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Abstract

Drug discovery remains costly and time-consuming, requiring substantial effort across target identifi-
cation, lead optimization, and clinical validation. The rapid growth of artificial intelligence (AI) and
machine learning (ML), particularly deep learning (DL), has created new opportunities to accelerate
these processes by extracting complex patterns from large-scale biological and chemical data. As
diverse datasets and modeling approaches continue to expand, there is a growing need for a structured
understanding of how AI/ML methods contribute across the drug discovery pipeline. In this review,
we provide a stage-wise synthesis of AI/ML applications in drug discovery, spanning target identifica-
tion, target development, lead identification, lead optimization, and clinical trials. We highlight key
methodological paradigms, including representation learning, graph-based modeling, and generative
approaches, and discuss how different data modalities (e.g., omics, chemical structures, and pharma-
cogenomics) can shape computational model design and performance. We further examine critical
challenges such as data bias, distributional shifts, quality, as well as the trade-off between predictive
performance and mechanistic interpretability. Overall, while AI/ML methods have demonstrated
substantial promise in accelerating drug discovery, their effectiveness remains constrained by data
limitations and generalization challenges. Future progress will depend on improved data integration,
robust evaluation across datasets, and the development of models that balance predictive accuracy
with biological interpretability.

Keywords: artificial intelligence; machine learning; deep learning; drug discovery; molecular generation;
virtual screening; lead optimization; clinical trials; pharmacogenomics

1. Introduction

Drug discovery is a complex, time-consuming, and expensive process [1]. Machine learning (ML)
and artificial intelligence (Al) technologies have emerged as a powerful tool to support this workflow,
leveraging biomedical data to accelerate development, reduce costs, and inform decision-making at
multiple stages [2]. Although several reviews have addressed ML applications in specific aspects
of drug discovery [3,4], a comprehensive, end-to-end perspective is still needed. In this review, we
present an integrated overview of ML across the drug development pipeline, following the progression
of a potential therapeutic from early target identification to clinical trials. This approach highlights how
ML methods contribute at each stage and identifies practical strategies that have been implemented
in current research. The foundation of these approaches relies on diverse datasets, summarized in
Table 1, and on a range of ML models, illustrated in Figure 1. Figure 2 further shows how these models
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integrate across the drug discovery process [5], and Box 1 defines essential ML terminology. In addition

to the stage-wise review, we conclude with a section on challenges and future directions, emphasizing

benchmark bias, class imbalance issues, data distribution shifts that affect generalizability, mechanistic

interpretability, and the constraints of deploying Large Language Models (LLMs) in clinical settings.

Table 1. Databases Related To Drug Discovery. Data are categorized by function and stage: Target Identification

(»), Target Development (¢), Lead Identification (e), Lead Optimization (e) and Clinical Trials (), represented by
distinct colored dots in the table. (C/R) denotes whether the dataset has been used for classification (C) and/or
regression (R) tasks; “Other” indicates use in other task settings.

Name ‘ Usage / ML Application Task ‘ Limitations (see Section 3.4)
UK Biobank [6] Large-scale genotype-phenotype cohort; Appli- Sampling bias due to non-representative
cation: C/R [7,8] cohort (e.g., excludes people of age > 69 and <
40) [9]
MGnify [10] Microbiome genomic annotations; Application: Sampling bias of particular taxa [11]

Other

National Cancer Institute 60
(NCI60) [12]

Genomics of Drug Sensitivity
in Cancer (GDSC) [15]

Cancer Cell Line Encyclopedia
(CCLE) [16]

Large-scale drug response measurements
across cancer cell lines; Application: C/R [13]

Cross-dataset inconsistency (e.g., AUC vs IC50) [14]

CellMiner Cross Database
(CellMinerCDB) [17]

Therapeutics Data Commons
(TDC) [19]

Cross-dataset multi-omics & drug response
integration; Application: CellMinerCDB:
C/R[13], TDC: C/R [18]

Cross-dataset inconsistency (e.g., AUC vs
IC50) [14]

Davis kinase inhibitors DB [20]

Kinase Inhibitor Bioactivity
Data (KIBA) [23]

Experimental binding affinity datasets for
protein-ligand interactions; Application:
C/R[21]

Sampling bias and class imbalance [22]

BindingDB [24]
o ChEMBL [25 Curated bioactivity/literature databases; . o
(2] Application: ChEMBL: C/R [26,27], DTC: Coverage bias [29] and similarity bias [30]
o DrugTargetCommons R[28]
(DTC) [31]

OpenTargets [32]

Integrated target-disease association and priori-
tization; Application: C [33]

Evidence weighting subjectivity, data source
imbalance [32]

oo ZINC ligand discovery
database [34]

Virtual chemical library for ligand screening and
generation; Application: C/R [35]

Coverage bias due to incomplete representa-
tion of chemical or biological space [29]

® MoleculeNet [36] Benchmark datasets for evaluating molecular Coverage bias due to incomplete representa-
property prediction; Application: C/R [36] tion of chemical or biological space [29]
o PK-DB [37] ADME/PK experimental data; Application: Data incompleteness, heterogeneous reporting,

C/R[38]

and aggregation bias [37]

o RCSB Protein Data Bank

High-quality protein 3D structures with

Bias toward crystallizable, stable, and well-folded

(PDB) [39] grtzt(e)in—ligand binding benchmark; Application: proteins [41]

« PDBBind [42] 1401
Uniclust [43] Clustered protein sequences with different Selection bias due to uneven homolog availability,
Uniref [45] similarity levels available; Application: Other over-representing well-characterized proteins [44]

o ClinicalTrials.gov [46]

Clinical trial registry and metadata for study
design and outcomes; Application: Other

Selection bias, information / classification bias,
confounding bias [47,48]

The following sections follow the stages of drug development:

¢  Target Identification examines ML applications for discovering therapeutic targets; we briefly

discuss key data sources, including CRISPR screens, GWAS, and single-cell RNA sequencing

(Section 2).

¢  Target Development explores ML-driven methods to predict how drugs interact with their targets

and cellular systems, guiding molecule design (Section 3).

¢ Lead Identification introduces computational techniques for molecule generation and prioritiza-

tion, including applications in targeted cancer therapy (Section 4).

¢  Lead Optimization addresses the refinement of candidate molecules, covering toxicity prediction,

pharmacokinetic modeling, and optimization of safety and efficacy profiles (Section 5).

*  Clinical Trials considers the use of ML to predict patient outcomes, optimize trial site selection,

match patients to trials, and identify similarities across studies to enhance trial success (Section 6).
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We include recent preprints (e.g., arXiv) to capture the rapidly evolving landscape of Al in drug
discovery; however, these works have not undergone peer review and should be interpreted with
appropriate caution.

Box 1. Essential Terminology in Advanced Al and ML

e  Bidirectional Encoder Representations from Transformers (BERT): A transformer-based
language model that encodes bidirectional context from text sequences.

e  Contrastive Learning: A representation learning paradigm that distinguishes samples by
maximizing similarity between positive pairs and dissimilarity between negatives.

¢  Convolutional Neural Network (CNN): A neural network architecture that extracts
hierarchical features using convolutional filters.

e Diffusion: A generative modeling framework that learns to generate data by iteratively
denoising from a noise distribution.

e  Equivariant Network: A model whose outputs transform consistently under geometric
transformations of the input.

e  Equivariant Graph Neural Network (EGNN): A graph neural network that preserves
equivariance in 3D space (i.e., if the input is translated or rotated, the output changes con-
sistently under the same transformation), enabling geometry-aware molecular modeling.

*  Geometric Deep Learning (GDL): A class of methods that extend deep learning to non-
Euclidean domains such as graphs and manifolds.

*  Genetic Algorithm (GA): An optimization method based on evolutionary principles such
as mutation, crossover, and selection.

¢  Graph Neural Network (GNN): A neural network designed to learn from graph-
structured data via message passing between nodes.

*  Markov Chain Monte Carlo (MCMCO): A class of algorithms for sampling from complex
probability distributions using Markov chains.

* Neural Ordinary Differential Equations (Neural-ODE): A class of continuous-depth
neural network models in which a neural network learns the derivative, or rate of change,
of a system’s hidden state, and an ODE solver is used to evolve that state over time.

¢ Recurrent Neural Network (RNN): A neural network architecture for modeling sequential
data with recurrent connections.

*  Representation Learning: A paradigm in which models learn compact and informative
feature representations (i.e., embeddings) from raw data.

* Special Euclidean group (SE(n)): The group of distance- and orientation-preserving
transformations in n-dimensional space, including rotations and translations; for example,
SE(3) denotes all such transformations in 3D space.

2. Target Identification

Target identification marks the initial stage of drug discovery, where the primary challenge lies
in connecting genetic variation to disease mechanisms and experimentally validating causal genes.
Among impactful approaches are genome-wide association studies (GWAS), CRISPR-based functional
genomics, and single-cell RNA sequencing (scRNA-seq). These methods are complementary: GWAS
offers breadth by surveying genetic variation across populations, CRISPR provides causal functional
validation, and scRNA-seq delivers cellular resolution. Integrative data portals such as OpenTar-
gets [32] support this process by presenting disease-gene associations based on aforementioned data
sources, including GWAS, CRISPR, and expression data, amongst others, to facilitate systematic target
prioritization. Separately, individual studies such as Morris et al integrate these methodologies to
understand human genetic variants for blood cell traits using single-cell CRISPR screens, showcasing
their importance in modern target discovery [49,50].

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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2.1. Understanding Biological Functions of Possible Targets

Population-level discovery. GWAS systematically links common genetic variants to disease
phenotypes in large cohorts such as the UK Biobank (N = 500,000) [6]. Recent computational advances
extend the utility of GWAS by helping pinpoint functional non-coding variants: the method SCARIlink
maps GWAS signals to enhancer-gene links using regularized Poisson regression [51], while ExPecto
leverages a deep convolutional network trained to predict chromatin features, then uses a linear model
to infer tissue-specific expression changes from sequence variants, thereby prioritizing causal GWAS
variants [52]. Together, these approaches refine association loci into mechanistic regulatory hypotheses.

Beyond variant-to-gene mapping, recent work shows that integrating multiple protein data modal-
ities (e.g., structure and sequence) can help prioritize understudied targets and infer protein function
when direct experimental evidence is limited. MASSA jointly pre-trains on protein sequence, structure,
and functional annotations to learn transferable protein embeddings that improve downstream protein-
property, protein-protein interaction, and protein-ligand prediction tasks [53]. Similarly, MIF2GO
sequentially integrates protein data from six modalities, including homology, interaction, domain,
pathway, and subcellular localization signals, and demonstrates strong robustness, especially in cases
where data for the different modalities is available [54]. For target identification, these multimodal
representations are valuable because they move beyond sequence-only function inference and provide
a principled way to connect molecular structure and sequence information when nominating plausible
disease-relevant targets.

Causal validation of gene function. CRISPR-based technologies enable direct perturbation of
candidate genes to test their functional relevance. To support such applications, computational tools
reduce noise and improve specificity. For example, CRISPRidentify uses a dataset of positive and

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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negative CRISPR arrays (clusters of repeats plus spacers) to train a decision tree-based classifier on
features such as repeat similarity, spacer-length uniformity, and repeat hairpin stability, yielding a lower
false-positive rate than heuristic repeat-search methods [55]. DeepCas13 likewise leverages large-scale
Cas13d proliferation screens and a convolutional-recurrent neural network to model guide sequence
and RNA secondary-structure features, enabling accurate prediction of both on-target knockdown
efficiency and guide-dependent off-target viability effects [56]. By integrating experimental screens
with computational predictions, researchers can more efficiently confirm or refute GWAS-derived
hypotheses.

Cell-type-specific resolution. Applications of scRNA-seq for drug discovery have been previously
reviewed [57]; its applications complement population and perturbation studies by profiling expression
at single-cell resolution, thereby uncovering disease-relevant heterogeneity. One central challenge
being addressed through ML with scRNA-seq is in addressing dropout-induced sparsity [58], which
motivates advanced imputation methods, such as MAGIC, ALRA, and DeepImpute [59]. Newer
methods, such as scVGAE, utilize graph-based methods; scVGAE leverages a variational graph
autoencoder with a Zero-Inflated Negative Binomial model [60], while BiIGCN employs bi-directional
graph convolutional networks [61]. The generalizability of these methods remains an open issue, as
evident in evaluation variability across datasets, while evaluations based on clustering can suffer from
overdependence on ground truth and the potential for discrepancies between the ground truth labels
and the true intrinsic clustering structure [62].

2.2. Protein Structure Prediction

Protein structure prediction (PSP) has emerged as a powerful tool for determining protein 3D
structures from amino acid sequences, which is essential for rational understanding of drug target
interactions. PSP has been a major and fundamental challenge in bioinformatics. Before DL-based
methods, PSP made vast strides using evolutionary coupling analysis, which inferred spatial relation-
ships by studying co-evolution of amino acids [63]. Further breakthroughs came with AlphaFold [64],
which achieved unprecedented accuracy in CASP13’s free modeling category [65] by integrating
evolutionary information with DL and attention mechanisms. Subsequent versions, AlphaFold2 [66]
and AlphaFold3 [67], further improved predictions using Graph Neural Networks, transformers,
and diffusion models. The success of these efforts has relied on large, community-driven datasets.
For example, AlphaFold initially leveraged experimentally determined protein structures from the
RCSB Protein Data Bank (PDB) [39], along with evolutionary information derived from multiple
sequence alignments such as Uniclust [43]; its performance was evaluated in community-wide bench-
marks such as the Critical Assessment of Structure Prediction (CASP) [65]. AlphaFold2 expanded
to include multiple sequence alignments from UniRef90 [45], BFD [68], and MGnify [10], improving
structure prediction accuracy. Despite advances, these methods continue to have limitations, such
as: (1) stereochemical errors, including chirality violations and atomic clashes in large complexes, (2)
mis-modeling of disordered regions due to the diffusion model, and (3) inability to capture protein
dynamics, such as open conformations of E3 ubiquitin ligases [67]. These challenges highlight areas
for future improvement in PSP for both structural biology and drug discovery applications.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. The Drug Discovery Process with Machine Learning (ML) Methods. This diagram illustrates the drug
discovery process and highlights the integration of various ML models at different stages. The stages include
Clinical Trials, Target Identification, Lead Identification, Lead Optimization, and Target Development. The
diagram highlights the integration of ML techniques across these stages, represented by color-coded dots (e for
geometric deep learning (GDL), e for Sequential, e for convolutional neural network (CNN), and - for Traditional
ML), demonstrating their pivotal role in enhancing the drug discovery process.

3. Target Development
3.1. Drug-Target Interaction Prediction

The primary tasks in target development encompass understanding drug-target interactions,
predicting protein-drug binding, and forecasting drug responses. In this context, drug-target interac-
tion (DTI) prediction determines whether and how strongly a drug molecule interacts with a specific
protein target, typically formulated as a binary classification or regression problem. Databases such as
KIBA [23], Davis [20], and BindingDB [24] provide essential data for training predictive models and
serve as a benchmarking foundation. Additional widely used resources include ChEMBL [25] and
DrugTargetCommons [31], which provide large-scale curated ligand binding affinity and enzyme inhi-
bition data for drug-target interaction modeling. In addition, platforms such as the Therapeutics Data
Commons [19] provide standardized benchmarks and data portals for Al-driven drug discovery tasks.
Many ML approaches have been used to tackle this immense challenge, as recently reviewed [69].

DTI prediction methods can be broadly categorized into representation-based, network-based,
structure-based, and multimodal interaction models. Amongst others, from our work, we highlight
two approaches, DeepPurpose [21] and DrugAgent [18]. For representation learning, DeepPurpose [21]

r(s). Distributed under a Creative Commons CC BY license.
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generates embeddings for both drugs and proteins using Deep Neural Networks, a convolutional
neural network (CNN), a Recurrent Neural Network (RNN), and transformers within an encoder-
decoder framework to predict binding affinities. In contrast, to enhance model explainability beyond
accuracy alone, DrugAgent [18] integrates scientific literature, ML predictions, and prior knowledge
graphs to clarify why a drug is effective against a specific target, following a trend to incorporate
information about previous research into such efforts. Consequently, data-rich settings often benefit
from end-to-end neural encoders for affinity prediction, whereas scenarios requiring mechanistic
justification or decision transparency can leverage knowledge-integrated pipelines. In practice, these
strategies are complementary: learned embeddings provide strong predictive signals, while external
evidence improves interpretability and supports target-mechanism plausibility.

Structure-based methods have become increasingly important for modeling protein-small
molecule interactions. These methods tend to leverage three-dimensional protein-ligand complexes to
directly predict binding affinity, with datasets such as PDBbind [42] and benchmark suites such as
the Comparative Assessment of Scoring Functions (CASF) [70] for evaluating protein-ligand interac-
tions enabling the development of deep learning models that capture geometric and physicochemical
interactions [71].

HybridGeo [71] is a representative structure-based geometric deep learning framework that
explicitly models three-dimensional interactions in protein-ligand complexes. It employs dual-view
graphs to distinguish between intra-molecular covalent interactions and inter-molecular non-covalent
interactions, and it introduces hybrid message-passing strategies that use spatial distances both as
message features and as aggregation weights. HybridGeo’s main limitation is its static representation
of protein-ligand complexes. It uses distance-threshold-based graphs rather than explicitly modeling
interaction types, electronic effects, or conformational dynamics, which may affect generalization to
novel proteins and ligands.

Beyond structure-based methods, network-based approaches incorporate relational biological
information to enhance protein representations. HiSIF-DTA [72] is a hierarchical semantic information
fusion framework that integrates low-order structural semantics from residue-level protein graphs
with high-order functional semantics from protein-protein interaction (PPI) networks. Specifically,
each protein is represented by a residue-level graph constructed from structural information such
as contact maps, while its functional context is modeled as a node in a PPI graph. The framework
couples these two levels through cross-level information propagation, thereby enriching protein
embeddings with both local structural and global interaction-context information. The resulting
protein representations are then combined with drug graph embeddings for binding affinity prediction.
However, this hierarchical fusion may incur substantial computational cost, as it requires extracting
residue-level graph representations for all proteins in each training batch before integrating them with
the PPI network.

LightDTA [73] instead prioritizes computational efficiency, using random-walk-based embeddings
on PPI networks to reduce memory cost and inference time. To compensate for the loss of fine-grained
molecular information, it distills structural and biochemical knowledge from a more expressive teacher
model into a lightweight student model, although this comes at the cost of reduced fine-grained
biochemical interpretability.

Moreover, multimodal interaction models aim to integrate heterogeneous representations and
explicitly model cross-entity interactions. MHAN-DTA [74] is a multiscale hybrid attention framework
that combines, for each entity, sequence-based and graph-based representations through cross-modal
attention, specifically fusing protein residue sequences with pocket contact graphs and drug SMILES
with molecular graphs. It then applies a cross-entity attention module to model fine-grained interac-
tions between the fused drug representation and the fused protein-pocket representation. In addition,
MHAN-DTA uses self-attention over the full protein sequence so that residues in the local binding
pocket can aggregate information from remote residues outside the pocket, providing a more global
protein context than pocket-only models. A limitation, however, is that this design relies on binding-

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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complex or pocket information and may be less effective for proteins with highly complex domain
organization or specialized active-site chemistry, such as metal-coordinated binding environments.

In addition, recent work has explored physics-informed graph models that incorporate explicit
physical interaction terms into affinity prediction. PhysDual-GCN [75] combines graph-based ligand
and protein representations with energy terms related to atomic attraction or repulsion to approximate
docking-derived binding scores; the study focuses on DYRK2, a kinase with potential relevance to
Alzheimer’s disease. Part of its current limitations is that it was evaluated only against docking-derived
references using a very small ligand set, and that its main architecture does not explicitly model the
full 3D protein structure.

3.2. Binding Site Prediction

While DTI prediction determines whether and how strongly molecules interact, binding site
prediction focuses on the spatial aspect by identifying specific regions on proteins where these inter-
actions physically occur. Because affinity prediction alone does not provide explicit spatial context,
binding-site prediction complements DTI modeling by localizing interactions to specific residues or
pockets. This structural analysis reveals the locations, or “pockets,” where ligands, proteins, peptides,
etc., dock with the target protein, providing crucial information for drug design and optimization.
Work in this area is often divided by representation choices (e.g., surface-based descriptors, atom-level
spatio-chemical fields, and equivariant pose modeling) because they differ in data prerequisites (sur-
face meshes vs. high-quality atomic coordinates), resolution (interface-level vs. residue/atom-level),
and downstream goals (broad pocket discovery vs. residue prioritization vs. fast pose generation). We
highlight methods using these different strategies.

From a surface-based perspective, MaSIF (molecular surface interaction fingerprinting) [76] em-
ploys geometric deep learning (GDL) (see Box 1) to generate unique surface-based fingerprints for
biomolecular interactions, focusing on protein-protein and protein-ligand binding. MaSIF leverages
neural networks to capture dynamic molecular surface properties, including electrostatic potential,
hydrophobicity, and hydrogen bonding patterns, offering advantages over traditional molecular de-
scriptors that rely on static representations. GeoPPIS [77], while similarly motivated by the need to
better capture three-dimensional structural information, addresses a different problem and representa-
tion level. Rather than learning from surface patches, GeoPPIS formulates protein-protein interaction
site prediction as a residue-level task on a geometry-aware k-nearest-neighbor graph, where both
node and edge descriptors include scalar and vector geometric features. In addition, unlike MaSIF’s
emphasis on surface fingerprinting, GeoPPIS explicitly targets the limitations of current PPIS predictors
by combining geometric graph learning with relative solvent accessibility-guided transfer learning
to reduce overfitting and with clustering/ensemble post-prediction strategies to improve prediction
stability. Together, these studies show that geometry-aware learning can be useful across different
structural abstractions, from surface patches to residue graphs, although they are designed for different
prediction settings and outputs.

In contrast, ScanNet (spatio-chemical arrangement of neighbors neural network) [78] uses GDL
to analyze spatio-chemical (SC) properties at atomic and amino acid levels for predicting functional
sites in proteins. The model constructs local coordinate frames centered on each heavy atom, oriented
by covalent bonds, while processing neighboring atoms as point clouds with specific coordinates
and chemical attributes. Through trainable SC filters, Gaussian kernels, and sparse bilinear products,
ScanNet preserves spatial relationships across physical and attribute space, ensuring predictions
remain invariant to Euclidean transformations. This atom-level framing sharpens residue-level site
delineation when high-quality coordinates are available.

Meanwhile, EquiBind [79] further advances binding site prediction by employing SE(3)-equivariant
GDL to model how drug-like molecules bind to protein targets. The model predicts receptor binding
sites and ligand orientations while accounting for ligand flexibility, which is critical because drug-like
molecules often change conformation during binding. Compared to traditional methods that require
extensive sampling, EquiBind achieves up to 100x faster predictions by combining graph matching
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networks with E(3)-equivariant neural networks (see Box 1). Accordingly, this pose-centric view favors
rapid structure-based design workflows that require plausible placements at scale.

Although significant advances have been made, these methods still face substantial challenges:
surface-based approaches often lack sufficient chemical context; atom-level spatio-chemical methods
require high-quality structural data and still struggle with induced fit and long-range interaction effects;
equivariant pose-modeling, while geometrically expressive, remains computationally intensive, demands
large structural datasets, and often generalizes poorly to novel protein pockets or ligands. Across all
classes, there is a persistent dependency on static structures, limited accounting for receptor/ligand
flexibility, and reduced performance on unseen protein families or chemically diverse ligands.

3.3. Drug-Response Prediction

A related challenge is drug-response prediction (DRP), which must reconcile three requirements:
integrating heterogeneous cell/drug evidence, maintaining generalization under distributional shift, and
providing mechanistic interpretability that can be biologically vetted. Large-scale pharmacogenomic
public resources underpin this task of which there are several including the Genomics of Drug Sen-
sitivity in Cancer (GDSC) [15] that provides drug response measurements for over 1,000 cancer cell
lines across hundreds of compounds with accompanying multi-omics data and the Cancer Cell Line
Encyclopedia (CCLE) [16] offers complementary genetic and pharmacologic characterization at similar
scale. CellMinerCDB [80] aggregates multiple pharmacogenomics datasets with molecular profiling
to enable cross-dataset analyses. Large-scale efforts to associate phenotypes with drug response were
pioneered by the National Cancer Institute since the 1990s and have been an intense area of research
utilizing computational algorithms ever since. Here, we describe several newer methods that use DL [81].

By constructing similarity matrices from gene expression, copy number variation, mutations, and
drug fingerprints, and propagating information over the resulting cell-drug graph, MOFGCN [82]
learns latent features for sensitivity prediction and attains superior performance on both GDSC and
CCLE. This design capitalizes on redundancy across modalities to denoise noisy features, and it is
particularly effective when omics breadth is wide and measurement noise is idiosyncratic rather than
systematic. In practice, similarity fusion trades some fine-grained mechanism tracing for stability
and coverage. By contrast, when distributional variability dominates (e.g., shifts in lineage composi-
tion, assay platforms, or response sparsity), contrastive objectives can sharpen decision boundaries.
GraphCDR [83] represents cell lines and drugs as nodes with responses as edges, and applies multi-task
contrastive learning to separate sensitive versus resistant patterns explicitly. This objective improves
generalization by forcing representation spaces to respect response discriminants across cohorts. The
benefit is resilience to shift; the trade-off is that the latent separation is optimized for discrimination
first, with mechanistic explanations emerging indirectly.

In a complementary approach, when interpretability and biological validation are prioritized,
attention and importance propagation on heterogeneous graphs can make gene-level drivers explicit.
In an example from our work, drGT [13] applies a graph attention network over drug-cell-gene
relations, producing attention scores that quantify gene importance in each drug-cell context. This
allows external validation (e.g., PubMed co-occurrence) and achieves 78% accuracy and 76% F1 for
DNA-damaging compounds in NCI60 [12].

3.4. Data Biases and Method Selection

Drug response prediction (DRP) models are constrained by biases in pharmacogenomic datasets,
affecting both predictive performance and out-of-distribution generalization. These biases arise from
the composition of the dataset, the measurement of responses, and the distributional heterogeneity
across studies [14,84-86].

First, dataset bias reflects the uneven representation of cancer types, molecular subtypes, and drug
classes in pharmacogenomic resources [14,87]. Well-studied cell lines and drug classes (e.g., kinase
inhibitors) are often overrepresented, leading models to learn lineage- or drug-specific correlations that
may not generalize to underrepresented cancers or novel mechanisms of action. This issue is closely
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related to similarity bias [30], in which models exploit shared chemical or biological patterns rather
than learning true drug-response or drug-target mechanisms. Consequently, models may perform
well on random splits dominated by chemically or biologically similar samples, but fail to generalize
across underrepresented protein families, unseen molecular scaffolds, or sparsely sampled regions of
chemical space [36,88].

Second, label bias and measurement variability introduce additional challenges. There is no
de facto drug response measurement; some databases use IC5y and, others, AUC, which are not
directly interchangeable and also can depend on assay design (e.g., dose range and curve fitting
algorithms). Differences in experimental protocols across datasets (e.g., GDSC vs. CCLE) introduce
systematic discrepancies in response labels [14,89]. For example, in classification tasks, poor community
standardization in defining sensitive and resistant responses in samples and weak responses can lead
to implicit label noise and class imbalance.

Third, distributional shift limits real-world applicability. Models trained on cell lines often fail
to generalize to patient data due to the data heterogeneity differences [90]. Moreover, drug response
in vitro reflects controlled dose-response assays, whereas clinical outcomes occur in the presence of
many other factors such as circulatory and immune systems, which can lead to mismatched label
semantics [91]. Together, these discrepancies create inconsistencies in both features and labels, even for
overlapping drugs or molecular profiles. To mitigate this problem, CODE-AE [90] performs domain
adaptation between cell-line and patient domains by learning representations that are transferable
across the two settings while accounting for confounding effects. In addition, GANDALF [91] uses
a diffusion-based generative approach to synthesize patient-like data from cell-line data, thereby
augmenting the limited patient training data.

These biases directly inform method selection. Similarity-based fusion is effective when multi-
omics coverage is broad, and redundancy can reduce noise [82]. In contrast, contrastive graph-based
methods improve robustness under distributional shift by enforcing discriminative structure across
cohorts [92]. For methods that incorporate prior knowledge, results can depend on the availability and
quality of included prior knowledge [13].

Data leakage is a common and often underappreciated problem in machine learning for biomedi-
cal prediction. In knowledge-graph link prediction, for example, a chronological split is often preferable
when the goal is to predict future discoveries rather than randomly hide existing edges. This is because
missing edges do not necessarily indicate a negative label; they could simply be edges that have yet
to be verified. This problem is exacerbated by the scarcity of reported negative results, which makes
it difficult to distinguish true non-interactions from unobserved or untested associations; attempts
to address the positive bias remain limited but exist, as with the journal Access Microbiology [93].
However, many benchmark datasets do not provide sample-level temporal metadata [94]. Similarly, in
drug response prediction, integrating multiple datasets can introduce leakage because the same or near-
duplicate drug-cell line response measurements may appear across different sources with inconsistent
identifiers [95]. As a result, explicitly removing all test-related labels or equivalent measurements from
the training data requires a concerted effort.

Data quality is also a critical consideration for predictive modeling. Well-known curated resources
such as ChEMBL, specifically consider this issue by combining manual and automated curation to
standardize activity values and units, annotate assays and targets, and flag potential data-quality
issues such as outliers, duplicates, and transcription errors [96]. These curation efforts substantially
improve the accessibility, comparability, and integrity of bioactivity data. At the same time, because
the underlying data are drawn from heterogeneous publications and assay settings, some residual
uncertainty in assay comparability, target assignment, and measurement consistency can remain [97].
A recent publication by the ChEMBL group describes aspects related to data quality. For example,
they describe ongoing efforts to provide greater consistency to pharmacokinetic data units with
91% of AUC data units being ng h ml~! [98]. Gibson et al. report on the usage of datasets for clinical
prediction models, without clear provenance and major deficiencies based on criteria from TRIPOD+AI
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(Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis +
Artificial Intelligence [99]) used in over 100 studies [100]. This work highlights the need for researchers
to understand the datasets they use and to remain vigilant about data quality.

4. Lead Identification
4.1. Virtual Screening with Al

Lead identification focuses on discovering promising drug candidates with desirable properties
through ML tasks such as protein binding site prediction and molecule generation. Unlike target
identification, this phase emphasizes finding and optimizing potential drug molecules that could
become therapeutic agents. In this context, virtual screening searches for candidate compounds within
existing chemical libraries, and, since this process can be highly time-consuming, Al-based approaches
have increasingly become a chosen method for simulating and prioritizing candidates before wet-lab
validation.

We contrast two complementary strategies: (1) data-driven convolutional scoring and (2) structure-
based flexible receptor modeling, because they trade off coverage, pose realism (i.e., plausibility of
binding pose orientation and conformation), and computation. One notable example is the Atomwise
AIMS Program, which developed AtomNet [101], a CNN designed to explore chemical space and
identify promising drug candidates. AtomNet achieved an impressive 73% success rate across 296
academic targets, with an average hit rate of 7.6%, far surpassing traditional methods (0.001-0.15%).
The model performs consistently across different structure types (crystal: 5.6%, cryo-EM: 5.5%, ho-
mology: 5.1%) and can identify hits for 70% of targets even without known activities. Leveraging
the massive computational power of 40,000 CPUs and 3,500 GPUs to screen 16 billion compounds,
AtomNet achieved 91% hit confirmation rate based on experimental validation in dose-response assays,
successfully targeting challenging proteins, including protein-protein interactions (74% success) and
allosteric sites (79% success).

In contrast, RosettaVS [102] emphasizes structure-based virtual screening by explicitly modeling
receptor flexibility and optimizing protein-ligand energetics, using full side-chain and partial backbone
flexibility to capture induced conformational changes, and employing an improved physics-based
force field (RosettaGenFF-VS) to evaluate binding poses and affinities. Using active learning, it can
screen billions of compounds within a few days, successfully identifying novel binders for KLHDC2 (7
hits, 14% hit rate) and Nav1.7 (4 hits, 44% hit rate) with micromolar affinities. Predicted binding poses
have been validated with X-ray structures, confirming the method’s accuracy.

Despite the gains, significant limitations persist across these methods. Scaling to libraries with bil-
lions of entries imposes a heavy computational budget. Moreover, early enrichment (7.6-14%) [101,102]
does not preclude substantial attrition during confirmatory assays, indicating a nontrivial false-positive
burden. Coverage is further bounded by the finite portion of drug-like space represented in available
libraries, while candidates still demand synthesis and experimental validation.

4.2. Molecule Generation

Molecule generation aims to create new and diverse molecular structures with specific desirable
properties. These approaches are often applied in the context of large virtual chemical libraries such as
ZINC [34], which support ligand screening and molecule generation. In practice, approaches in this
field generally fall into two complementary categories: generative models (GMs) and combinatorial
optimization (CO) methods, both designed to propose novel compounds that satisfy predefined criteria
such as the Quantitative Estimate of Drug-likeness (QED), a metric that optimizes eight desirable
molecular properties, including molecular weight [103].

A thorough review of this area has recently been presented by Zeng et al. [104]. Briefly, we cover
two main areas based on our experiences. From a representation-learning standpoint, generative
models learn to produce novel molecular structures from latent space representations, including
autoregressive and diffusion-based approaches. An example is Autoregressive Diffusion Modeling
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for Structure-Based Drug Design (AUTODIFF) [105], which employs a conformal motif assembly
strategy combined with an SE(3)-equivariant network to accurately model protein-ligand interactions,
generating drug-like molecules that meet multiple critical criteria, including chemical and metabolic
stability. By contrast, combinatorial optimization methods explore discrete chemical space using
techniques such as genetic algorithms (GA) and reinforcement learning (RL). The Reinforced Genetic
Algorithm (RGA) [106] integrates GA with RL, using neural networks to guide mutation and crossover
operations rather than relying on random selection, while incorporating 3D structural information
from both protein targets and ligands. A separate related innovation, the Differentiable Scaffolding
Tree (DST) [107], transforms discrete chemical structures into differentiable representations, allowing
gradient-based optimization directly on chemical graphs; DST leverages graph neural networks
to backpropagate gradients, providing interpretable insights into how structural features relate to
molecular properties.

Recent advances have increasingly leveraged diffusion models as a powerful generative frame-
work for molecular design, due to their ability to model complex distributions over molecular struc-
tures. In particular, conditional diffusion models have emerged as a dominant paradigm, enabling
molecule generation conditioned on protein pocket geometry, binding affinity objectives, or physic-
ochemical properties. For example, structure-based diffusion models such as DiffBP [108] generate
molecular structures conditioned on 3D protein binding sites, learning joint distributions over atom
types and coordinates in an equivariant framework. Beyond structure-based settings, conditional
diffusion has also been applied to other modalities; for instance, DiffMS [109] formulates molecular
generation as a graph diffusion process conditioned on mass spectra and chemical formula constraints,
enabling structure elucidation from experimental data.

While conditional generation improves control over desired properties, many approaches still assume
static protein structures, limiting their ability to capture realistic binding processes. DynamicBind [110]
formulates ligand binding as an SE(3)-equivariant diffusion-based docking process that starts from an apo-
like (ligand-free) protein structure and an initially placed ligand, and iteratively refines both components
toward a ligand-bound holo-like (ligand-bound) complex. At each diffusion step, the model predicts rigid-
body transformations (translation and rotation) and torsional updates for ligands, while simultaneously
adjusting protein backbone and side-chain conformations, effectively learning an energy landscape that
can transition from apo to holo states without explicit molecular dynamics simulation [110].

ColdstartCPI [111] instead operates in a sequence-based setting but introduces induced-fit model-
ing through joint compound-protein representations. It combines Mol2Vec [112] and ProtTrans [113]
embeddings with a Transformer architecture that performs self-attention over concatenated sub-
structure features (e.g., local chemical fragments identified from SMILES) and residue features (e.g.,
amino-acid embeddings derived from protein sequences), allowing compound and protein represen-
tations to be updated jointly. This design explicitly models inter- and intra-molecular interactions,
enabling feature adaptation across binding partners and improving generalization when predicting
interactions involving previously unseen compounds, proteins, or compound-protein pairs.

Similarly, INGNN-DTI [114] models drug-target interaction at the graph level by constructing
both molecular and protein graphs and encoding them with a k-subgraph GNN extractor, in which
each node representation is updated by pooling information from the k-hop subgraph surrounding
that node. This allows the model to use k-subgraphs as a way of building richer node and graph
representations, thereby capturing higher-order local substructures that standard message passing
may miss. To model cross-molecular interactions, INGNN-DTI then applies a cross-attention-free
transformer (cross-AFT) module, where drug-node features and protein-node features are combined
through learned query, key, and value transformations with pairwise bias terms, so that each atom
or residue can aggregate weighted information from its potential binding partner without standard
dot-product attention. In addition, pretrained sequence embeddings from Chemformer [115] and
ESM [116] are fused with the graph-derived features to provide complementary global molecular
and protein context, yielding more interpretable residue-atom interaction patterns and improving
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generalization to unseen drugs, proteins, or drug-target pairs. Collectively, these approaches differ
from conventional generative or optimization-based methods by explicitly modeling the coupling
between ligand structure and protein response, either through geometric diffusion in 3D space or joint
representation learning over molecular and protein features.

Despite these advances, from an algorithmic perspective, many molecule-generation methods
still struggle with chemical validity and realistic 3D geometry [117], often producing invalid torsions,
distorted rings, or other local structural artifacts. Many approaches—especially GA-style or RL-
based search — rely on costly evaluations while exploring chemical space in a largely random-walk
fashion, highlighting the need for further integration of multimodal data [104]. Finally, models
frequently overfit to training distributions, yielding low-novelty molecules and being constrained by
representation limits.

5. Lead Optimization
5.1. Molecule Optimization

Lead optimization focuses on refining drug candidates by improving molecular structure (related
to training for molecular generation), assessing toxicity, and modeling pharmacokinetics. This aims
to enhance the drug-like properties of existing candidates, a challenging task given the vastness of
chemical space. In practice, approaches differ in how they explore and constrain chemical space, as
well as the trade-off between molecule diversification.

For example, multi-constraint molecule sampling for molecule optimization (MIMOSA) [118], for-
mulates molecule optimization as a Bayesian sampling problem, employing GNN-based proposals as a
Markov Chain Monte Carlo kernel. Using three fundamental substructure operations (i.e., add, replace,
and delete), MIMOSA achieved a 49.1% improvement over the second-best method, GA, on the ZINC
dataset (Table 1) when optimizing for activity against the tested target and molecular properties. Sepa-
rately, Copy & Refine (CORE) [119], optimizes molecules by deciding at each step whether to copy an
existing substructure from the input molecule or generate a new one. CORE combines this strategy with
scaffolding tree generation and adversarial training, where a discriminator network learns to distinguish
real from generated molecules. This structure-preserving approach accelerates convergence around viable
scaffolds, though it may remain close to the starting series unless diversity pressure is added explicitly.
One way this is done is by using Molecule-Level Reward (MOLER) functions to introduce similarity
rewards and size deviation penalties using the RL technique, policy-gradient optimization to adjust model
parameters by directly increasing the expected reward of its outputs [120].

A critical issue in lead optimization is the activity cliff, where small structural modifications
produce disproportionately large changes in potency [121,122]. Such cliffs violate the smooth structure-
activity assumptions implicitly made by many generative and QSAR-style models and therefore
expose failure modes that are hidden by good average metrics. MoleculeACE [123] systematically
benchmarked 24 classical and deep learning models across bioactivity datasets from 30 macromolecular
targets and showed that model performance degrades substantially on activity cliff compounds, with
errors on these compounds often underestimated when relying solely on global metrics such as root
mean square error.

5.2. Toxicity Prediction

Accurate toxicity prediction is essential for reducing drug development failures and ensuring
patient safety in clinical trials. Drug toxicity is often organ-specific, affecting systems such as the liver,
kidney, and cardiovascular system, which are major causes of drug attrition during drug discovery and
adverse clinical outcomes [124,125]. Recent methods have emphasized both 3D geometry-aware mod-
eling and enriched molecular representations. We describe two graph-based methods. First, Cremer et
al. [126] demonstrated the use of Equivariant Graph Neural Networks (EGNNSs) to predict molecular
toxicity. By incorporating 3D structure information while maintaining rotational and translational
invariance, EGNN ensures consistent predictions regardless of molecular orientation or position. Their
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evaluation across multiple MoleculeNet endpoints showed significant improvements over SMILES-
based transformers: 14% on Tox21 (0.789 vs. 0.691), 18% on ToxCast (0.685 vs. 0.578), and 13% on
BACE (0.832 vs. 0.739). Second, the Multi-level Fingerprint-based Graph Transformer (MolFPG) [127]
integrates diverse molecular fingerprints with graph transformer architectures. MolFPG combined
substructure detection (Morgan fingerprints), functional group identification (MACCS keys), and
physicochemical property characterization (RDKit features). This feature fusion module results in bet-
ter performance than other GNN architectures benchmarked to enhance toxicity prediction. However,
challenges remain in translating computational predictions to human outcomes. For example, predict-
ing tissue distribution, especially accumulation in vital organs or blood cells, remains difficult [128].
Such limitations hamper extrapolating from experimental models to human physiology.

In addition to single-drug toxicity prediction, drug-drug interactions (DDIs) represent a critical
source of adverse effects in clinical settings. DDIs arise when the pharmacokinetic or pharmacody-
namic properties of one drug are altered by another, potentially leading to reduced efficacy or increased
toxicity [129,130]. SGT-DDI [129] is a multimodal framework that integrates two-dimensional molec-
ular graph representations with three-dimensional geometric features through a Transformer-based
architecture. It learns each drug from two complementary views: a graph encoder captures topologi-
cal patterns from the 2D molecular structure, while a spatial encoder models its 3D conformational
geometry. These modality-specific representations are fused through multi-head attention to produce
context-aware drug embeddings for predicting both whether a DDI occurs and what type of interaction
it represents. A limitation, however, is that the approach depends on the availability and quality
of 3D conformational information, which may be uncertain for flexible molecules, and it may still
underrepresent biological context beyond molecular structure alone, such as dosage, metabolism, or
patient-specific factors.

Bi-SemDRUG [130] is a knowledge graph-based framework that learns drug representations
from drug-centric subgraphs extracted from a large-scale biomedical knowledge graph. For each
drug, it constructs two complementary subgraph views: a connectivity-based view that preserves
local neighborhood structure through random-walk sampling, and an importance-based view that
captures globally important biomedical entities through PageRank-based sampling. Bi-SemDRUG
has two components: a low-order encoder for neighborhood-based pairwise biomedical relations
and a high-order encoder for hypergraph-based multi-entity association patterns. Here, the modeled
“interactions” are not restricted to physical drug-target binding, but more broadly denote typed
biomedical relations in the knowledge graph and, ultimately, typed drug-drug interaction relations.
The resulting representations are aligned and integrated through contrastive learning to generate drug
embeddings for multi-type DDI prediction.

While toxicity prediction focuses on assessing the adverse effects of individual compounds, drug
combination discovery addresses the complementary challenge of optimizing therapeutic efficacy through
synergistic interactions. In this context, machine learning approaches have been widely adopted to predict
drug synergy using large-scale combination screening data and computational models [131]. For example,
DeepSynergy [132] employs a feedforward neural network that takes concatenated multi-modal features,
which include chemical descriptors of drug pairs and gene expression profiles of cell lines, as input
to predict drug synergy scores. Another method, TargetScore, uses a prior knowledge-based network
analysis using phosphoproteomics measurements [133]. Kong et al. have recently published a more
complete review of over 100 computational methods examining drug synergy [134].

5.3. Pharmacokinetic Modeling

Pharmacokinetic (PK) and Pharmacodynamic (PD) modeling play a crucial role in predicting
how drugs are absorbed, distributed, metabolized, and eliminated over time. Traditional PK models
rely on mathematical equations to describe the absorption, distribution, metabolism, and excretion
(ADME) of compounds (often differential equations) [135]. Recent advances have introduced neural
network-based approaches as alternatives. Lu et al. [136] applied neural ordinary differential equations
(Neural-ODEs) [137] to PK modeling, demonstrating their ability to predict dosing regimens for
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trastuzumab emtansine (T-DM1), a conjugated monoclonal antibody used to treat breast cancer. Their
Neural-PK model accurately predicted complete drug concentration profiles using only early PK data
from the first 21-day dosing cycle, achieving an R? of 0.98 and a correlation coefficient of 0.99 on 133
test patients. In follow-up work, Neural-PK/PD [138] extended this type of approach to model drug
effects and patient responses over time. The Neural-PK/PD architecture uses three encoders, PK, PD,
and initial-condition encoders whose outputs condition a Neural-ODE module with separate PK and
PD vector fields. The ODE submodule (implemented as a recurrent network) integrates these fields
over time to produce PK and PD trajectories, while a dedicated dose input drives the PK dynamics.
The authors of these studies caution that DL models trained on small sample sizes may be prone to
overfitting, and suggest that pre-training using PK data could improve model performance. One such
resource is the Pharmacokinetics Database (PK-DB) [37], which compiles PK data from clinical trials.

Such PK/PD models and related data can be of use to the growing research area of digital twins.
Digital twins are virtual representations of biological systems that enable in silico simulations across
scales, from individual cells to entire humans [139]. One recent use of PK-DB data sought improved
diabetes management through such a digital twin study that developed a whole-body physiologically-
based pharmacokinetic model [140]. There have been other reports on how clinical trial outcomes
improve through the use of digital twins [141].

6. Clinical Trials

This section reviews applications of artificial intelligence (Al) in clinical trials, with a focus on
patient outcome prediction, trial site selection, patient-trial matching, and trial similarity search, as
well as the current state of LLM integration.

Before analyzing specific Al applications in clinical trials, we first characterized the overall
landscape of trials employing ML/ Al-related techniques, specifically, deep learning (DL), machine
learning (ML), artificial intelligence (AI), and large language models (LLMs).

We retrieved a total of 520,050 clinical trials from ClinicalTrials.gov (as of December 2024) and
performed separate keyword-based searches using the following exact keywords: “artificial intelligence”,
“machine learning”, “deep learning”, and “large language model”. Each query targeted both the title and
condition fields, such that any trial containing the corresponding keyword in these fields was identified.
The retrieved dataset included the NCT Number, Study Title, Study Status, Conditions, and Phases.

To refine the dataset, we excluded studies with the following statuses: UNKNOWN, WITH-
DRAWN, WITHHELD, NOT YET RECRUITING, and NO LONGER AVAILABLE. These exclusion
criteria were applied to remove trials without sufficient status information, as such entries may re-
flect incomplete reporting, which could introduce noise or bias in downstream analysis. After this
preprocessing step, 408,530 trials remained. Among them, 3,746 trials (0.92%) contained at least one
ML/ Al-related term. Specifically, we identified 1,338 Al-related trials, 1,430 ML-related trials, 1,491
DL-related trials, and 96 LLM-related trials.

Figure 3 (a) presents a Venn diagram illustrating the overlap among these categories. The majority of
studies involve ML and DL, together accounting for over 2,500 trials, followed by Al (over 1,000 trials)
and LLMs (fewer than 100 trials). We further examined the clinical phases of the 3,746 Al-related trials
identified through our keyword-based search described above. Among these, 275 trials had reported
clinical trial phases. Because the extraction was based on exact keyword matches in the title and condition
fields, the resulting phase counts should be interpreted as a broad indicator of Al-related trial records
rather than a definitive estimate of Al methods as the primary study intervention. Clinical trial phases
generally progress from initial safety assessment (Phase 1) to efficacy evaluation (Phase 2), large-scale
confirmatory studies (Phase 3), and post-marketing real-world surveillance (Phase 4). As shown in
Figure 3 (b), the largest proportion of studies is in Phase 2, while some DL-based studies have progressed
to Phases 3 and 4. These Phase 4 records should be interpreted with caution, as keyword-based extraction
may capture studies where deep learning is mentioned in a supportive or analytical context rather than as
the primary intervention. For example, only a small subset of Phase 4 records explicitly describe deep
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learning-based prediction models in the official ClinicalTrials.gov record, such as NCT05357326 (myopia
intervention) and NCT04685642 (mood disorder treatment). Interestingly, most LLM-related trials are
concentrated in Phase 2, followed by Phase 4. Consistent with the temporal trend in Figure 3(c), the
number of Al-related trials has increased markedly in recent years.
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Figure 3. (a) Distribution and overlap of 3,746 Al-related clinical trials. Deep Learning (DL) and Machine
Learning (ML) account for the largest numbers of unique trials, 1,173 and 1,037, respectively, followed by Artificial
Intelligence (AI) with 912 trials. Large Language Models (LLMs) are referenced in a total of 96 trials, including 80
uniquely associated with LLMs. (b) Phase-wise distribution of Al technologies across clinical trial stages. The
peak activity is observed in Phase 2, particularly for Deep Learning (~40 trials) and Machine Learning (~35 trials),
with limited LLM-related trials observed across all phases. (c) Temporal trends of Al-related clinical trials based
on the ClinicalTrials.gov “First Posted” date. Categories are not mutually exclusive.

6.1. Trial Site Selection

Trial site selection evaluates factors such as geographic location and costs, and selected sites must
enroll participants while ensuring compliance with regulatory and study requirements. Since patients
with varying demographics may respond differently, trials should reflect the overall population.

In this context, PG-entropy [142] is a 2-layer neural network that uses a learning-to-rank ap-
proach (i.e., training models to optimize the ordering of items in a ranking task) with a Plackett-Luce
probabilistic ranking policy, and incorporates an entropy-based fairness reward inside the policy-
learning objective to select a Top-K set of sites whose combined patient demographics are more evenly
distributed across groups. Separately, the FRAMM (Fair Ranking with Missing Modalities) [143],
algorithm uses a Q-value-style scoring network while not explicitly being a deep Q-value network
(DQN). FRAMM scores each site based on its contribution to a reward that combines enrollment utility
and fairness/diversity, and it trains this using the REINFORCE policy gradient algorithm, which
utilizes Monte Carlo sampling to maximize the expected reward over Top-K rankings. The use of
policy-gradient optimization instead of DQN aids in this one-shot ranking task. In both methods,
the REINFORCE policy-gradient method is used to provide a way to compute the gradient without
differentiating through the discrete choice of site selection.

While traditional site selection relies on historical data, modern approaches should consider
temporal changes in population demographics and healthcare accessibility. Therefore, future devel-
opments should focus on adaptive modeling that responds to changing population socioeconomic
characteristics and healthcare access patterns [144-146].
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6.2. Trial Outcome Prediction

Trial-outcome prediction estimates the likelihood of success based on disease characteristics,
the intervention, and elements of study design. Choosing an effective model in practice requires
addressing three key challenges: complex relationships among trial components, heterogeneous and
partially missing modalities, and limited data availability. Here, we describe two methods, HINT and
LIFTED, that tackle outcome prediction for trials.

HINT is a hierarchical interaction graph over drugs, diseases, and protocols, then utilizes a
dynamic attentive GNN for prediction. HINT is tested against a benchmark dataset of 17,538 clinical
trials, comprising 13,880 small-molecule drugs and 5,335 diseases [147], where each key data modality
is embedded by a separate embedding model. For example, the Graph-based Attention Model (GRAM)
model was used for disease codes mapped to a hierarchy, and the Clinical-BERT (Bidirectional Encoder
Representations from Transformers) was used to embed sentences of eligibility criteria. Separately, the
reliability of HINT was further improved by combining HINT with a calibrated reject/abstain layer
for uncertainty-aware selective classification, which abstains on low-confidence cases [148].

However, this strategy can be vulnerable when relational fields are sparse or noisy, in which case
a language-mediated approach can be more robust, as argued by the authors of Multi-Modal Mix-
of-Experts for Outcome Prediction (LIFTED) [149]. To achieve this, LIFTED normalizes inputs using
a unified transformer-based encoder to extract representations from these modal-specific language
descriptions, thereby avoiding the need for a modal-specific encoder (such as with HINT), which may
limit method use with new data modalities. LIFTED learns cross-modal patterns using noise-resilient
encoders (augmentation plus consistency loss) and sparse gating (sparse Mixture-of-Experts with
noisy Top-K routing). These choices improve robustness to data noise and, by unifying heterogeneous
fields into natural-language descriptions with a shared encoder, may also mitigate the practical effects
of schema changes and data missingness.

6.3. Patient-Trial Matching

Patient-trial matching connects individuals to appropriate clinical trials by aligning their medical
records with eligibility criteria [150].

Owing to LLMs’ ability to understand text, LLMs can be employed to aid in patient selection.
For example, den Hamer et al. studied the use of LLM-assisted pre-screening that used prompts
combining one-shot, selection-inference, and chain-of-thought techniques to decide which eligibility
criteria can be checked from a patient summary and evaluate those criteria [151]. Using 10 synthetic
patient profiles, each representing a separate cancer, the authors identified 146 relevant trials for the
disease and 4,135 criteria. Criterion is screenable if the profiles contained sufficient information to
evaluate the criterion (e.g., gene alteration presence would be screenable if in the summary). The LLM
correctly identified screenability for 72% (2,994/4,135) of the criteria and answered 72% (341/471) of
the screenable criteria correctly. Trial-level recall was 0.5 in the purely automated setting. Before a trial
was excluded entirely, a physician examined each of the flagged trial dropout criteria. The precision
reached 1.0, with a precision of 0.71. This workflow reduced the number of criteria a physician needed
to check by ~90%, to <10% (328/4,135).

Another related study showed similar improvements. Trial GPT implemented an LLM-based
pipeline with retrieval, matching, and ranking modules, evaluated on the SIGIR 2016 and TREC
2021/2022 oncology cohorts [152]. In retrieval, GPT-generated keywords were issued to a hybrid
BM25 plus MedCPT (lexical and semantic, respectively) retriever and fused via reciprocal rank fusion;
using GPT-4 keywords, this reached 86.2% recall at top-500. In criterion-level matching, Trial GPT
generated rationales, located supporting sentences in the patient note, and assigned eligibility labels;
three domain experts rated explanations 87.8% correct across 105 patient-trial pairs (1,015 criteria). For
trial-level ranking, aggregating criterion predictions outperformed baselines (e.g., BioLinkBERT). In a
clinician pilot study with 36 trial pairs in a crossover design (18 with vs 18 without per annotator),
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there was a non-significant trend to higher annotation accuracy with Trial GPT (97.2% vs 91.7%) and a
42.6% mean reduction in screening time.

Despite reported gains, current LLM-based trial-matching systems still struggle with unclear
or ambiguous eligibility criteria, so a physician-in-the-loop remains necessary to curb misclassifica-
tion [151]. Furthermore, real-world matching often depends on longitudinal notes, lab values, and
multimodal data that the above evaluations did not cover [152].

6.4. Challenges of LLMs in Clinical Tasks

Despite their strong performance in tasks such as patient-trial matching and eligibility screening,
LLMs face several challenges that limit their safe and effective deployment in clinical settings [153,154].
Hallucinations remain a critical issue [155-157]. In some yet unclear instances, LLMs may generate
plausible but incorrect interpretations of patient records or eligibility criteria, potentially leading to
incorrect inclusion or exclusion decisions. In settings such as clinical trial recruitment, these errors can
compromise patient safety; such issues necessitate continued human oversight and verification. Second,
ethical and privacy concerns arise when applying LLMs to sensitive clinical data [153]. Patient records
regularly contain legally protected health information (PHI). The use of LLMs raises questions about
data security, consent, and compliance with healthcare data protection regulations such as the Health
Insurance Portability and Accountability Act Liability (HIPAA) law in the United States [158,159].

Integration with electronic health record (EHR) systems is another and more practical chal-
lenge [160,161]. Clinical data systems are heterogeneous, incomplete, and often stored in unstructured
formats (e.g., physician notes), making the reliable extraction and standardization of data difficult.
Additionally, extensive real-world deployment would require interoperability with various hospital
information systems, which work that typically lies outside the scope of research. Lastly, these systems
may inherit biases from training data [162], potentially leading to systematic exclusion or misclassifica-
tion of underrepresented patient groups (e.g., 94.6% of the UKBioBank participants are classified as
"white") [9]. Addressing this issue requires careful dataset curation, bias-aware model design, and
human-in-the-loop validation.

Separately, the emerging paradigm of using LLMs as evaluators (i.e., “LLM-as-a-judge”) has
gained attention for tasks such as evidence assessment and decision support [163]. In this scenario,
LLMs are being used to evaluate the output of other Al systems. In part, this is driven by the issues
in the availability of expert human reviewers to evaluate the large number of methodologies being
created, as well as to address variability that can exist between human reviewers [164]. However, the
reliability of such approaches is imperfect [165]. Additionally, LLM-based judgments can be sensitive
to prompt design and may lack consistency and domain-specific grounding [166], particularly when
evaluating complex content with clinical terms and jargon. As a result, LLM use in life-and-death
decision-making requires careful validation and should be complemented with expert oversight.

7. Discussion

We provide an overview of Al applications in drug discovery, highlighting state-of-the-art meth-
ods and key datasets, all contextualized within the stages of drug development.

The drug discovery landscape is dominated by two complementary Al technologies: graph
neural networks (GNNs) and large language models (LLMs). GNNs are particularly well-suited for
chemical structures, naturally representing atoms and bonds as graphs and excelling at capturing
relational biomedical data. LLMs, on the other hand, have shown strong performance in processing
complex textual data, such as clinical trial reports, and generating sophisticated embeddings from
biological data, as demonstrated in recent advances in gene expression analysis [167]. Together, these
technologies are driving a paradigm shift in biological data interpretation.

Despite the availability of numerous high-quality datasets (Table 1), significant challenges remain.
These include ensuring data quality, meeting the high computational demands of state-of-the-art
models, and improving model interpretability. For example, models like AlphaFold require over 100
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GPUs to process approximately 170,000 protein structures, highlighting accessibility and scalability
concerns in research settings.

7.1. Challenges and Future Directions

Across the drug discovery pipeline, the primary limitation of current Al approaches lies not in
model architecture, but in the mismatch between how models are trained and how they are ultimately
used. Most models are developed on biased and heterogeneous datasets, while real-world applications
require generalization across diverse and clinically constrained settings.

A central issue is data bias, whereby existing datasets disproportionately represent well-studied
targets and diseases, such as kinases and breast cancer, leading models to learn patterns driven by
data availability rather than underlying biology [14,128]. This bias limits applicability to less-studied
targets and rare diseases, where data remain scarce. As a result, model capabilities and performance
often reflect areas of historical research focus.

Closely related is the problem of distribution mismatch. Drug discovery data combine heteroge-
neous measurements (e.g., Resazurin/Syto60 vs. CellTiter-Glo [15]) and modalities (e.g., RNA-seq vs.
microarray). Similarly, models trained on cell-line data are sometimes applied to patient populations,
introducing substantial distribution shift due to the data heterogeneity differences [14,85,90]. As
a result, models trained and evaluated under standard random train-test splits primarily capture
interpolation within known data distributions, while failing to generalize to unseen targets, chemical
scaffolds, or patient cohorts [36,168,169]. Consequently, robust performance across heterogeneous set-
tings remains difficult to achieve without improved data harmonization and more rigorous evaluation
on out-of-distribution data (e.g., training on large-scale pan-cancer datasets with testing on equivalent
rare cancer data) [170-172].

Interpretability remains another key bottleneck for deployment. While recent models have
improved in providing post hoc explanations [173,174], they rarely offer mechanistic insights or
calibrated uncertainty at a level required for clinical or biological decision-making [173,175]. Clinicians
require explanations that are both biologically grounded and reliable, yet such capabilities remain
limited [175]. Separately, many clinically relevant scenarios, including rare diseases and low-data
settings, remain largely unaddressed [176,177]. Prior knowledge in the form of curated databases and
text content from scientific publications is one mitigation strategy [13,133,178,179].

Large language models (LLMs) built on abundant text collections introduce a complementary
opportunity by enabling access to information hidden in scientific literature and improved accessi-
bility for clinicians through natural language interfaces [156]. However, their deployment in clinical
workflows is constrained by fundamental reliability issues, including hallucination, sensitivity to
prompt variation, and lack of verifiable reasoning [180-182]. These limitations can lead to incorrect or
overconfident decisions. As a result, LLMs are currently best positioned as clinician-in-the-loop tools
rather than autonomous systems [154].

Combined, these challenges indicate that many of the bottlenecks in Al-driven drug discovery are
structural rather than algorithmic. Progress will depend both on developing new architectures as well
as addressing evident challenges in data bias, cross-domain generalization, and model architecture
that conforms to biological and clinical constraints.
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