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Dear Editor,

The rapid development of artificial intelligence (Al) in
pharmaceutical sciences has created new opportunities in
medicinal chemistry and drug discovery. Machine learning
(ML) and deep learning can integrate chemical, biological,
and pharmacological information to support target
identification, virtual screening, molecular property
prediction, quantitative structure-activity relationship
(QSAR) modeling, ADMET prediction, and molecular
design (1, 2). However, the value of Al in drug discovery
should not be assessed solely based on computational
performance. Its ultimate value depends on whether
computational  predictions improve experimental
decision-making and, ultimately, clinical translation.
Therefore, Al should be viewed not as a replacement for
medicinal chemists or experimental pharmacologists but
as part of an integrated computational-experimental
workflow.

1. Al and Computational Molecular Design

Computer-aided drug discovery has traditionally relied
on molecular
molecular

docking, pharmacophore modeling,
dynamics simulations, and ligand-based
approaches. Al is expanding these methods by enabling
analyses of larger and more heterogeneous datasets and
facilitating the exploration of chemical space (1, 3). A
notable example is the use of deep learning for the rapid
identification of potent DDR1 kinase inhibitors, in which
computationally prioritized compounds were
experimentally evaluated and shown to have biological
activity (4). Such studies illustrate an important principle:

computational models are most useful when they generate
experimentally testable hypotheses rather than being
treated as independent evidence of therapeutic efficacy.

Recent studies have also shown how computational
approaches can complement medicinal chemistry.
Pharmacophore modeling and molecular dynamics-based
in silico repositioning have been applied to identify
potential dual c-MET/EGFR inhibitors, and molecular
docking has been incorporated into the design and
evaluation of novel GABAA receptor agonists (5, 6). These
applications underscore the continuing role of
computational modeling in prioritizing compounds and
formulating mechanistic hypotheses for experimental
investigation.

2. From Computational Discovery to Human
Studies

The transition of Al-assisted drug discovery from
computational research to clinical development is an
important, albeit still incomplete, process. DSP-1181, an Al-
created 5-HT1A receptor agonist developed for obsessive-
compulsive disorder, entered Phase I clinical development
in Japan in 2020 (7). Although subsequent development
did not demonstrate clinical efficacy, its progression into
human testing represented an early example of an Al-
assisted drug discovery program advancing to clinical
development.

A more recent example is rentosertib (formerly ISMoo1-
055/INS018_o55), a small-molecule TNIK inhibitor
discovered and designed using generative Al approaches
for idiopathic pulmonary fibrosis. The compound was
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evaluated in a randomized Phase Ila clinical trial,
providing a concrete example of an Al-discovered
candidate reaching human clinical evaluation (8).
Importantly, progression to clinical development should
not, in itself, be interpreted as evidence that Al has solved
the problem of drug discovery. Rather, these examples
indicate that Al can contribute to candidate generation
and prioritization, while fundamental challenges related
to clinical efficacy, safety, pharmacokinetics, and patient
selection remain.

3. Experimental Validation Remains Essential

The increasing sophistication of Al models makes
experimental validation more, not less, important.
Computational predictions can be influenced by the
quality and representativeness of the training data, dataset
bias, data leakage, inappropriate validation strategies, and
differences between the chemical or biological space
represented in training datasets and that encountered in
prospective applications (2, 9). External validation,
prospective  testing, reproducibility, uncertainty
estimation, and experimental confirmation are therefore
essential components of responsible Al-assisted drug
discovery.

Explainable Al (XAI) may further enhance the practical
utility of computational models for medicinal chemists.
Rather than simply reporting a predicted activity,
interpretable models may help identify molecular features,
fragments, substructures, or chemical descriptors that
contribute to the prediction (10). Such information may
guide rational structural modification and help
researchers determine whether a prediction is chemically
plausible.

Generative Al offers additional opportunities but also
important limitations. Generated molecules may be
synthetically ~ inaccessible,  chemically  unstable,
biologically implausible, or optimized for computational
objectives that do not translate into potency, selectivity,
pharmacokinetic properties, or safety (11). The output of
generative models is also strongly influenced by the
quality and chemical-space coverage of their training data
(11). Therefore, generative Al should currently be regarded
primarily as a tool for exploring chemical space and
generating hypotheses, with medicinal chemists retaining
responsibility for assessing synthetic feasibility and
biological relevance (11).

4. Opportunities for Natural-Product Drug
Discovery

Al may be particularly valuable in natural-product
research, which is highly relevant to the pharmaceutical

sciences. Natural products provide chemically diverse
scaffolds but also present substantial analytical and
pharmacological complexity. Complex extracts can
contain numerous constituents, making compound
characterization, and

relevant  candidates

identification, metabolite
prioritization of biologically
challenging. For example, the isolation and structural
characterization of acetylenic metabolites from Artemisia
biennis  required extensive chromatographic and
spectroscopic analyses (12). Al-assisted dereplication can
integrate metabolomics and spectral data to prioritize
known compounds and reduce redundant isolation of
previously characterized metabolites. In parallel, ML
models can support the prediction of compound-target
interactions from chemical and biological data, potentially
aiding interpretation of the polypharmacology of
multicomponent herbal preparations, in which multiple
targets and pathways contribute to the observed biological
effects (13). By combining these computational approaches
with experimental validation, Al could facilitate the
prioritization of promising natural products and guide
subsequent isolation, characterization, and
pharmacological studies. Metabolomics-based approaches
may help characterize complex biological responses to
natural-product extracts and identify perturbed metabolic
pathways, thereby providing mechanistic insights into
their pharmacological effects (14, 15). Nevertheless, such
predictions should remain hypothesis-generating and
require chemical characterization and experimental
pharmacological validation (9, 16).

Illustrating  this broader experimental context,
computational characterization has been combined with
experimental evaluation, as reported for Lactobacillus
acidophilus bacteriocins investigated as potential RORi-
targeted therapeutics (17). Other studies of quercetin and
curcumin have demonstrated the
multitarget pharmacology and the
interconnected biological pathways rather than isolated
molecular targets (18). These examples reinforce the
potential value of computational approaches for

complexity of
involvement of

generating mechanistic hypotheses while emphasizing the
need for experimental confirmation. Al-based prediction
can also support pharmacokinetic optimization. For
example, ML has been applied to predict drug permeability
across the blood-brain barrier, illustrating how data-driven
approaches can assist in evaluating an important drug-
disposition property (19).

5.The Translational Gap

Despite rapid methodological advances, the clinically
relevant impact of Al in drug discovery remains difficult to
establish (2, 9). Al models may perform well on
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retrospective  benchmarks yet provide limited
improvement in real-world drug-development decision-
making. This issue arises partly because drug discovery
relies on complex, conditional biological data and because
many computational endpoints are only indirect proxies
for clinically meaningful outcomes (2).

Accordingly, future evaluation of Al should move
beyond model accuracy to include prospective validation
and evidence that computational tools improve decision-
making in active discovery programs. Key questions
include whether Al improves the selection of clinically
relevant targets, reduces late-stage attrition, identifies
molecules with superior pharmacological profiles, or
increases the probability of successful clinical translation.

From a practical perspective, the adoption of Al does
not necessarily require extensive computational
infrastructure. Resource-limited medicinal chemistry
laboratories can begin with publicly available chemical
and biological databases and accessible open-source
cheminformatics and ML tools. Initial applications may
include molecular property prediction, virtual screening,
compound prioritization, and data visualization. The
objective should be to integrate computational analyses
into existing experimental workflows rather than replace
established laboratory approaches.

6. Conclusion

Al-driven drug discovery should be regarded as an
evolving component of modern pharmaceutical research
rather than an autonomous replacement for experimental
science. Its greatest potential is likely to arise from the
iterative integration of computational prediction,
medicinal chemistry expertise, experimental validation,
and translational decision-making. Future progress will
depend on higher-quality and more representative
datasets, prospective and externally validated models,
uncertainty-aware prediction, interpretable
computational outputs, and stronger links between
computational endpoints and clinically meaningful
outcomes.

In natural-product research in particular, Al-assisted
dereplication, target prediction, polypharmacology
analysis, and molecular prioritization may provide
valuable tools for navigating complex chemical space.
Ultimately, the success of Al in pharmaceutical research
should be measured not by algorithmic sophistication or
retrospective benchmark performance alone but by
whether these approaches
experimentally validated, and
advances in drug discovery.

generate reproducible,
clinically meaningful
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