by high
dropout rates, batch effects, and substantial technical noise. Large-scale pretraining may amplify rather
than correct these artifacts when the training corpus lacks sufficient quality control. Second, foundation
models pretrained with broad transcriptomic objectives do not necessarily learn representations that are
optimally aligned with specific downstream tasks such as cell-type annotation or perturbation response
prediction. Without dedicated fine-tuning, this task-model mismatch allows simpler, task-specific
baselines, which often incorporate strong domain-specific inductive biases, to remain competitive.
Third, the mapping from gene expression patterns to biological function is highly nonlinear and
context-dependent, posing fundamental challenges for zero-shot generalization across diverse tissues,
disease states, and experimental platforms. These observations do not diminish the long-term potential
of foundation models but rather underscore that domain-specific adaptation strategies remain essential
for translating model scale into consistent downstream performance gains.

For virtual perturbation, in silico perturbation represents a promising application direction for
single-cell foundation models in target discovery, aiming to computationally simulate the effects of gene
knockout or overexpression on cellular expression profiles [86]. However, systematic benchmark
evaluations have shown that the advantages of current models over simple baselines in perturbation
prediction tasks remain inconsistent [87]. Alternatively, methods based on gene regulatory networks,
such as CellOracle and scTenifoldKnk, offer more mechanistically interpretable alternatives [88,89].
Virtual perturbation prediction is still in its early developmental stage, and target hypotheses generated
by these approaches require rigorous validation through Perturb-seq or CRISPR screening experiments.
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2.2.3. Knowledge-scale modeling: knowledge graphs and mechanistic evidence integration

At the knowledge scale, knowledge graphs provide a unified framework for integrating multi-source
biological knowledge through the structured representation of relationships among entities such as drugs,
targets, genes, diseases, and pathways [90]. Early methods such as graph embedding and link prediction
could infer previously unreported drug-disease or target-disease associations [91]. In recent years, the
fusion of GNNs with large language models (LLMSs) has significantly enhanced both predictive
performance and generalization capability.

TXGNN is a GNN-based foundation model designed for therapeutic drug indication prediction,
covering over 17,000 diseases and demonstrating excellent performance in zero-shot prediction tasks,
particularly for rare diseases lacking known therapeutic options [92]. SHEPHERD integrates
knowledge graphs with patient phenotype data to support phenotype-driven rare disease diagnosis,
facilitating causal gene prioritization and patient matching (“patients-like-me”) for novel or
heterogeneous presentations [93]. Lastly, DrugCLIP [94] has demonstrated the utility of contrastive
learning for large-scale virtual screening by reformulating it as a dense retrieval task.

With respect to mechanistic evidence integration, PINNACLE constructs context-aware
representations of protein-protein interactions, which are capable of distinguishing target functions
across different cell types and tissue contexts [95]. Biomedical multimodal large models such as
BiomedGPT further integrate literature, molecular structures, and omics data to provide interpretable
mechanistic hypotheses for target-disease associations [96]. These methods, combined with
transcriptomic reversal signatures and real-world data analysis, provide multi-dimensional supporting
evidence from both functional and clinical perspectives.

3. Oncology drug discovery based on virtual screening

Once potential therapeutic targets have been identified and validated through the multi-scale approaches
described above, the next critical task is to screen candidate molecules capable of effectively modulating
these targets from vast compound libraries. Virtual screening (VS) constitutes a foundational technology
in drug discovery (Figure 3), aiming to identify molecules with potential biological activity from massive
compound libraries, thereby substantially reducing both the time and economic costs of experimental
screening [97]. In oncology drug development, the complexity of target-associated signaling pathways
and multidrug resistance mechanisms imposes elevated requirements on the accuracy of molecular activity
assessment. Binding affinity, as a key metric quantifying the strength of small-molecule-target protein
interactions, largely determines the hit rate of virtual screening through its prediction accuracy [98,99].
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Figure 3. General workflow of Al-driven virtual screening.
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3.1. Traditional computer-aided drug design methods

Early virtual screening primarily relied on classical CADD methods, such as molecular docking and
pharmacophore modeling. Molecular docking predicts binding affinity by simulating the spatial
orientation and interaction patterns of ligands within target protein binding pockets, while
pharmacophore modeling extracts key three-dimensional spatial and chemical features from known
active molecules as screening criteria. These methods have served vital roles in drug discovery over the
past several decades but exhibit notable limitations.

First, constrained by computational efficiency and available resources, traditional virtual screening
is typically limited to compound libraries of 10° to 10" magnitude, struggling to effectively cover the
vast chemical space. Second, traditional empirical or semi-empirical scoring functions rely on simplified
energy terms describing hydrogen bonds, hydrophobic interactions, and electrostatic effects; however,
they struggle to adequately capture solvent effects and entropic contributions, leading to systematic
errors in affinity prediction [100-102]. Moreover, most methods offer limited treatment of receptor
flexibility and conformational variation, a problem particularly pronounced in highly dynamic oncology
targets such as kinases, often resulting in substantially reduced enrichment rates [103].

Third, in ligand-based scenarios, classical methods rely on combinations of hand-crafted descriptors
with traditional machine learning algorithms (such as random forests or support vector machines) [104].
While these models can capture structural correlations associated with biological activity, they
exhibit limited expressiveness in handling complex non-linear relationships and demonstrate
reduced generalization capacity when applied to small-sample or imbalanced datasets. Finally,
regarding post-screening validation, traditional computational validation centers on molecular
dynamics (MD) simulations and endpoint free energy calculations (such as MM-GBSA/MM-PBSA).
These methods partially account for conformational dynamics and solvation but are computationally
demanding and sensitive to initial binding poses and parameterization, thereby limiting their scalability [105].

These longstanding challenges have motivated the development of modern Al approaches aimed at
more faithfully capturing thermodynamic and dynamic effects. Physics-informed GNNs such as
PIGNet2 [106] integrate physical energy components within deep learning architectures, improving the
physical consistency of binding affinity scoring and virtual screening. Machine learning extensions of
implicit solvation models are designed to better account for solvent-related energetic contributions [107].
In addition, models trained on large-scale molecular dynamics datasets (e.g., MISATO and PLAS-20Kk)
leverage conformational ensembles and atomic trajectories to implicitly capture dynamic fluctuations and
solvent-mediated interactions that are difficult to represent in traditional static scoring frameworks [108,109].

3.2. Al-empowered screening and closed-loop validation

The emergence of deep learning has propelled a paradigm shift in virtual screening methodologies. Models
exemplified by GNNs and equivariant neural networks can directly extract richer spatial and topological
features from molecular structures, substantially improving binding affinity prediction performance. Within
this framework, virtual screening has evolved from qualitative, similarity-based screening to quantitative
processes oriented toward binding strength. Concurrently, improvements in computational efficiency have
enabled virtual screening to scale to ultra-large libraries containing 10%° to 10*> compounds [110], achieving
a leap from searching limited candidate sets to exploring entire chemical spaces.
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In structure-based virtual screening (SBVS), deep learning is increasingly being integrated to address
geometric and ranking challenges. Early studies employed convolutional neural networks (CNNSs) such as
GNINA to combine deep learning with physics-based conformational sampling [111-113]. To address
geometric limitations, E(3)-equivariant graph neural networks (e.g., EquiBind, TankBind, and
EquiScore) have emerged, explicitly modeling geometric relationships between atomic coordinates
while respecting SE(3) symmetry constraints, thereby achieving more precise spatial characterization of
interactions [114-116]. Addressing the challenge of fine-grained affinity ranking among closely
related ligands for the same target, the pairwise binding comparison network (PBCNet) employs
physics-informed graph attention mechanisms to directly model relative binding strength [117].
Furthermore, contrastive learning and joint embedding strategies (e.g., DrugCLIP [94]) allow for
efficient pre-filtering by constructing shared representation spaces for protein pockets and small
molecules, effectively bypassing exhaustive docking. Additionally, diffusion-based generative
methods (such as DiffDock and SurfDock) offer an alternative paradigm for SBVS by directly
predicting binding poses without relying on traditional docking searches [118-120].

In ligand-based virtual screening (LBVS) [121], deep learning has fundamentally reshaped the
paradigm, particularly when reliable target structures are unavailable. GNN-based models (e.g., D-MPNN
and Chemprop) learn structural representations directly from molecular graphs, eliminating tedious
feature engineering and consistently outperforming traditional QSAR in capturing complex
structure-activity patterns [122]. Similar strategies have been extended to infectious diseases [123,124]
as well as oncology and neurological targets [125], yielding hit rates markedly higher than traditional
high-throughput screening. As applications broaden, targeted innovations have emerged to address
emerging challenges [126]: AdaptToR [127] employs adaptive anchor selection to enhance multi-target
prediction, while eMOSAIC [128] combines multimodal representations with outlier detection for robust
uncertainty estimation. The latter effectively addresses out-of-distribution (OOD) generalization issues, a
common bottleneck in ligand-based discovery.

To bridge the gap between computational prediction and experimental reality [129], Al integration has
substantially improved validation efficiency. Machine learning accelerates MD and free energy calculations
through active learning-based prioritization [130,131], while dynamics-aware models (e.g., Dynaformer [132]
and ProtMD [133]) explicitly incorporate conformational ensembles or pose perturbations to simulate
receptor flexibility. Neural network potentials (NNPs) provide high accuracy at lower cost, enabling
broader dynamics assessment [134,135]. Ultimately, closed-loop strategies integrating screening,
experimental feedback (e.g., SPR, ITC, and functional assays) [136,137], and iterative model optimization
are receiving increasing attention, positioning virtual screening to assume a more central role in precision
oncology [138-141]. As standardized benchmarks and prospective validation frameworks mature, virtual
screening is well-positioned to transform the landscape of precision oncology drug discovery.

3.3. From in silico hits to bioactive leads

Al-driven virtual screening has transcended theoretical utility to deliver experimentally validated lead
compounds for complex oncology targets. Recent advances demonstrate the successful translation of
computational predictions into bioactive molecules across four critical dimensions: kinase resistance,
protein—protein interactions (PPIs), synthetic lethality, and drug repurposing.
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In addressing kinase resistance, Al workflows have successfully tackled the EGFR C797S mutation,
a major bottleneck for third-generation non-small cell lung cancer (NSCLC) therapies. By integrating
machine learning-based screening with allosteric pocket analysis, researchers identified fourth-generation
inhibitor candidates effective against L858R/T790M/C797S triple mutants [142,143]. These Al-derived
hits demonstrated significant cytotoxicity in resistant cell lines and favorable pharmacokinetic profiles,
underscoring the capability of computational models to navigate restrictive conformational spaces where
traditional design often fails.

Regarding hard-to-drug PPI interfaces, Al has facilitated a transition from monoclonal antibodies
to oral bioavailable small molecules. For the PD-1/PD-L1 checkpoint, pharmacophore-guided screening
identified non-peptide small molecules capable of physically blocking the interaction surface [144].
Experimental validation confirmed that these compounds restore T-cell function and induce immune
responses in vivo, validating Al’s potential to “chemicalize” large biological targets.

In the realm of synthetic lethality, Al is accelerating the discovery of inhibitors for DNA damage
response targets such as DNA polymerase theta (Pol6, POLQ). Consensus machine learning models and
generative platforms (e.g., Chemistry42) have streamlined the screening of millions of compounds,
yielding nanomolar-potency helicase inhibitors with novel scaffolds (such as 3-hydroxymethyl-azetidine
derivatives) [145,146]. These compounds exhibit selective lethality in BRCA-deficient tumor models,
showcasing the powerful synergy between predictive screening and generative design.

Finally, in system-level drug repurposing, Al platforms integrating multi-omics data identified
(2)-endoxifen as a potential therapeutic candidate for glioblastoma multiforme, with in vitro validation
demonstrating its anti-proliferative and pro-apoptotic effects and known blood-brain barrier
permeability further supporting its relevance to central nervous system tumors [147]. Collectively, these
applications confirm that Al virtual screening has matured into a robust engine capable of delivering
structurally novel, thermodynamically stable, and biologically active leads for precision oncology.

4. Generative artificial intelligence for de novo oncology drug design

Traditional computational workflows in drug discovery have long relied on enumerative search
paradigms, where the discovery potential is strictly confined to the finite size and diversity of existing
compound libraries. When confronting the high heterogeneity of tumor targets and the dynamic
remodeling of binding interfaces driven by resistance mutations, such passive selection strategies often
prove insufficient. Generative Al has fundamentally transformed this landscape by introducing a diverse
arsenal of deep generative architectures, including variational autoencoders (VAES), generative
adversarial networks (GANSs), normalizing flows, Transformers, and diffusion models, each offering
distinct advantages for molecular design (Figure 4). This marks a paradigm shift from the screening of
discrete candidate sets to the goal-driven, de novo creation of novel molecular entities. By learning the
high-dimensional probability distributions of sequence, structure, and physicochemical properties
embedded in massive datasets, generative models facilitate conditional sampling within continuous
latent spaces. This capability enables the de novo design of therapeutics with tailored functional
constraints across multiple molecular scales—ranging from small molecules to peptides, protein binders,
and nucleic acids—thereby providing a systematic technical avenue to address undruggable targets and
overcome rapid resistance evolution [148].
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Figure 4. Schematic overview of generative artificial intelligence models. Representative
architectures of generative models commonly used in drug design, including generative adversarial
networks, variational auto-encoders, diffusion models, and normalizing flows.

4.1. Evolution of core generative model architectures

The core principle of generative models lies in learning the statistical patterns of molecules across
sequence, structure, and physicochemical property spaces, thereby enabling conditional generation within
latent spaces (Figure 4). Early molecular generation research primarily employed sequence modeling
frameworks such as recurrent neural networks (RNNs) and long short-term memory networks (LSTMs),
utilizing simplified molecular input line entry system (SMILES) representations or primary sequences
as input for autoregressive generation. These early sequence-based approaches laid the groundwork for
molecular generation and demonstrated the feasibility of reinforcement learning-guided optimization.
However, their inherent limitations in capturing global molecular topology motivated the development
of more expressive architectures. VAEs and GANs were developed to map discrete molecular
representations to continuous latent spaces, transforming the generation problem into latent space
sampling and optimization, thus providing a natural computational framework for scaffold hopping and
multi-objective optimization. With the growth of model scale and data volume, Transformer architectures
based on self-attention mechanisms have become the mainstream framework owing to their capacity for
explicitly modeling long-range dependencies, demonstrating powerful versatility across small molecule
generation, protein sequence design, and nucleic acid modeling. More recently, the emergence of
diffusion models and flow matching models has further advanced generative design toward structural
fidelity and physical consistency; these models learn the continuous evolution from noise distributions
to real molecular distributions, naturally incorporating geometric constraints and energetic preferences
during generation, thereby exhibiting unique advantages in three-dimensional structure generation and
interaction interface engineering.

4.2. Generative design of small molecule drugs
By learning the distributions of large-scale molecular data, generative models can navigate directly

within the latent chemical space to produce candidates with desired biological activity, drug-likeness,
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and synthetic accessibility, thereby transcending the bottlenecks of traditional virtual screening
constrained by the size and diversity of existing compound libraries [149,150] (Figure 5A).
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Figure 5. Generative Al applications across diverse therapeutic modalities. (A) Small molecule &
nucleic acid design. The left panel illustrates small molecule generation strategies, including de novo
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for specific translational activities; (B) Protein design. A generative workflow for protein
therapeutics, highlighting the interplay between structure-based design, backbone generation, and
sequence optimization to create functional protein binders.
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De novo molecular generation constitutes the core application in this field. Early methods relied on
RNNs and LSTMs for autoregressive generation; for instance, the curriculum learning strategy
implemented by Guo and colleagues within the REINVENT platform accelerated learning [151], while
the iterative optimization workflow proposed by Mokaya and colleagues enabled generation based on
both known and unseen molecular features [152]. With the increasing incorporation of structural
information, generative models are now designed to interact with protein binding pockets. Specifically,
ResGen employs a multiscale hierarchical autoregressive approach to generate three-dimensional
molecules directly within binding pockets [153], SurfGen utilizes graph neural networks to encode spatial
interactions between pocket topology and ligand atoms [154], KGDiff integrates chemical knowledge
guidance into the denoising process of diffusion models [155], and Tree-Invent combines reinforcement
learning with topological tree constraints for de novo generation and scaffold hopping [156]. In terms of
prospective applications, PI3Ky inhibitors generated by Moret and colleagues using chemical language
models that integrate structural and bioactivity information demonstrated effective inhibition of the
PI3K/Akt pathway in brain cancer cell models [157]. Furthermore, the GENTRL platform developed by
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in silico Medicine, combining VAEs with reinforcement learning, designed novel triazolopyridine
candidates targeting the DDR1 kinase within only 21 days, with lead compounds exhibiting 1Cso values
at the 10 nM level and favorable pharmacokinetic profiles in pulmonary fibrosis and tumor models [158].

Scaffold hopping and fragment-based molecular generation represent key strategies for generating
molecules with novel bioactivity in modern drug discovery. Lim and colleagues employed VAEs-based
graph generation models for scaffold-centric molecular design [159], SyntaLinker Hybrid combines
fragment hybridization with transfer learning [160], and DeepHop utilizes protein sequence information
and 3D molecular conformations for cross-scaffold generation [161]. In applications requiring precise
linker design such as PROTACs and ADCs, methods including DeLinker [162], DiffLinker [163], and
Linker-GPT [164] leverage GNNs and Transformer architectures to precisely control linker length,
hydrophobicity, and spatial conformation.

Pharmacophore-guided molecular generation enhances the fidelity of generated molecules within
active sites by enforcing interaction patterns such as hydrogen-bond donors/acceptors, hydrophobic
centers, and charge distributions [165,166]. TransPharmer employs ligand-based pharmacophore
fingerprints as conditional inputs to GPT architectures [167], DEVELOP embeds three-dimensional
pharmacophore information into graph neural networks to ensure sustained alignment with
pharmacophore constraints [168], and PGMG leverages pharmacophore features to overcome data
scarcity [169]. Omics-guided molecular generation transcends the dependence on predefined targets:
PaccMannRL uses target cell transcriptomic profiles as conditional inputs to generate candidate molecules
capable of modulating specific gene expression patterns [170], BICEV [171] utilizes differential gene
expression data to design small molecules with multi-target modulation potential, and G2D-Diff [172]
designs small molecule therapeutics with targeted anticancer activity based on specific cancer genotypes.
Reaction-aware molecular generation addresses the critical bottleneck of synthetic accessibility: the
Synthesia [173] framework guides structural modifications through retrosynthetic analysis, substantially
reducing the generation of unsynthesizable compounds; Uni-RXN integrates reaction classification,
condition modeling, and conditional molecular generation into a unified model [174].

In summary, the generative design of small molecules has evolved from early sequence models relying
on SMILES or two-dimensional topology to systematic methodologies integrating three-dimensional
structures, interaction patterns, and chemical rules, advancing molecular design from mere structural
feasibility toward integrated functional controllability and synthetic operability.

4.3. Generative design of protein and peptide therapeutics

Compared to small molecules, protein and peptide therapeutics possess unique advantages in targeting
complex biological interfaces, modulating protein-protein interactions, and achieving high-specificity
therapeutic functions, having emerged as pivotal modalities for oncology, biologics, and gene editing
applications. However, the vast sequence space, stringent conformational constraints, and multidimensional
functional requirements of proteins and peptides render traditional empirical screening methods
inefficient. The rapid development of generative Al models provides novel computational tools for de
novo design and directed optimization of protein and peptide therapeutics, enabling a paradigm shift
from stochastic screening to controlled generation [175] (Figure 5B).

In peptide therapeutic design, sequence-based and structure-based strategies form complementary
approaches. Sequence-based methods leverage protein language models (PLMSs) to learn the statistical
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distributions of amino acid sequences and their implicit associations with function, proving particularly
suitable for tumor-associated targets lacking stable binding pockets or exhibiting intrinsic disorder.
PepPrCLIP combines PLMs with contrastive learning frameworks and has been successfully applied
to conformationally diverse or intrinsically disordered targets, including UltralD enzyme-inhibitory
peptides and peptide binders against the oncogenic fusion protein SS18-SSX1 [176]. PepMLM fine-tunes
ESM-2 through cross-sequence masking strategies to reconstruct complete binding regions without
structural input [177]. PepINVENT extends generative peptide design to broader chemical space
including non-natural amino acids [178]. Structure-based peptide generation models explicitly model
peptide-protein interactions in three-dimensional space: PepMimic employs latent space diffusion models
to simultaneously generate peptide sequences and three-dimensional structures, successfully designing
peptides with nanomolar affinity against targets including PD-L1, CD38, BCMA, HER2, and CD4 [179].
For cyclic peptide design, AfCycDesign modifies the relative position encoding of AlphaFold2 to
incorporate cyclization constraints, identifying binders with nanomolar I1Csg values against MDM2 and
Keapl among over 10,000 structurally diverse cyclic peptide backbones [180]; RFpeptides, built upon
RFdiffusion and RoseTTAFold2, produced nanomolar-affinity cyclic peptides against MCL1, MDM2,
GABARAP, and RbtA, with multiple crystal structures showing excellent agreement with designed
models (C, RMSD < 1.5 A) [181].

In the domain of de novo protein binder design, the integration of deep learning models with traditional
protein design workflows has achieved multiple breakthroughs. Starting from the known structures of
cancer-associated targets, Cao and colleagues employed free amino acid matching and spatial alignment
algorithms to identify compatible binder positions, producing stable binding proteins capable of
recognizing EGFR and CD276 [182]. The Baker laboratory utilized RFdiffusion with precise geometric
constraints to de novo design protein binders capable of specifically binding and neutralizing multiple
three-finger snake venom toxin subtypes [183], and designed miniprotein binders targeting PD-L1
comprising only approximately 60 amino acids, exhibiting picomolar affinity, high thermal stability
(Tm>90 <), and superior tumor tissue penetration compared to conventional monoclonal antibodies [184].
BindCraft, as an automated deep learning-based workflow, leverages AlphaFold2 to directly optimize
protein-protein interfaces during generation, validated across multiple complex interface targets [185].
Most recently, BoltzGen [186] has emerged as a fully open-source, all-atom generative model that unifies
structure prediction and binder design, enabling the flexible creation of diverse modalities—such as
nanobodies and cyclic peptides—against a wide range of biomolecular targets. The Chai-2 [187] model has
pushed the limits of experimental reliability, achieving a transformative 16% hit rate in fully de novo
antibody design and a 68% success rate in miniprotein design, effectively moving the field from large-scale
screening toward high-precision, atomic-level molecular engineering.

Membrane protein targets, long considered challenging due to their high hydrophobicity and
lipid bilayer dependence, have now achieved substantial progress through generative protein design.
By combining motif-guided RFdiffusion with high-throughput screening platforms, small protein
agonists and antagonists targeting therapeutically relevant GPCRs such as CXCR4 and GLP1R have
been successfully designed [188]. The RSO method, integrating the predictive power of AlphaFold2
with differentiable sequence space, successfully transferred functional domains to soluble protein
scaffolds [189]. MeMDLM, a masked diffusion language model trained on native membrane protein
sequences, can directly generate novel sequences with accurate transmembrane topology [190]. In
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therapeutic enzyme design, researchers employed the COMBS algorithm combined with backbone
cyclization and D-amino acid incorporation strategies to produce proteins selectively binding
anticoagulants and anticancer drugs; D-amino acid configuration variants exhibited extremely high
drug clearance efficiency in mouse models while maintaining low immunogenicity [191]. Language
models have also emerged as platforms for developing novel gene editing tools: by training on
CRISPR-Cas atlases constructed from metagenomic datasets, researchers developed models capable
of generating functional novel CRISPR-Cas proteins, with the resulting OpenCRISPR-1 editor
maintaining precise genome editing activity in human cells [192].

In therapeutic antibody design, sequence-level and structure-level strategies have developed in
parallel. At the sequence level, the PALM-H3 model can de novo generate CDRH3 sequences with target
antigen specificity [193], while AbBFN2 supports multiple tasks including antibody sequence generation,
annotation, optimization, and humanization under the Bayesian flow network paradigm [194].
Furthermore, MAGE enables the generation of antibodies with binding specificity against multiple
antigens including SARS-CoV-2, H5N1 influenza, and RSV-A. At the structure-level, methods such as
IgGM can handle antibody structure prediction, inverse sequence design, affinity maturation, and de novo
generation within a unified framework [195]. The tFold system integrates antibody structure prediction,
complex modeling, and epitope-specific antibody de novo design, successfully designing monoclonal
antibodies with nanomolar affinity targeting influenza hemagglutinin, PD-1, PD-L1, and SARS-CoV-2
RBD [196]. Notably, the Baker laboratory systematically demonstrated the applicability of RFdiffusion
in de novo antibody design, producing nanobodies and full-length 1gGs against influenza virus,
Clostridioides difficile toxin TcdB, SARS-CoV-2 RBD, and PHOX2B-HLA-C*07:02 complex, with
cryo-EM structural analysis confirming near-atomic-level design consistency [197].

4.4. Generative design of nucleic acid therapeutics

Nucleic acid therapeutics, by virtue of their high programmability, precise targeting, and well-defined
mechanisms of action, demonstrate broad potential in cancer treatment and gene regulation. However,
nucleic acid function is not solely determined by linear sequence; spatial folding, local structural
accessibility, and dynamic interactions with proteins or other nucleic acids collectively constitute a
highly coupled functional basis. Traditional design approaches relying primarily on Watson-Crick base
pairing rules and empirical screening prove insufficient for systematically capturing the complex
mappings among sequence, structure, and function [165]. Generative Al provides a transformative
computational paradigm for nucleic acid drug design (Figure 5A).

In the mMRNA therapeutics domain, Transformer-based generative models such as GEMORNA [198]
and GenerRNA [199] undergo pretraining on massive RNA datasets, learning sequence grammar and
structural preferences spanning coding sequences and untranslated regions, transcending traditional codon
bias optimization to enable de novo generation of novel coding sequences and regulatory elements. To
address the specific challenges of coding sequence (CDS) optimization, tools like LinearDesign [200]
leverage computational linguistics algorithms (e.g., lattice parsing) to globalize the search for sequences
with optimal secondary structures and minimum free energy, significantly enhancing mRNA stability and
half-life. Complementing this, CodonBERT [201] employs a LLMs framework to learn the complex
“codon grammar” from massive protein-coding datasets, transcending simple codon bias to capture
functional and evolutionary constraints. Models such as SmartSUTR and UTR-LM [202] demonstrate the
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advantages of generative approaches in UTR optimization [203,204], marking the transition of mMRNA
design from empirical fragment assembly toward systematic generative engineering.

For RNA interference (RNAI) and antisense oligonucleotide (ASO) therapeutics, the key
breakthrough in generative design is the explicit incorporation of the three-dimensional structural
information of target RNA. Generative models incorporate RNA secondary and tertiary structures as
design constraints, giving rise to the concept of structure-aware ASOs (3D-ASOs), transcending
traditional Watson-Crick pairing to introduce non-canonical interactions such as Hoogsteen base pairs
and base triplets, enabling ASOs to recognize and stably bind highly structured RNA targets [205]. By
combining MD simulations with generative modeling, these methods reveal the pivotal roles of ASO
length, conformational flexibility, and structural accessibility in binding efficiency [206], thereby
rendering previously undruggable highly structured RNA targets amenable to rational design.

Having surveyed generative Al across small molecules (Section 4.2), proteins and peptides (Section 4.3),
and nucleic acids (Section 4.4), a cross-modality perspective reveals both shared computational foundations
and critical divergences (Table 3). Small-molecule generation currently benefits from the most mature data
infrastructure and validation pipelines, whereas protein/peptide design is advancing rapidly through
diffusion-based architectures, and nucleic acid design remains constrained by limited experimentally
validated structure—function data. These modality-specific bottlenecks suggest that a one-size-fits-all
generative framework is unlikely at present. Instead, continued progress will require architectures and
training strategies tailored to the unique representational and evaluative demands of each therapeutic class.

Table 3. Comparative analysis of generative Al across therapeutic modalities in oncology.

Dimension

Small molecules

Peptides/Proteins

Nucleic acids

Molecular
representation

Data
availability

Key evaluation
metrics

Dominant
generative
architectures

Primary
challenges

State of
experimental
validation

SMILES strings, fingerprints,
descriptors, molecular graphs,
3D conformers

Abundant: ChEMBL (~2.4M
compounds), PubChem (~119M),
ZINC (~37B); extensive
bioactivity annotations

Drug-likeness (QED), synthetic
accessibility (SA), binding affinity
(I1Cs0/Ki), ADMET, selectivity

VAEs, GANs, RL-guided Transformers,
diffusion models, normalizing
flows, etc.

Synthesizability; off-target toxicity;
multi-objective optimization (potency
vs. ADMET); scaffold novelty

Well-established: binding assays,
cell-based activity, in vivo efficacy;
multiple Al-designed compounds in
clinical trials

Amino acid sequences, MSA,
contact/distance maps,
3D atomic coordinates

Moderate: PDB (~250K structures),
UniProt (~250M sequences); limited
binding affinity data for designed binders

Binding affinity (Kg), thermal stability
(Tm), folding accuracy (RMSD, pLDDT),
expression yield, immunogenicity

Protein language models (e.g. ProGen,
ESM), GNN:s, structure-conditioned
diffusion (e.g. RFdiffusion, Chroma),
flow matching, etc.

Immunogenicity; conformational
flexibility; aggregation propensity;
manufacturing scalability; limited
experimental throughput

Emerging: display technologies,
cryo-EM validation, SPR for affinity; first
Al-designed binders entering preclinical

Nucleotide sequences, secondary structures
(dot-bracket notation), 3D tertiary folds

Abundant; GenBank/ENA/DDBJ (~2.5 > 10 bases;
> 3.7 billion sequences), SRA (> 50 PB sequencing
reads), RNAcentral (> 45M ncRNAS); limited
experimentally validated functional annotations and
structural data

Target knockdown efficiency (%KD), hybridization
specificity, metabolic stability, immunogenicity,
delivery efficiency

RNA-specific Transformers, sequence-based
LLMs, GNNs for secondary structure-aware
generation, coarse-grained diffusion, etc.

In vivo delivery and stability; off-target
hybridization; innate immune activation; limited
annotated training data

Early stage: cell-based knockdown, in vivo PK/PD,
delivery system optimization; few Al-designed
sequences validated in clinical trials

In aptamer design, generative models complete the computational loop from structure to sequence.

RhoDesign takes target three-dimensional structures as input, employing geometric deep learning to
generate nucleic acid sequences capable of stable folding and target binding [207]. AIDTA uses
reinforcement learning to formalize aptamer design as a fragment assembly problem [165], and
DAPTEYV achieves continuous exploration of aptamer sequence space through latent space search and
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evolutionary algorithms [208]. In the CRISPR-Cas domain, generative Al applications are evolving from
local component optimization toward system-level design: the genome-scale foundation model Evo,
trained on complete prokaryotic genomes, can de novo generate kilobase-length DNA sequences
encoding Cas effector proteins and their cognate non-coding RNA components [209], representing the
pinnacle of generative nucleic acid design—models no longer optimize individual molecules but directly
generate complete, functionally coherent molecular systems.

5. Al-driven preclinical evaluation of oncology drugs

While virtual screening and generative Al successfully expand the available chemical space and produce
novel candidates, the translational success of these designs hinges on rigorous preclinical assessment.
The transition from in silico hits to clinical candidates requires satisfying complex multiparametric
constraints that extend well beyond simple binding affinity. This section examines how Al bridges the
gap between molecular design and clinical trials by systematically predicting pharmacokinetics,
toxicology, and cross-species translatability.

5.1. Al-assisted prediction of ADMET properties

Absorption, distribution, metabolism, excretion, and toxicity (ADMET) properties fundamentally
govern the clinical viability of oncology drugs. Al methodologies now exploit intricate correlations
between molecular structures and physiological endpoints to facilitate high-throughput screening of
safety profiles. The technical landscape has evolved from classical machine learning to deep learning
architectures. While traditional algorithms (e.g., Random Forest, XGBoost) remain effective for
physicochemical parameters, recent GNNs and Transformer architectures have significantly augmented
predictive prowess [210-212]. For instance, models like MSformer-ADMET utilize fragment-aware
pretraining to surpass unimodal benchmarks, pinpointing toxicity-linked structural motifs to guide lead
optimization [213]. Furthermore, multi-modal integration—combining SMILES sequences with 3D
conformational graphs—has improved the generalization of predictions for complex endpoints such as
hERG inhibition and drug-induced liver injury (DILI). Crucially, uncertainty-aware frameworks, such
as posterior networks, are being adopted to distinguish on-target efficacy from off-target liabilities,
providing confidence intervals that are essential for decision-making in safety assessment.

5.2. Al-based pharmacodynamic evaluation and biomarker identification

Beyond safety, verifying target engagement and predicting efficacy in heterogeneous tumor
microenvironments is paramount. Al frameworks are increasingly applied to integrate multifaceted
pharmacodynamic readouts with multi-omics layers. Structure-enabled machine learning models
now leverage high-confidence protein structures (e.g., from AlphaFold2) to estimate binding
affinities with accuracy approaching experimental assays [214]. In parallel, deep learning models
interrogate tumor transcriptomic profiles to infer response patterns associated with oncogenic
signaling cascades (e.g., MAPK, PISK-AKT), providing quantitative benchmarks for prioritizing
targeted agents [215]. To address tumor heterogeneity, Al models incorporate patient-derived
organoid (PDO) datasets for individualized efficacy projection [216]. Functional precision medicine
platforms integrating multiparametric PDO readouts with Al-driven prioritization have successfully
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identified regimens with superior in vivo tumor suppression [217]. Moreover, Al facilitates the discovery of
composite biomarkers from proteogenomic data, linking phosphorylation states to therapeutic outcomes, thus
enhancing the stratification of patient cohorts in preclinical studies [218,219].

5.3. Al-enhanced pathology imaging and phenotypic screening

Pathology imaging and high-content screening (HCS) provide the ground truth for validating
computational predictions. Al has substantially advanced these modalities by automating feature
extraction and quantifying morphological perturbations at scale [220,221]. Deep learning-based
segmentation enables accurate delineation of tumor compartments, quantifying metrics such as
immune cell infiltration and stromal remodeling [222]. In PDO models, Al-guided morphological
classification has effectively stratified organoid phenotypes that correlate with chemotherapy
responsiveness [223]. Furthermore, eco-evolutionary Al models integrating histological features
with biological data have shown promise in predicting radiotherapy responses. Complementing
tissue pathology, Al-enhanced HCS integrates morphological, proliferative, and apoptotic features
to generate holistic efficacy profiles [224]. Advanced platforms like HCS-3DX combine automated
microscopy with single-cell analytics to dissect complex phenotypes in 3D tumor models, bridging
the gap between cellular assays and tissue-level responses [225].

5.4. Al modeling for cross-species data integration

A major bottleneck in translation is the biological divergence between animal models and humans.
Recent advances in species-agnostic representation learning provide a methodological basis for aligning
cross-species data. Orthology-independent transfer learning models construct unified latent spaces to
integrate single-cell data from different species, facilitating the identification of conserved functional
gene programs without explicit gene matching [226]. Deep learning architectures, such as SATURN,
align cellular states across species by combining protein sequence embeddings with transcriptomic
profiles [227]. In parallel, physiologically based pharmacokinetic (PBPK) modeling offers a quantitative
framework for extrapolating toxicokinetic parameters from small mammals to humans [228]. These
approaches emphasize representation harmonization, helping researchers distinguish model-specific
artifacts from translatable therapeutic mechanisms.

6. Technical challenges and optimization strategies

While Al paradigms in preclinical evaluation have improved the screening of safety and efficacy, as
discussed in the previous section, the translation from theoretical models to practical applications
remains constrained by multiple systemic obstacles. These include heterogeneity in data quality, the
“black box” nature of model interpretability, limited algorithmic generalization, and the inherent
complexity of interdisciplinary collaboration.

6.1. Data quality, standardization, and scarcity
Data constitutes the cornerstone of Al models, with its quality and quantity determining the

theoretical upper bound of predictive performance. The current drug discovery field confronts three
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principal data-related challenges (Figure 6A). First, data quality and standardization issues are
pervasive: although public databases such as ChEMBL, PubChem, and DrugBank provide vast
repositories of bioactivity data, these datasets typically aggregate results from heterogeneous
experimental conditions, assay methods, and species, introducing substantial noise and
inconsistency [229,230], potentially causing models to capture spurious correlations. Second, data
bias and imbalance severely distort predictions: in toxicity prediction and activity screening,
negative data frequently go unreported or unpublished, causing datasets to skew heavily toward
positive samples, leading models to produce high false positive rates in practical applications [5].
Third, data scarcity limits progress in niche domains: for rare cancer subtypes or novel targets (such
as orphan GPCRs), high-quality labeled data available for training proves extremely scarce, severely
constraining supervised learning model performance [231,232].
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Figure 6. Technical challenges and strategic solutions in Al-driven drug discovery. (A) Data
quality bottlenecks arising from noisy datasets, experimental inconsistencies, and
heterogeneity across different species and assay conditions; (B) The transition from “Black
Box” models to explainable Al (XAl), aiming to provide interpretability for molecular design
decisions; (C) Hlustration of the “Translational Gap” between in silico predictions and clinical
reality; bridging this divide requires moving beyond simple cell lines to more physiologically
relevant validation models like patient organoids; (D) A cascading filtration strategy that integrates
physics-based metrics—including pLDDT confidence, RMSD, energy potentials, and MD
stability—to refine the designed chemical space; (E) Democratization of advanced algorithms
through accessible, user-friendly interfaces (e.g., AlphaFold servers) that facilitate protein binder
design; (F) The automated “Design—Make—Test—Analyze” (DMTA) closed-loop system, where
Al designs are coupled with robotic automation to accelerate feedback and optimization.

A range of complementary strategies are being developed to address each of these challenges.
For data quality and standardization, the field is increasingly adopting rigorous data-curation
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protocols and constructing standardized ontologies to ensure interoperability and reusability [230].
For negative data scarcity, which constitutes a particularly critical bottleneck, several mitigation
approaches have emerged: synthetic negative data generation through decoy set construction (e.g., the
DUD-E methodology employing property-matched decoys) provides a practical means to populate the
inactive class; positive-unlabeled (PU) learning methods are specifically designed for datasets with
confirmed positives but ambiguous negatives; and data augmentation strategies that generate hard
negatives—structurally similar to actives but functionally inactive—further enhance model
discrimination capability. For data scarcity in niche domains, transfer learning and few-shot learning
have proven effective: by pretraining models on large-scale general datasets to learn universal
chemical grammar and features, then fine-tuning on task-specific small datasets, performance in
low-data regimes can be substantially improved [150,233]. To mitigate data silos caused by patient
privacy regulations, federated learning (FL) [234] offers a complementary solution to data silos
caused by patient privacy regulations, enabling collaborative model training across multiple institutions
without sharing raw clinical data—particularly valuable for rare cancer subtypes where single-institution
data is insufficient. Finally, active learning strategies allow algorithms to autonomously select the most
informative samples for experimental validation, with this predict-validate-retrain closed-loop system
maximizing model performance improvement while minimizing experimental costs [235], and can be
applied across all three challenge areas, for instance by prioritizing informative negative sampling from
unexplored chemical space to iteratively improve model discrimination.

6.2. Interpretability and reliability

Deep learning models, particularly deep neural networks, are commonly characterized as “black-box”
systems: while they may achieve high predictive accuracy, they often fail to elucidate the underlying
biological or chemical logic behind their decisions [236]. In healthcare and drug discovery, this lack
of interpretability represents a critical deficiency: chemists and clinicians require not only the
prediction (the “what”) but also the rationale (the “why”), for instance, which specific functional
groups or structural motifs prompted a model to flag a molecule as toxic. Furthermore, when
encountering data outside the training distribution, model performance often degrades precipitously,
and the lack of capability to quantify prediction uncertainty renders this risk unacceptable in clinical
safety contexts [237].

Explainable artificial intelligence represents a pivotal research direction (Figure 6B). Post-hoc
interpretability methods (such as SHAP [238] and LIME [239]) are widely used to quantify the
contribution of input features to prediction outputs, helping researchers discern the model’s
decision-making logic. Deeper strategies involve developing intrinsically interpretable models, for
example, Transformer architectures incorporating attention mechanisms can intuitively visualize
key regions of focus when processing molecular sequences or protein structures, thereby fostering
trust and informing molecular optimization. Integrating uncertainty quantification techniques allows
models to estimate their own predictive confidence, which is critical for screening high-risk
candidates. Sparse auto-encoder (SAE) methods enable interpretable analysis of high-dimensional
embedding spaces within foundation models, providing deeper insights into their latent
representations [240].

24



Adv. Cancer Res. Review

6.3. Bridging the computation-to-application gap: enhancing prediction reliability

A substantial “valley of death” exists between Al predictions and wet-lab validation (Figure 6C). On
one hand, computational models typically operate as black boxes, optimizing synthetic numerical scores
rather than genuine biological activity. This discrepancy arises because training datasets are frequently
aggregated from heterogeneous sources with varying experimental biases, causing models to learn
statistical artifacts rather than fundamental chemical rules. Consequently, a model may achieve high
accuracy on benchmark datasets yet fail to generate thermodynamically stable or synthetically feasible
ligands in real-world applications [241]. To ameliorate this disconnect and ground Al predictions in
physical reality, a paradigm shift toward physics-informed Al is imperative. A major strategy involves
hybridizing deep learning architectures with physics-based energy functions. For instance, TorsionNet
employs a deep neural network to rapidly predict small-molecule torsional energy profiles with quantum
mechanical accuracy, enabling its integration as a conformational constraint during molecular generation
to ensure that candidate molecules adopt physically plausible geometries [242]. In the domain of binding
affinity prediction, physics-informed scoring functions such as PLANET incorporate molecular mechanics
force field terms—including bond, angle, dihedral, Lennard-Jones, and Coulomb interactions—into a
multi-objective graph neural network training framework, effectively regularizing learned representations
with established physical laws [243]. Beyond scoring, target-aware diffusion-based generative models
are emerging as a complementary strategy; for example, dual diffusion frameworks that jointly model
ligand geometry and atomic interactions within binding pockets incorporate structural and energetic
constraints during the denoising process, biasing generation toward geometrically and energetically
favorable poses [244]. Collectively, these approaches enable Al agents to explore chemical space that is
not only diverse but also grounded in physical reality (Figure 6D).

Furthermore, static structure prediction often falls short of capturing the dynamic nature of
protein-ligand interactions. As such, integrating MD simulations into Al workflows is essential. By
training models on MD trajectories rather than static crystal structures, Al can learn to identify cryptic
binding pockets and account for protein flexibility. While the high computational cost of generating
long-timescale MD data remains a bottleneck, future optimizations may rely on Al-accelerated neural
network potentials to achieve ab initio accuracy at a fraction of the cost, enabling the rigorous assessment
of ligand residence time and binding stability prior to synthesis. On the experimental side, the validation
paradigm is shifting from simple 2D cell lines to patient-derived organoids, which better recapitulate
tumor heterogeneity. Integrating Al-driven high-content image analysis with automated organoid
screening creates a high-fidelity feedback loop, ensuring that computationally designed molecules are
validated in physiologically relevant systems before animal testing.

Looking further ahead, quantum computing (QC) presents a potentially transformative frontier in drug
discovery [241]. Classical approximation methods possess inherent limitations when handling the precise
electronic structures of transition metal cofactors or complex reaction mechanisms, while quantum
algorithms theoretically offer the promise of simulating these systems with unprecedented accuracy.

6.4. Accelerating translation: automation, accessibility, and novel modalities

Even with physically rigorous models, bridging the translational gap requires deep interdisciplinary
integration and the reengineering of drug discovery workflows. A major obstacle remains the
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technical barrier separating computational experts from experimentalists. While platforms such as
AlphaFold server [245] and ColabFold server [246] have democratized access to protein structure
prediction (Figure 6E), a notable lack of similarly user-friendly platforms exists for small molecule design
and nucleic acid engineering. Developing intuitive, GUI-based Al tools, analogous to those successfully
deployed in image analysis and genomics, proves essential for empowering biologists and chemists to
integrate advanced algorithms into their daily research without requiring extensive coding expertise.

Beyond accessibility, establishing automated closed-loop “Design-Make-Test-Analyze” systems is
crucial for validating Al designs at scale (Figure 6F). By directly coupling generative Al models with
automated synthesis platforms and high-throughput screening robotics, researchers can compress
iterative cycles from months to days. Such automation serves a dual purpose: it verifies the synthetic
feasibility of Al designs while generating standardized, high-quality wet-lab data to refine models
through bias correction. However, general-purpose automation platforms that allow users to autonomously
design and manage tasks remain scarce; while initiatives such as SaprotHub [247] demonstrate the
potential of cloud-based laboratory automation, their current applications are primarily confined to
enzyme engineering in synthetic biology. This limitation highlights the urgent need for broader platforms
encompassing small molecule synthesis and pharmacological screening.

Ultimately, the true test of Al utility lies in its capacity to conquer historically recalcitrant targets.
For undruggable proteins with intrinsically disordered regions, such as MYC or KRAS, traditional
occupancy-driven inhibition often proves ineffective. However, Al is now demonstrating its potential in
designing novel therapeutic modalities, such as PROTACs and molecular glues, which leverage induced
proximity to degrade pathogenic proteins. Concurrently, by analyzing large-scale genetic screening data
to apply synthetic lethality principles, Al is identifying tumor-specific dependencies, providing new
entry points for precision oncology even in the absence of conventional targets.

Taken together, the challenges and strategies discussed across Sections 6.1-6.4 reveal a field in
which different Al technologies coexist at vastly different stages of maturity. Table 4 provides a
consolidated mapping of representative technologies to their estimated technology readiness levels (TRL),
from early-stage foundation models that remain confined to academic benchmarks, to Al-designed
compounds that have entered phase I/11 clinical trials. This heterogeneous landscape underscores that
while select applications have achieved translational impact, the majority of Al-driven methodologies
still face considerable distance from clinical deployment—a gap that the automation, interpretability,
and data strategies outlined above are specifically designed to close.

Table 4. Technology readiness level mapping of Al technologies in oncology drug discovery.

TRL Level Description Representative Al Technologies Current Status

Early Research Concept Single-cell foundation models for target discovery; multi-scale Demonstrated in academic

(TRL 1-3) demonstration and biological simulation frameworks; quantum ML for electronic benchmarks; no prospective
proof-of-concept structure; Al-driven neoantigen vaccine design with TCR modeling  pharmaceutical validation

Academic Validated in Diffusion models for de novo protein design; GNN-based Emerging prospective wet-lab

Validation controlled academic perturbation prediction; physics-informed scoring functions; validation; growing reproducibility

(TRL 4-5) settings generative models for nucleic acid therapeutics

Industry Integrated into GNNs/Transformer-based virtual screening and property Actively used in pharma R&D;

Adoption pharmaceutical prediction; AlphaFold for SBDD; ADMET prediction models; Al-nominated compounds in

(TRL 6-7) pipeline workflows RL-guided lead optimization; molecular generative models preclinical stages

Clinical-Trial Directly supporting Al-designed kinase inhibitors;Al-guided drug repurposing; Multiple Al-originated compounds

Linked (TRL8-9) clinical compounds Al-optimized antibody therapeutics; contrastive learning for in phase I/11 clinical trials; first

genome-wide screening approvals anticipated
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7. Conclusions

Al has transcended its role as a mere accelerator to become the foundational architect of a new
paradigm in oncology drug discovery. As detailed in this review, the integration of Al is driving a
decisive shift from a historical reliance on serendipity and empirical screening toward a future of
data-driven, rational engineering.

The transformative power of Al is most evident in its dual capacity to decode biological complexity
and expand chemical possibilities. By untangling multidimensional omics data, Al is revealing high-value
targets—such as synthetic lethal partners and cryptic immune checkpoints—that were previously invisible
to reductionist approaches. Simultaneously, the rise of generative Al has fundamentally altered
therapeutic design: we are no longer limited to screening finite libraries but are now empowered to
design de novo molecules, proteins, and nucleic acids with precise functional profiles, thereby challenging
the very concept of undruggable targets.

However, the path to clinical translation remains obstructed by the “reality gap” between
computational predictions and biological outcomes. The future success of Al in oncology will depend
not solely on algorithmic sophistication, but on the robustness of the underlying data infrastructure and
the seamless integration of verification loops. Addressing the “black box™ nature of deep learning
through XAlI, while grounding predictions in physical reality through physics-informed machine
learning, represents a critical next step. Moreover, current Al models typically operate at a single
biological scale; developing foundation models capable of bridging molecular perturbations, cellular
signaling, and tissue-level drug responses remains a fundamental open problem whose resolution would
enable genuinely systems-level drug response modeling.

Looking forward, the ultimate trajectory of this field lies in the convergence of the digital and
physical worlds. The establishment of automated DMTA loops—where Al agents autonomously steer
wet-lab experimentation—promises to overcome the data scarcity bottleneck and iteratively refine
models for greater predictive accuracy. The next frontier extends this vision toward fully closed-loop
autonomous discovery systems: self-driving laboratories in which generative models design candidates,
robotic platforms execute synthesis and high-throughput assays, and Al interprets results to iteratively
refine hypotheses—all without human intervention. While individual components of this pipeline exist,
their seamless end-to-end integration remains an unsolved engineering and algorithmic challenge. As
these technologies mature, Al will not only shorten development timelines but will fundamentally
redefine the boundaries of precision medicine, delivering novel, effective therapies to cancer patients
with unprecedented speed and precision.
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