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Abstract

Natural products are important sources of therapeutic agents, yet their structural diversity, polypharmacology, and context-dependent effects complicate
target discovery. This review presents an integrated, decision-oriented framework linking experimental target fishing, orthogonal target-engagement and
functional validation, single-cell and spatial multi-omics, and artificial intelligence (Al)-assisted prioritization. We compare representative label-based and
label-free target-fishing strategies according to their biological applicability, evidential strength, limitations, and validation requirements. We also outline
practical approaches for resolving drug-responsive cell states and tissue niches using single-cell and spatial technologies, and summarize Al methods for
compound-target prediction, graph- and knowledge-based reasoning, perturbation modeling, and multimodal data integration. Particular attention is
given to data quality, applicability domains, interpretability, and prospective validation. Finally, we propose an evidence-informed closed-loop workflow in
which computational and omics-derived hypotheses are tested through direct-binding, cellular-engagement, genetic, pharmacological, and spatially

resolved experiments. This framework aims to improve the rigor and efficiency of natural product target discovery and mechanism elucidation.
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Introduction

Natural products have long served as a major source of
medicines, lead compounds, and chemical probes!'l. Their pharma-
cological effects, however, frequently arise from structurally diverse
metabolites acting across multiple targets, cell types, and tissue
compartments. This complexity makes it difficult to distinguish a
direct molecular target from an associated pathway component or a
secondary response factor. Rigorous target discovery therefore
requires an evidential sequence that connects phenotype, candi-
date-target generation, direct target engagement, functional causal-
ity, and disease-context validation[23l, In this review, target fishing
refers primarily to experimental capture or proteome-wide nomina-
tion of compound-interacting proteins. Target identification or
target deconvolution denotes the broader process of prioritizing the
molecular entities responsible for a compound-induced phenotype.
Target engagement indicates that a compound interacts with a
candidate protein in a defined biochemical, cellular, or tissue
context, whereas direct binding requires evidence of a physical
ligand-protein interaction. Target validation further requires
demonstration that engagement of the proposed target is causally
linked to the pharmacological phenotype. These terms describe
different evidential levels and should not be used interchangeably.

Al has become useful in natural product research primarily as a
tool for prioritizing compounds, predicting candidate targets, and
integrating heterogeneous data. Its value depends on whether
predictions can be traced to chemical or biological evidence and
tested experimentally*>l. In parallel, single-cell and spatial multi-
omics can resolve treatment responses across cell types and tissue
compartments, providing context that is not available from bulk
measurements-8J,

Combining these approaches creates a practical division of labor:
single-cell and spatial data define the responsive cellular context,

© The Author(s)

whereas Al organizes chemical, structural, and omics evidence into
ranked hypotheses. Neither approach establishes a direct target on
its own. Their contribution is strongest when candidate targets are
subsequently evaluated by target-fishing, target-engagement, and
causal perturbation experiments.

The novelty of this review lies not in cataloguing these tech-
nologies separately, but in organizing them into an end-to-end,
decision-oriented workflow for natural product research. We com-
pare experimental target-fishing methods according to their read-
outs and evidential boundaries, distinguish biophysical binding
from cellular engagement and genetic dependence, provide practi-
cal guidance for selecting and integrating single-cell and spatial
technologies, and describe how Al models accept, fuse, and trans-
form chemical and multi-omics inputs into experimentally testable
outputs.

Accordingly, the review proceeds from experimental target fish-
ing and validation to cell-type-resolved mechanism analysis and
Al-assisted target prioritization. General drug repurposing and
pharmacokinetic applications are discussed only as supporting
contexts. The final section presents an evidence-informed closed-
loop framework and representative cases, while explicitly identify-
ing the components that still require prospective validation in
natural product studies.

Target fishing

Target fishing comprises experimental strategies used to enrich,
detect, or prioritize macromolecules that interact with a bioactive
small molecule. Depending on whether the ligand must be
chemically derivatized, these strategies can be broadly classified as
label-based and label-free approaches (Fig. 1). Importantly, the
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Fig. 1 Framework for the identification of direct targets of natural products. Natural products or bioactive compounds are isolated from natural sources
and subjected to activity-guided purification, with tiliroside shown as an illustrative example. Candidate targets can first be nominated using omics-based
analyses, artificial intelligence-assisted structure prediction, molecular docking, and network pharmacology. Experimental target-fishing strategies are
subsequently divided into label-free and label-based approaches. (a) Label-free strategies detect ligand-induced changes in protein stability, protease
susceptibility, or local conformation. DARTS identifies proteins protected from proteolysis after ligand binding; CETSA evaluates ligand-induced
alterations in thermal stability; TPP extends thermal stability analysis to the proteome scale; and LiP-MS detects changes in local protease accessibility and
maps ligand-responsive protein regions. (b) Label-based strategies use activity- or affinity-based chemical probes, photoaffinity labeling, click chemistry,
and biotin-streptavidin enrichment to capture compound-interacting proteins. Depending on the target-fishing strategy, candidate proteins are
recovered by affinity enrichment or collected from soluble or proteolytic fractions and subsequently identified by immunoblotting or LC-MS/MS.
Candidate targets should be further evaluated using orthogonal binding and functional validation assays.

output is usually a candidate-target set rather than definitive proof
of direct binding or functional relevance.

Label-based target identification

Affinity-based chemical probes are widely used to identify the
protein targets of small molecules. A typical probe comprises a
bioactive moiety that retains target-binding activity, a linker, and a
reporter or enrichment handle. After target engagement, the probe
enables visualization or affinity enrichment of the interacting
proteins, followed by identification using immunoblotting or mass
spectrometry. Common strategies include immobilization on affin-
ity matrices, biotinylation, click-chemistry-enabled labeling, and
photoaffinity labeling.

Biotin-based affinity labeling

Biotinylation introduces a biotin tag into a bioactive molecule,
enabling enrichment of interacting proteins through the high-
affinity biotin-streptavidin interaction. Owing to its robustness and
compatibility with mass spectrometry, the biotin-streptavidin
system remains one of the most widely used platforms for affinity-
based target fishing.
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Using biotinylated artesunate (bio-ATS), Liu et al. demonstrated
that probe derivatization did not abolish the biological activity of
artesunate. Affinity capture and thermal-stability assays identified
the mitochondrial protease LONP1, rather than CYP11A1, as the
direct binding protein of artemisinins. Engagement of LONP1
promoted its interaction with CYP11A1 and subsequently acceler-
ated CYP11A1 degradationl®,

Gambogic acid (GA), a natural product isolated from Garcinia
hanburyi, promotes proteasomal degradation of KRAS. To identify
the protein responsible for this effect, Wang et al. synthesized a
biotinylated GA probe that retained the ability to induce KRAS degra-
dation. Affinity pull-down coupled with mass spectrometry identi-
fied USP2 as a direct target of GA and also revealed the involvement
of HSP90-associated protein quality-control machinery!l,

Protein microarrays provide another high-throughput platform
for affinity-based target identification. Recombinant proteins carry-
ing His or GST tags are arrayed on a solid support, and their interac-
tions with labeled small molecules are detected using fluorescence
or other reporter systems. Such arrays enable parallel interrogation
of thousands of potential binding proteins(''.12,

a-Mangostin (a-MG), a natural xanthone derived from mango-
steen pericarp, induces pyroptosis in osteosarcoma cells. A
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biotinylated a-MG probe combined with a HuProt human proteome
microarray identified reticulon 4 (RTN4) as its target. Mechanistically,
a-MG functions as a molecular glue that recruits the E3 ubiquitin
ligase UBR5, promotes K48-linked ubiquitination and proteasomal
degradation of RTN4, remodels the endoplasmic reticulum mem-
brane, and thereby facilitates tumor-cell pyroptosis!'3l.

The HuProt proteome microarray was also used to identify the
deubiquitinase USP7 as a target of Eupalinolide B (EB). EB binds
the noncatalytic HUBL domain of USP7 rather than its catalytic
domain, promotes ubiquitin-dependent degradation of Keap1, and
alleviates behavioral abnormalities in mouse models of dementia
and Parkinson's diseasel’“l,

Click-chemistry-enabled labeling

Click chemistry provides rapid and selective reactions for conju-
gating chemical probes to reporter or enrichment groups.
Frequently used reactions include copper-catalyzed azide-alkyne
cycloaddition (CuAAC) and strain-promoted azide-alkyne cycloaddi-
tion (SPAACQ), both of which generate stable triazole products. In
chemical proteomics, a minimally modified alkyne- or azide-contain-
ing probe is first allowed to interact with proteins in cells or tissues
and is subsequently conjugated to biotin, a fluorophore, or another
analytical handle.

Click chemistry is frequently combined with photoaffinity label-
ing, activity-based probes, and quantitative mass spectrometry,
allowing target capture and identification in complex biological
systems. An alkyne-containing probe and CuAAC-based quantita-
tive proteomics were used to characterize the interactions between
7-O-cinnamoyl paclitaxel and mitochondrial proteins, illustrating the
utility of this strategy for identifying the targets of natural
products!'sl,

Bioorthogonal reactions are particularly suitable for biological
applications because they proceed selectively under physiological
conditions without substantially perturbing endogenous biochemi-
cal processes. Bioorthogonally activated reactive species (BARS)
have recently been developed as an alternative to conventional
photoaffinity labeling. In this platform, a chemically caged precur-
sor is activated through a bioorthogonal reaction to generate a
reactive intermediate in situ, thereby improving target-labeling
efficiency and reducing nonspecific background!®l,

Bioorthogonal chemistry has also been extended to molecular
imaging. Wang et al. developed a dual-locked enzyme-activatable
bioorthogonal fluorescence (DEBOF) turn-on imaging system
comprising a dual-locked bioorthogonal targeting agent (DBTA) and
a bioorthogonally activatable fluorescent imaging probe (BAP). The
bioorthogonal reaction and fluorescence signal are activated only in
cells displaying both cancer- and senescence-associated enzymatic
activities, enabling selective detection of senescent cancer cells!'”),

Photodffinity labeling

Photoaffinity labeling uses probes containing a photoreactive
group that can be activated by light to form a covalent bond with
proteins in close proximity. This strategy can stabilize otherwise
transient or weak ligand—protein interactions and is therefore
widely used in target identification. Common photoreactive groups
include aryl azides, diazirines, and benzophenones. A bifunctional
photoaffinity probe derived from chlorogenic acid, designated PAL-
CGA, was developed to identify the direct targets of chlorogenic
acid. Chemical proteomic analysis identified mitochondrial acetyl-
CoA acetyltransferase 1 (ACAT1) as a major chlorogenic acid-
binding protein and linked ACAT1 engagement to the anticancer
activity of chlorogenic acidl's,

Gao et al. developed an artemisinin photoaffinity probe (APP) and
combined it with activity-based protein profiling to characterize the
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protein targets of artemisinin during the intraerythrocytic develop-
mental cycle of Plasmodium falciparum!9. APP captured both cova-
lent and noncovalent interacting proteins in the ring, trophozoite,
and schizont stages, indicating that artemisinin can be activated by
heme throughout parasite intraerythrocytic development.

Martin-Acosta et al. developed LBL1-P, a clickable photoaffinity
probe derived from the pentacyclic triterpenoid betulinic acid2°.
Chemical proteomic analysis using this probe identified tropo-
myosin as a previously unrecognized binding protein of betulinic
acid. Related affinity-based workflows have also contributed to the
identification of natural-product targets. Rg3-polyethylene glycol
acrylamide pull-down followed by mass spectrometry identified the
E2F transcriptional complex as a target of 20(S)-ginsenoside
Rg3. CETSA, co-immunoprecipitation, and reporter assays further
demonstrated that Rg3 disrupts E2F-DP dimerization, thereby
suppressing E2F-dependent transcription and gastric cancer cell
proliferation(21],

Bruceine A was identified as a direct inhibitor of HSP90AB1. Its
interaction with HSP90AB1 was validated by surface plasmon
resonance (SPR) and CETSA, and target engagement destabilized
several HSP90 client proteins, including EGFR, PIK3CG, and
KDM5C22, Chemoproteomic profiling further demonstrated that
ailanthone directly binds the glycolytic enzyme PKM2, thereby
suppressing metabolic reprogramming and hepatocellular carci-
noma progression!23l. In breast cancer, nobiletin directly targets
AKR1C1 and promotes AKR1C1-dependent ubiquitination and
degradation of GPX4, ultimately inducing ferroptosis/24.

PROTAC-based target identification

Proteolysis-targeting chimeras (PROTACs) are heterobifunctional
molecules consisting of a ligand for a protein of interest, an E3 ubiq-
uitin ligase ligand, and a chemical linker. By recruiting the target
protein to an E3 ligase, PROTACs induce target ubiquitination and
proteasomal degradation. Unlike occupancy-driven inhibitors,
PROTACs act through an event-driven and potentially catalytic
mechanism and do not necessarily require binding to an enzymatic
active site. These properties make PROTAC-based strategies particu-
larly useful for identifying low-affinity targets or proteins that are
difficult to interrogate using conventional inhibitors.

Wu et al. developed a PROTAC-based approach to identify the
target of lathyrane diterpenoids isolated from Euphorbia lathyris(251,
A PROTAC derivative of the active compound ZCY-001, termed ZCY-
PROTAC, was synthesized and evaluated using tandem mass tag-
based quantitative proteomics. MAFF was selectively depleted after
ZCY-PROTAC treatment, supporting MAFF as a functional target of
ZCY-001.

Ni et al. subsequently established degradation-based protein
profiling using celastrol as a model natural product!2l. This
approach recovered previously reported celastrol targets, including
IKKS, PI3Ka: and CIP2A, and identified additional candidate targets,
such as CHK1, O-GlcNAcase and ERCC6L. Induced protein degrada-
tion therefore provides an orthogonal readout for natural-product
target identification, particularly when conventional affinity enrich-
ment is limited by weak or transient binding.

Label-free target identification

Chemical derivatization may alter the permeability, subcellular
localization, binding affinity, or pharmacological activity of a natural
product. Moreover, some small molecules lack suitable sites for
probe installation. Label-free methods circumvent these limita-
tions by detecting ligand-induced changes in protein stability,
protease susceptibility, residue accessibility, oxidation, or solubility.
Representative approaches include DARTS, CETSA/TPP, LiP-MS/
PELSA, SPROX, TRAP, and solubility-based profiling.
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Drug dffinity-responsive target stability

Lomenick et al. introduced drug affinity-responsive target stabil-
ity (DARTS) as a label-free method for identifying small-molecule-
binding proteins!?’l. DARTS is based on the observation that ligand
binding can alter the susceptibility of a target protein to proteolysis.
A protein mixture is incubated with the test compound and then
subjected to limited protease digestion. Ligand-protected proteins
are subsequently detected by gel electrophoresis, immunoblotting,
or mass spectrometry. The method was applied to resveratrol-
treated yeast lysates, in which resveratrol protected eukaryotic
translation initiation factor 4A from proteolytic degradation,
supporting elF4A as a resveratrol-binding protein[28l,

Aloperine is a quinolizidine alkaloid isolated from Sophora
alopecuroides with antitumor activity in several cancer models.
DARTS analysis revealed an aloperine-protected protein band of
approximately 50 kDa. Mass spectrometry and immunoblotting
identified the protein as vacuolar protein sorting-associated protein
4A (VPS4A), which was subsequently validated as a functional target
involved in the inhibition of autophagosome-lysosome fusion29,

Oleanolic acid is a pentacyclic triterpenoid with anti-inflamma-
tory, antioxidant, and hepatoprotective activities. It directly binds
and allosterically activates the open conformation of SHP2, result-
ing in sustained low-level SHP2 activation, reduced STAT3 phospho-
rylation and Th17 differentiation, and amelioration of experimental
colitisBY,

Cellular thermal shift assay and thermal proteome profiling

Martinez et al. developed the cellular thermal shift assay (CETSA)
to monitor drug-target engagement in cells and tissuesi®'l. CETSA is
based on ligand-induced changes in protein thermal stability.
During heating, proteins progressively unfold and aggregate; ligand
binding may stabilize or destabilize a target protein, thereby shift-
ing its apparent melting profile. The remaining soluble proteins are
subsequently quantified by immunoblotting or other analytical
methods.

CETSA can be performed using cell lysates, intact cells, or tissues.
However, heat treatment may alter membrane permeability, protein
complexes, and intracellular compound distribution, which can
complicate data interpretation. Miettinen & Bjoérklund used CETSA
to identify NAD(P)H quinone dehydrogenase 2 (NQO2) as a reactive
oxygen species-generating off-target of acetaminophenB32,

CETSA has evolved into several complementary formats. Conven-
tional western blot-based CETSA is primarily used for hypothesis-
driven target validation. Thermal proteome profiling (TPP), also
known as MS-CETSA, combines thermal stability measurements with
quantitative mass spectrometry for proteome-wide target identifica-
tion. High-throughput CETSA is used for compound screening, hit
characterization, and lead optimization. Ji et al. developed the
matrix-augmented pooling strategy (MAPS) to increase the through-
put of TPP-based target deconvolution3l, Multiple compounds are
arranged into optimized pools, and the target profile of each
compound is reconstructed computationally. Application of MAPS
to 15 compounds increased experimental throughput by approxi-
mately 60-fold while retaining high sensitivity and specificity.

Ginkgolic acid was shown by DARTS, CETSA, and microscale
thermophoresis to directly bind HSPA8. Target engagement
enhanced HSPA8-mediated chaperone-mediated autophagy,
promoted GPX4 degradation, and induced ferroptosis in hepatocel-
lular carcinoma cellsB4l,

Usenamine A was identified as a direct ligand of MYH9 using mass
spectrometry, SPR, CETSA, and molecular modeling. By disrupting
the MYH9-actin interaction, usenamine A impaired cytoskeletal
remodeling and induced apoptosis and autophagic cell death in
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hepatoma cellsB3, In gastric cancer, CETSA and DARTS supported
HSP90AAT as a functional target of mulberrin. Inhibition of the
HSP90AAT1/PI3K/AKT/GSK3p/Snail pathway suppressed epithelial-
mesenchymal transition and increased sensitivity to oxaliplatin(39],

Peptide-centric local stability assay

Li et al.B”l developed the peptide-centric local stability assay
(PELSA) for proteome-scale identification of ligand-binding proteins
and their binding regions. In PELSA, native protein mixtures are
subjected to high-concentration trypsin digestion, directly generat-
ing peptides suitable for mass-spectrometric analysis. Ligand bind-
ing alters the local accessibility and stability of specific protein
regions, resulting in reproducible changes in peptide abundance.

Unlike methods that measure the global solubility of intact
proteins, PELSA amplifies local structural changes at the peptide
level. It does not require chemical modification of the ligand and
can be applied to complex samples such as cell lysates. The method
enables the simultaneous identification of ligand-binding proteins,
affected protein regions, and local binding characteristics.

Stability of proteins from rates of oxidation

Strickland et al.l’8! established the stability of proteins from rates
of oxidation (SPROX) method to evaluate protein-ligand interac-
tions in complex biological mixtures. SPROX measures ligand-
induced changes in protein thermodynamic stability by monitoring
the oxidation of methionine residues.

Protein samples are exposed to a chemical denaturant gradient
and an oxidizing reagent. Methionine residues that become accessi-
ble during protein unfolding are oxidized, and the corresponding
peptides are quantified by mass spectrometry. Because ligand bind-
ing shifts the folding equilibrium of a target protein, SPROX can
identify ligand-engaged proteins without prior purification.

Ogburn et al. combined large-scale protein folding and stability
measurements with quantitative proteomics to investigate the
targets of tamoxifen and N-desmethyl tamoxifen in MCF-7 cellst39),
Y-box-binding protein 1 (YBX1) was identified as a candidate target,
and its relationship with estrogen receptor signaling was subse-
quently characterized.

Target-responsive accessibility profiling

Tian et al. developed target-responsive accessibility profiling
(TRAP) to map ligand-induced changes in protein accessibility at the
proteome scalel*?l, Unlike DARTS and CETSA, which primarily detect
changes in protease susceptibility or global thermal stability, TRAP
quantifies changes in the accessibility of reactive lysine residues
after ligand binding. Peptides showing significant abundance
changes in the presence of a ligand are defined as target-respon-
sive peptides. TRAP was initially used to map the targetome of
glycolytic metabolites in cancer cells. Global labeling of reactive
lysines identified accessibility changes induced by 10 major
glycolytic metabolites, yielding 913 responsive candidate proteins
and 2,487 metabolite—protein interactions.

Yan et al. applied living cell-target responsive accessibility
profiling (LC-TRAP) to characterize the intracellular targetome of sili-
binin in HepG2 cells®'. Covalent lysine labeling was combined with
multiplexed quantitative proteomics to identify drug-induced
accessibility changes in living cells. Subsequent validation identified
ACSL4 as an important functional target through which silibinin
counteracts ferroptosis.

SPR-MS and SPR-guided ligand or target fishing
Surface plasmon resonance is a real-time, label-free method for
analyzing molecular interactions. It can provide association and
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dissociation rate constants as well as equilibrium binding affinities.
In natural-product research, SPR is commonly used to validate direct
binding between a purified protein and a candidate ligand.

SPR complements cellular target-engagement methods such as
CETSA and DARTS. Whereas CETSA and DARTS provide evidence of
target engagement in cellular or proteomic environments, SPR
provides direct biophysical evidence under defined experimental
conditions. Together, these methods help distinguish cellular target
engagement from direct protein-ligand binding.

Epigallocatechin gallate (EGCG) was shown to bind STAT3 and
inhibit its nuclear translocation and transcriptional activity. SPR,
CETSA, chromatin immunoprecipitation-gPCR, and dual-luciferase
reporter assays demonstrated that EGCG represses STAT3-depen-
dent PLXNC1 transcription, thereby inhibiting M2 macrophage
polarization induced by gastric cancer cell-derived exosomal miR-
92b-5pt2l. SPR and CETSA were also used to validate HSP90AB1 as a
direct target of Bruceine A22, whereas MYH9 binding by usenamine
A was supported by SPR, CETSA, mass spectrometry, and molecular
modeling!33.,

The combination of SPR with mass spectrometry has expanded its
application from binary interaction validation to ligand and target
fishing in complex natural-product systems. Ni et al. established a
trace-component fishing strategy based on offline two-dimensional
liquid chromatography combined with PRDX3-SPR. Fractionation
reduced interference from abundant constituents, after which
recombinant peroxiredoxin 3 (PRDX3) was immobilized for SPR
screening. Twenty-nine candidate PRDX3-binding alkaloids were
detected in 13 two-dimensional fractions of Uncaria. Subsequent
affinity and functional analyses showed that several trace alkaloids
enhanced PRDX3-mediated hydrogen peroxide removal*3.,

Tan et al. developed an SPR-guided workflow to identify
quinolone alkaloids from the fruit of Tetradium ruticarpum as
inhibitors of ferroptosis suppressor protein 1 (FSP1)14. Recombi-
nant FSP1 was immobilized on a CM5 sensor chip, and icFSP1 was
used as a positive control to confirm target activity. SPR screening
followed by HPLC-MS-guided isolation yielded 12 quinolone alka-
loids, including the previously undescribed compounds Ruticarpo-
nine A and Ruticarponine B.

18p-Glycyrrhetinic acid (185-GA) is a licorice-derived triterpenoid
with anti-inflammatory activity. In an SPR-MS workflow, immobi-
lized 184-GA was exposed to cell lysates, and p-glucuronidase
(GUSB) was identified as a direct binding protein. Mass spectrome-
try, molecular docking, and enzymatic assays further supported this
interaction. Engagement of GUSB modulated GUSB/ATF2 signaling,
reduced CCL20 expression, and disrupted the inflammatory feed-
back loop between keratinocytes and CCR6-positive immune
cellsts],

SPR coupled with liquid chromatography-tandem mass spectro-
metry was used to screen xanthohumol-binding proteins in bone
marrow-derived macrophage lysates. Heterogeneous nuclear
ribonucleoprotein K (hnRNPK) was identified as a direct target. SPR
affinity measurements, CETSA, and molecular docking supported
this interaction. Mechanistically, xanthohumol reduced the nuclear
accumulation of hnRNPK and its binding to the Nirp3 promoter,
thereby suppressing NLRP3 inflammasome-associated macrophage
pyroptosis and alleviating heatstroke-induced tissue injurytel,

Other label-free approaches

Energetics- and solubility-based proteomic methods provide addi-
tional strategies for studying small-molecule-protein interactions
directly in complex cell lysates.

Zhang et al. developed solvent-induced protein precipitation (SIP)
for proteome-scale drug-target discovery®48l. SIP exploits the
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greater resistance of ligand-bound proteins to organic solvent-
induced denaturation and precipitation. In the original workflow, an
acetone/ethanol/acetic acid mixture was used to perturb protein
stability, and the remaining soluble proteins were quantified by
mass spectrometry. Proteins showing ligand-dependent resistance
to precipitation were prioritized as candidate targets. The same
group subsequently developed pH-dependent protein precipita-
tion (pHDPP), which detects the increased resistance of ligand-
bound proteins to acid-induced denaturation. pHDPP is compatible
with structurally diverse ligands, including folate derivatives, ATP
analogues, and kinase inhibitors. Application of this approach to
dihydroartemisinin identified 45 candidate binding proteins.

Differential precipitation of proteins (DiffPOP) profiles compound-
induced changes in protein solubility across an organic solvent
gradient. Using DiffPOP, Xu et al. identified serine hydroxymethyl-
transferase 2 (SHMT2) as a direct target of the histone demethylase
inhibitor JIB-0419. SHMT2 was further linked to the BRCC36/BRISC
deubiquitinase complex and the regulation of HIV-1 Tat K63-linked
ubiquitination and autophagic degradation.

Functional genomic screening provides a conceptually distinct
strategy for identifying proteins required for a drug-induced pheno-
type. Genome-wide CRISPR-Cas9 screening of RNF43-mutant
pancreatic ductal adenocarcinoma cells identified a selective depen-
dency on the WNT7B-FZD5 signaling circuit. Genetic and antibody-
based validation further supported FZD5 as a therapeutically
tractable cell-surface target®%. Although functional genomic screen-
ing does not directly demonstrate physical ligand binding, it can
prioritize functionally relevant targets and complement affinity- or
stability-based target identification.

Collectively, label-based and label-free strategies generate candi-
date target lists through distinct physicochemical readouts, includ-
ing affinity enrichment, covalent capture, induced degradation,
protease protection, thermal stabilization, residue accessibility,
oxidation, and solubility changes. These readouts differ in their
compatibility with intact cells, requirement for ligand modification,
proteome coverage, throughput, and susceptibility to indirect
effects. Method selection should therefore be driven by the biologi-
cal question and compound properties rather than by platform
availability alone. Table 1 summarizes the major decision variables.
Regardless of the discovery method, nonspecific binders, indirect
interactors, and proteins stabilized within larger complexes must be
excluded through competition, orthogonal binding assays, and
functional experiments.

A practical decision rule is to combine methods with non-overlap-
ping biases. For example, affinity enrichment provides physical
capture but requires probe validation; CETSA or TPP preserves cellu-
lar context but may detect indirect thermal shifts; DARTS is modifi-
cation-free but depends on protease accessibility; and peptide-level
methods can localize responsive regions but do not alone establish
a binding site. Prospective target confirmation should therefore
combine at least one discovery-scale method with an orthogonal
direct-binding or cellular-engagement assay and a causal perturba-
tion experiment.

Resource requirements also differ substantially. DARTS and
hypothesis-driven CETSA are comparatively accessible but generally
low-throughput. Affinity and photoaffinity workflows require probe
synthesis and extensive controls, whereas TPP, LiP-MS/PELSA, TRAP,
and solubility-based proteomics provide broader coverage at the
cost of quantitative mass spectrometry, biological replication, and
more intensive data analysis. Protein microarrays and pooled TPP
can increase throughput, but they shift the burden toward platform
access, reagent preparation, and follow-up validation. Method
selection should therefore consider not only discovery coverage,
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Table 1. Decision-oriented comparison of representative natural product target-fishing strategies.

Method/readout

Label and biological setting

Main advantages

Main limitations

Best use and required validation

Affinity or biotin
pull-down

Photoaffinity/click
chemistry

Degradation-
based profiling

DARTS

CETSA/TPP

PELSA/LiP-MS

SPROX/TRAP

SIP/pHDPP/
DiffPOP

SPR-MS or target-
immobilized
fishing

Requires an immobilized
or tagged ligand; lysates
or intact-cell-compatible
probes
Minimal photo-crosslinker
and clickable handle;
usually intact cells or
lysates
Ligand incorporated into a
degrader or molecular-
glue workflow; intact cells

No ligand modification;
native lysates and limited
proteolysis
No ligand modification;
lysates, intact cells, tissues;
immunoblot or MS
readout
No ligand modification;
peptide-level proteolysis
in native mixtures

No ligand modification;
oxidation or residue-
accessibility readout in
complex proteomes
No ligand modification;
solvent-, pH-, or gradient-
induced precipitation
Immobilized protein or
ligand; fractions, extracts,
or lysates

Direct enrichment; compatible
with competition and
quantitative proteomics

Captures weak or transient
interactions; preserves spatial
proximity

Event-driven signal
amplification; can reveal low-
occupancy binders

Simple, inexpensive, and
compatible with chemically
intractable ligands
Measures engagementin a
biologically relevant
environment; proteome-wide
with TPP
Detects local structural
responses and can suggest
responsive protein regions

Orthogonal physicochemical
evidence; sensitive to local
folding or accessibility changes

Scalable and applicable to
structurally diverse compounds

Links real-time binding
detection with MS identification;
useful for trace constituents or

Probe modification may alter
permeability or affinity; matrix and
abundant protein background

Photochemical background and
crosslinking-radius effects;
synthesis and controls are

demanding
Depends on ternary-complex
geometry, E3 expression, and
proteasome competence

Biased by protein abundance,
protease accessibility, and indirect
conformational changes
Not all binders shift thermal
stability; complexes and
downstream effects can produce
indirect shifts
Peptide detectability and protease
accessibility limit coverage;
responsive regions are not
necessarily binding sites
Requires appropriate reactive
residues and specialized
quantitative proteomics

Solubility changes may be indirect
and are influenced by protein
physicochemical properties
Immobilization can alter
conformation; mass transport and
nonspecific surface binding

Unbiased capture when a validated
probe is available; confirm with free-
compound competition and an
orthogonal binding assay
Transient or low-affinity interactions;
require inactive-probe, no-UV, and
competition controls

Functional target nomination when
degradation chemistry is feasible;
validate direct binding and
degradation dependence
Focused or discovery-scale screening;
validate by dose-dependent
protection and a biophysical assay
Cellular target engagement and
proteome-wide deconvolution;
combine with purified-protein
binding and genetics
Mapping local conformational
responses; confirm by mutagenesis or
structural analysis

Complementary discovery when
thermal or proteolytic shifts are weak;
validate direct engagement

Proteome-wide prioritization; require
orthogonal engagement and
functional testing
Ligand fishing or target fishing in
mixtures; confirm affinity, activity,
and cellular relevance

complex mixtures

require controls

but also the resources needed to exclude false-positive or indirect
candidates.

Target validation

Target-identification strategies frequently generate multiple
candidate proteins. These candidates should be prioritized accord-
ing to the strength of the binding evidence, their known biological
functions, subcellular localization, and relevance to the phenotype
induced by the compound. Appropriate negative controls, competi-
tion assays, and inactive structural analogues are essential for distin-
guishing specific interactions from nonspecific binding. Moreover, a
protein captured by affinity- or stability-based methods may repre-
sent an indirect interactor or a component of a larger protein
complex rather than the direct molecular target. Target validation
must therefore establish both direct target engagement and func-
tional causality (Fig. 2).

Biophysical validation of direct binding
Demonstrating direct binding between a natural product and a
candidate protein is a central step in target validation. Commonly
used biophysical approaches include surface plasmon resonance
(SPR)5152], isothermal titration calorimetry (ITC)53>4, fluorescence
polarization (FP)556], homogeneous time-resolved fluorescence
(HTRF)®7], and microscale thermophoresis (MST)[58-601 Table 2
summarizes the main applications of these methods, which provide
complementary information on small-molecule-protein interac-
tions. SPR enables real-time measurement of association and
dissociation kinetics and can provide the association rate constant,
dissociation rate constant, and equilibrium dissociation constant.
ITC directly measures the heat released or absorbed during binding
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and simultaneously determines binding affinity, stoichiometry,
enthalpy, and entropy under label-free, solution-phase conditions.
FP and HTRF are homogeneous assay formats suitable for high-
throughput screening and competitive binding analyses. MST
detects ligand-induced changes in molecular thermophoresis and
requires only small amounts of sample. Wienken et al.58 further
demonstrated that MST can quantify protein-ligand interactions in
complex biological fluids, including serum and cell lysates. A single
affinity assay is generally insufficient to establish a functional direct
target. The apparent affinity obtained using different techniques
may vary because of differences in protein conformation, immobi-
lization, labeling, buffer composition, and assay format. Key candi-
date targets should therefore be examined using at least two
orthogonal approaches, such as SPR combined with MST or ITC, or a
cellular target-engagement assay such as CETSA combined with
SPR. Competition experiments, concentration-dependent binding,
inactive analogues, and structurally related compounds should also
be included to assess specificity.

Where feasible, nuclear magnetic resonance spectroscopy, small-
angle X-ray scattering, X-ray crystallography, or cryogenic electron
microscopy can be used to resolve ligand-binding sites, conforma-
tional changes, and critical interacting residues. In particular, protein
X-ray crystallography can provide atomic-resolution structures of
protein-ligand complexes and remains an important tool for
structure-guided drug development(®'l,

Biological function verification of target proteins

Direct binding between a small molecule and a candidate
protein does not necessarily indicate that the protein mediates the
pharmacological phenotype. After target engagement or direct
binding has been demonstrated by DARTS27), CETSABY, thermal
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assess binding kinetics, affinity, thermodynamics, and structural changes,
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assays to confirm direct binding. (b) Orthogonal biochemical validation uses affinity pull-down, competition assays, functional readouts, and site-directed

mutagenesis to confirm binding specificity and identify critical residues. C
loss of binding or activity after mutation indicates a defined binding site.

ompetition by excess unmodified compound supports specific binding, while

Table 2. Complementary methods for validating small-molecule-protein interactions.

Method Core readout Main strengths Main limitations Primary evidential role
SPR Surface refractive-index change Real-time Kj, Ky, and Kp; low Immobilization, mass transfer, and Direct binding and kinetics
during binding sample use nonspecific binding
ITC Heat change during solution-phase K, stoichiometry, enthalpy, and High sample demand; weak or Direct binding and
titration entropy low-heat interactions are difficult thermodynamics
FP/HTRF Binding-dependent rotation or Homogeneous, scalable, and Requires tracers or paired Screening and displacement
time-resolved energy transfer suitable for competition reagents; interference risk evidence
MST Binding-dependent thermophoretic Low sample use; broad affinity Fluorescence, adsorption, and Orthogonal affinity
movement range; complex matrices aggregation artifacts measurement
possible
NMR Chemical-shift or relaxation Weak-binding detection and Protein size, labeling, solubility,  Direct binding and residue-level

changes interaction-surface mapping and instrument access information
X-ray/cryo-EM  Atomic or near-atomic complex Binding pose, pocket geometry, Sample preparation and Structural confirmation and

structure and critical contacts conformational-state limitations mutation design
proteome profilingl®Z, SPRI152, MSTB859 or ITCP4, functional ~ PC activation contributed to the effects of GAT on hepatocellular

experiments are required to establish a causal relationship among
target engagement, target regulation, and the observed phenotype.

For enzymatic targets, biochemical activity assays should deter-
mine whether compound binding alters catalytic activity. Ganoderic
acid T (GAT) was identified as an activator of pyruvate carboxylase
(PC). DARTS, CETSA, biolayer interferometry, and molecular
modeling supported the direct interaction between GAT and PC,
whereas enzyme activity and metabolic assays demonstrated that

Du et al. Targetome 2026, 2(4): €037

carcinoma metabolism and proliferation(®3],

Genetic perturbation provides a complementary strategy for
establishing functional causality. Loss-of-function approaches,
including siRNA, shRNA, CRISPR-mediated knockout, or CRISPR inter-
ference, should be combined where appropriate with cDNA over-
expression and rescue experimentsl®¥, When structural informa-
tion is available, mutation of predicted binding residues can
further determine whether direct ligand binding is required for the
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pharmacological response. Ideally, depletion of the target should
attenuate or phenocopy the compound-induced effect, whereas re-
expression of the wild-type target, but not a binding-deficient
mutant, should restore drug responsiveness.

Chikusetsusaponin IVa (CS-IVa) was shown to bind directly to yes-
associated protein (YAP), as supported by SPR, CETSA, and molecu-
lar docking. CS-IVa inhibited YAP/TAZ signaling and reduced hepatic
stellate cell activation and liver fibrosis. Notably, genetic depletion
or pharmacological inhibition of YAP did not further enhance the
inhibitory effects of CS-IVa, supporting the functional involvement
of YAP in its antifibrotic activity[®®]. Zhao et al. developed a selection-
based genetic screening platform that combines CRISPR loss-of-
function screening with small-molecule phenotypic selection for
intracellular target deconvolutionl®®l, This strategy identifies genetic
perturbations that alter compound sensitivity and can therefore
prioritize proteins required for a drug-induced phenotype. Never-
theless, genetic screening alone does not demonstrate a physical
interaction and should be combined with biochemical or biophysi-
cal target-engagement assays.

Computational integration of drug-response and functional-
genomic data provides another means of prioritizing candidate
targets. Sinha et al. developed DeepTarget, which integrates large-
scale drug-response profiles, CRISPR knockout viability screens,
and matched omics data. Based on the premise that knockout of a
functional drug target may phenocopy compound treatment, Deep-
Target predicts primary targets, context-dependent secondary
targets, and mutation-specific drug responsesl®’l. Because these
predictions may include both direct binding targets and indirect
pathway components, DeepTarget should be regarded as a target-
prioritization tool rather than definitive evidence of physical bind-
ing. Celastrol is a pentacyclic triterpenoid derived from Tripterygium
wilfordii. It directly binds adenylyl cyclase-associated protein 1
(CAP1) and disrupts the interaction between CAP1 and resistin.
This interaction suppresses resistin-induced cAMP-protein kinase
A-NF-xB signaling, reduces macrophage-mediated inflammation,
and ameliorates high-fat-diet-induced metabolic syndrome in
micel®8l, This study illustrates how direct binding, disruption of a
protein-protein interaction, pathway modulation, and an in vivo
phenotype can be integrated into a target-validation framework.

Landmark studies of thalidomide and its analogues further
demonstrate the importance of connecting direct binding with
genetic and phenotypic evidence. Ito et al. identified cereblon
(CRBN) as a primary thalidomide-binding protein by affinity purifica-
tion and showed in zebrafish and chick embryos that CRBN was
required for thalidomide-induced developmental abnormalities(®],
Subsequent studies established CRBN as a direct target required for
the immunomodulatory and antiproliferative effects of lenalido-
mide and pomalidomidel”9, Krénke et al. and Lu et al. subsequently
used quantitative proteomics and biochemical analyses to demon-
strate that lenalidomide promotes CRBN-dependent recruitment,
ubiquitination, and degradation of the lymphoid transcription
factors IKZF1 and IKZF3U7'.72, A single amino-acid substitution in
IKZF3 conferred resistance to lenalidomide-induced degradation
and rescued lenalidomide-mediated growth inhibition, thereby
providing strong evidence that neosubstrate recruitment and degra-
dation are causally linked to the pharmacological phenotypel”'l,

Cell-based validation should ultimately be extended to physio-
logically relevant animal models®?. Conditional floxed alleles
combined with tissue- or cell-type-specific Cre drivers enable the
role of a candidate target to be examined in defined biological
compartments. Heffner et al. established a comprehensive
Cre-characterization resource to support the construction and
validation of conditional mouse models!’3], whereas Kim et al.
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summarized the general principles and experimental considera-
tions of Cre-loxP-based tissue-specific genetic manipulation’4. Such
models can determine whether a candidate target is required for
both disease progression and the therapeutic activity of a natural
product in vivo.

Overall, target validation should integrate biophysical, biochemi-
cal, genetic, cellular, structural, and in vivo evidencel7>761, A direct
molecular target should be clearly distinguished from downstream
signaling proteins and secondary response factors. Establishing this
hierarchy is essential for defining the mechanism of action, evaluat-
ing therapeutic relevance, guiding compound optimization, and
identifying potential off-target effects.

scMulti-omics for elucidating
pharmacological mechanisms

Single-cell and spatial multi-omics can be used at two points in
the evidence chain. After target engagement and functional causal-
ity have been established, they define the cell states and tissue
niches in which the target acts. Earlier in a study, the same data can
nominate responsive cell populations and mechanistic nodes for
subsequent target testing. The direction of inference should be
stated explicitly, because an omics association is not evidence of
direct binding.

Advances in scMulti-omics

Single-cell multi-omics combines transcriptomic, chromatin
accessibility, protein, and spatial measurements to resolve pharma-
cological responses beyond population averages (Fig. 3). Its practi-
cal value depends as much on experimental design and analytical
choices as on the sequencing platform. Biological replication,
balanced processing, appropriate controls, and independent valida-
tion are essential because batch effects, dissociation bias, sparse
counts, and cell-composition changes can otherwise be mistaken for
drug-specific mechanisms.

Single-cell and spatial analyses should therefore be positioned
within a validation hierarchy. They can identify responsive cell types,
prioritize candidate regulatory axes, and test whether a validated
target is expressed and active in the relevant compartment. Direct
targets nominated from these analyses must still be examined using
chemical proteomics or orthogonal engagement assays such as
DARTS, CETSA/TPP, affinity capture, SPR, MST, or ITC, followed by
genetic perturbation and rescue. A practical analytical workflow is
outlined below.

Practical analytical workflow and technology selection
Experimental design should define the biological unit before
sequencing. Drug and control samples should include independent
biological replicates, matched tissue handling, balanced library
preparation, and, where possible, dose or time-course information.
Cell recovery, viability, dissociation-induced stress, doublets, ambi-
ent RNA, mitochondrial read fractions, and sample-specific cell loss
should be evaluated before downstream analysis. Pseudoreplica-
tion should be avoided by testing treatment effects at the sample
level rather than treating individual cells as independent replicates.
For scRNA-seq, Seurat or Scanpy can support quality control,
normalization, dimensionality reduction, clustering, and annotation.
Harmony, Seurat integration, or scVl can reduce technical batch
effects, but overcorrection may remove genuine treatment biology
and should be assessed using both biological markers and sample
mixing. Differential expression should be complemented by
differential-abundance analysis because an apparent bulk-like
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Fig. 3 Single-cell and spatial multi-omics platforms for resolving the pharmacological mechanisms of natural products. (a) scRNA-seq identifies drug-
responsive cell populations and transcriptional states after quality control, normalization, integration, clustering, and annotation. (b) scATAC-seq and
single-cell multiome approaches profile chromatin accessibility, transcription-factor motifs, and regulatory links between accessible elements and gene
expression. (c) Spatial transcriptomics and spatial multi-omics retain tissue architecture and map treatment-responsive pathways or cellular interactions
to defined pathological niches. These modalities provide contextual and mechanistic evidence but do not independently establish direct compound-

target binding.

expression change may result from altered cell composition. Refer-
ence-based annotation should be reconciled with tissue-specific
markers and manual biological review!77-79],

Tool selection should follow the biological question. Monocle or
Slingshot can reconstruct putative state transitions, but pseudotime
is an inferred ordering rather than direct temporal evidence.
CellChat or CellPhoneDB can compare global ligand-receptor
networks, whereas NicheNet links candidate ligands to downstream
target-gene programs in a defined receiver population. ArchR or

Du et al. Targetome 2026, 2(4): €037

Signac supports scATAC-seq analysis; Seurat weighted-nearest-
neighbor analysis, MOFA+, and related latent-factor models inte-
grate multiple modalities; and cell2location, Tangram, or SPOTIlight
map cell states into spatial datal8-8l,

Every computationally inferred mechanism should be connec-
ted to a measurable validation endpoint. Cell-type-specific
immunostaining, flow cytometry, sorted-cell assays, spatial colocal-
ization, perturbation of the inferred ligand-receptor pair, and target-
specific rescue can distinguish a reproducible mechanism from a
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software-dependent association. Table 3 summarizes a question-
driven approach to technology and tool selection.

Single-cell transcriptomics

Single-cell RNA sequencing (scRNA-seq) is currently the most
widely applied single-cell technology in pharmacological research
on natural products. Tang et al. reported whole-transcriptome
mRNA sequencing of an individual mammalian cell in 2009, helping
establish sequencing-based analysis at single-cell resolutionl®7],
Subsequent tag-based and full-length protocols considerably
improved sensitivity, throughput, and transcript coverage. Liao et al.
developed SCAN-seq2, a high-throughput and high-sensitivity full-
length scRNA-seq method based on third-generation sequencing,
enabling the detection of transcript isoforms and immune-receptor
rearrangements in thousands of individual cells®8],

By resolving transcriptional heterogeneity, scRNA-seq can deter-
mine which cell populations respond to a natural product and which
pathways are selectively altered within those populations. This infor-
mation narrows the search space for candidate targets and distin-
guishes primary drug-responsive cells from secondary tissue-level
responses.

In atopic dermatitis, scRNA-seq revealed aberrant keratinocyte
differentiation, mitochondrial dysfunction, and oxidative stress. Trili-
nolein, a triacylglycerol derived from Cannabis fructus, activated
AhR-Nrf2 signaling, attenuated NOX2-dependent mitochondrial
dysfunction and oxidative injury, and restored epidermal barrier
function(®,

In psoriasis, scMulti-omics identified a pathogenic fibroblast-
macrophage communication circuit driven by fibroblast-derived
CCL2. Subsequent target-validation experiments demonstrated
that celastrol directly binds the f-chain of low-density lipoprotein
receptor-related protein 1 (LRP1), disrupts the nuclear LRP1-c-Jun
interaction, and suppresses CCL2 production, thereby inhibiting
fibroblast-macrophage crosstalk(®°,

In hepatocellular carcinoma, scRNA-seq showed that berberine
remodeled intrahepatic T-cell heterogeneity. Treatment reduced
dysfunctional or immunosuppressive T-cell states, including
exhausted CD8* T cells and regulatory T cells, while restoring effec-
tor and cytotoxic T-cell activity®l. These findings indicate that the
antitumor activity of berberine involves immune-microenviron-
ment remodeling in addition to its direct effects on malignant cells.

In diabetic nephropathy, scRNA-seq demonstrated that
rosmarinic acid alleviated pathological transcriptional states associ-
ated with oxidative stress, inflammation, fibrosis, and metabolic
dysfunction across renal cell populations®. Such analyses can
nominate cell-specific protective pathways for subsequent target
identification and validation.

Table 3. Question-driven selection of single-cell and spatial multi-omics strategies.

https://doi.org/10.48130/targetome-0026-0036

Single-cell chromatin-accessibility profiling

Single-cell assay for transposase-accessible chromatin using
sequencing (scATAC-seq) maps accessible chromatin regions in indi-
vidual cells and enables the inference of transcription-factor activity,
enhancer usage, and upstream regulatory programs. Whereas
scRNA-seq primarily measures transcriptional output, scATAC-seq
provides information on the regulatory potential underlying drug-
induced cell-state transitions.

In natural-product research, scATAC-seq can be used to identify
transcription factors and cis-regulatory elements associated with
treatment-sensitive or treatment-resistant states. Integration with
scRNA-seq further links changes in chromatin accessibility to their
downstream transcriptional consequences. In the celastrol study of
psoriasis, integrated single-cell transcriptomic and chromatin-acces-
sibility analyses helped identify fibroblasts as a disease-promoting
population and characterize the regulatory programs underlying
fibroblast-macrophage communication®'],

In colorectal cancer, combined scRNA-seq and scATAC-seq
demonstrated that cannabidiol (CBD) remodeled both the abun-
dance and regulatory state of tumor-associated macrophages. CBD
suppressed M2-like macrophage programs, promoted M1-like
macrophage states, inhibited PI3K-AKT-associated alternative acti-
vation, and shifted macrophage metabolism from oxidative phos-
phorylation and fatty-acid oxidation toward glycolysis. These
changes enhanced antitumor immunity and improved the response
to anti-PD-1 therapy!®3..

Spatial transcriptomics and spatial multi-omics

Spatial transcriptomics and spatial multi-omics preserve tissue
architecture while profiling gene expression, metabolic activity,
protein abundance, or cell-cell communication. They therefore
overcome the loss of positional information caused by tissue disso-
ciation during conventional single-cell sequencing.

Spatial approaches are particularly relevant to natural-product
pharmacology because drug responses may be confined to tumor
margins, immune-infiltrated regions, perivascular niches, hypoxic
areas, specific renal tubular segments, hepatic lobular zones, or the
intestinal crypt-villus axis. Mapping candidate pathways to these
regions can guide subsequent immunofluorescence colocalization,
spatial protein analysis, and region-specific metabolic validation.

Spatially resolved multi-omics was used to investigate the
renoprotective effects of paeoniflorin in IgA nephropathy. The
analysis indicated that paeoniflorin modulated Oat-, Acol-, and
Fh-associated metabolic reprogramming and altered communica-
tion between renal tubular cells and immune populations®4. This
study illustrates how spatially resolved molecular changes can
connect natural-product activity to specific pathological niches.

Research question Recommended modality and tools

Expected output Key caution

Which cell populations
respond to treatment?

scRNA-seq; Seurat/Scanpy; harmony
or scVl when integration is required

Does treatment induce a cell-
state transition?

Which cells communicate after
treatment?

scRNA-seq time course; monocle or
Slingshot
scRNA-seq or spatial data;
CellChat/CellPhoneDB; NicheNet for
ligand-to-target links
scATAC-seq or RNA + ATAC
multiome; ArchR/Signac

Is chromatin regulation
altered?

Matched or unmatched multi-omics;
Seurat WNN, MOFA+, totalVI or
graph-based models
Spatial transcriptomics/proteomics;
cell2location, Tangram or SPOTlight

How should modalities be
integrated?

Where does the response occur
in tissue?

Cell-type abundance, transcriptional
states, and sample-level treatment

Pseudotime ordering, branch points,
and state-associated genes
Altered ligand-receptor networks and
predicted receiver-cell programs

Accessible elements, motif activity,
peak-to-gene links, and regulatory

Shared latent states, modality-
specific factors, and cross-modal

Spatial niches, cell-state maps, and
region-specific interactions

Dissociation and batch effects can mimic cell
loss or induction; use biological replicates
effects
Pseudotime is not direct lineage or
chronological proof
Expression-based interactions require
protein-level and perturbational validation

Sparse peak counts and inferred links can
reduce robustness

programs

Integration can obscure modality-specific
biology; benchmark against unimodal results
regulatory links
Spot resolution, deconvolution assumptions,
and histological registration affect inference
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Single-cell proteomics and post-translational-modification
profiling

Single-cell transcriptomics does not necessarily predict protein
abundance, stability, localization, or activity. Single-cell proteomics
therefore provides a more direct view of the functional molecular
state of individual cells. However, because proteins cannot be ampli-
fied in the same manner as nucleic acids, mass spectrometry-based
single-cell proteomics remains constrained by limited sample input,
protein dynamic range, peptide loss, missing values, and analytical
throughput. Recent reviews and reporting guidelines have summa-
rized the capabilities and quality-control requirements of this
rapidly developing field®>-98l, Budnik et al. introduced single-cell
proteomics by mass spectrometry (SCoPE-MS), demonstrating that
the proteomes of individual mammalian cells could be quantified
and used to distinguish cancer-cell types and differentiation
statesl®l. Schoof et al. subsequently applied quantitative single-cell
proteomics to characterize cellular hierarchies in acute myeloid
leukemia, revealing protein-level differences that were not fully
captured by transcriptomic datal’l. Woo et al. developed a nested
nanowell chip for high-throughput and high-efficiency preparation
of single-cell proteomic samples!'°'l, Huffman et al. developed prior-
itized mass spectrometry, which increases proteome depth, sensitiv-
ity, and data completeness by preferentially analyzing peptides of
interest(®8], Derks et al. further described strategies for increasing
analytical depth and throughput and developed plexDIA, a multi-
plexed data-independent acquisition framework that improves
throughput and data completeness in low-input and single-cell
proteomicsl102.103],

Mass spectrometry-based single-cell proteomics does not require
a predefined antibody panel and is therefore suitable for detecting
previously unanticipated protein changes. By contrast, antibody-
oligonucleotide methods provide high-throughput measurements
of selected proteins. Stoeckius et al. developed cellular indexing of
transcriptomes and epitopes by sequencing (CITE-seq), which
simultaneously measures transcriptomes and cell-surface proteins
in individual cells!'%4, CITE-seq is particularly useful for immune-
cell classification, pharmacodynamic phenotyping, and localization
of drug-responsive cell populations.

Post-translational modification profiling provides an additional
functional layer. Phosphorylation, ubiquitination, acetylation, glyco-
sylation, methylation, succinylation, lactylation, and lipidation can
regulate protein activity, localization, stability, complex formation,
and signal transduction. These events may therefore reflect pharma-
cological responses more directly than mRNA abundance or total
protein expression.

Phosphoproteomics is particularly relevant to kinase and phos-
phatase signaling, receptor tyrosine kinase pathways, MAPK, PI3K-
AKT, NF-xB, and JAK-STAT signaling!'%31, Orsburn et al. used trapped
ion mobility time-of-flight mass spectrometry to characterize
proteins and multiple post-translational modifications in individual
human cells, demonstrating the feasibility of resolving modification
heterogeneity at single-cell resolution®>. Blair et al. developed
Phospho-seq, a scMulti-omics method that jointly profiles chro-
matin accessibility and intracellular proteins, including phosphory-
lated proteins!6],

In natural-product pharmacology, modification profiling can help
determine whether target engagement produces a functional
change in the candidate protein. Phosphoproteomics can assess
systematic alterations in downstream substrates of a kinase path-
way. Ubiquitinome analysis, protein-turnover measurements, and
interactomics can determine whether a compound affects E3
ligases, deubiquitinases, or proteasomal degradation. Acetylation,
succinylation, lactylation, and lipidation profiling may connect
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metabolic reprogramming to mitochondrial function, epigenetic
regulation, or tumor immunity. Nevertheless, single-cell analysis of
many modification classes remains technically immature and should
be interpreted together with biochemical and genetic evidence.

Applications of single-cell multi-omics in natural
product pharmacology

Single-cell multi-omics extends natural product pharmacology
beyond average tissue responses by resolving cellular composition,
cell state, regulatory activity, protein phenotypes, and spatial
context. In traditional Chinese medicine and natural-product stud-
ies, scRNA-seq is particularly useful for identifying cell-type-specific
actions and multicellular response networks, provided that these
associations are linked to independent mechanistic validation('07],

Cell-type-specific drug effects

Following natural product treatment, drug responses often vary
markedly across different cell types. For example, the same
compound may simultaneously inhibit tumor cell proliferation, acti-
vate certain immune cell populations, and alter the states of stromal
or endothelial cells. Single-cell transcriptomics enables comparison
of cell composition and functional state differences between treated
and model groups at subpopulation resolution, thereby identifying
the major target cell populations affected by the drug. Compared
with bulk omics approaches, this type of analysis is better suited to
reveal the cell type-dependent pharmacological effects of natural
products, particularly in disease models with complex cellular
compositions, such as cancer, inflammation, kidney disease,
metabolic disorders, and tissue repair. In a study of berberine in an
HCC model, Hu et al. showed that scRNA-seq can be used to charac-
terize changes in the composition and functional state of intrahep-
atic T-cell subsets after natural product administration, suggesting
that its antitumor effects may not arise solely from direct inhibition
of tumor cells, but may also be closely associated with remodeling
of the tumor immune microenvironment®'l,

Tumor microenvironment remodeling and immune
reprogramming

The tumor microenvironment (TME) is a critical component in
studies of the antitumor pharmacological effects of natural prod-
ucts. In addition to directly suppressing tumor cell proliferation,
many natural products can reshape the tumor immune landscape
by modulating macrophage polarization, T-cell exhaustion, den-
dritic cell antigen presentation, NK-cell cytotoxicity, cancer-associ-
ated fibroblast activation, and immune checkpoint signaling.
scMulti-omics technologies enable simultaneous characterization of
changes in cellular composition, functional state transitions, ligand-
receptor communication, and transcription factor regulatory net-
works, and are therefore particularly well suited for elucidating
natural product-mediated immune remodeling mechanisms. Recent
research reported that extracellular vesicles derived from Artemisia
annua could remodel the immune microenvironment of breast
cancer by regulating macrophage polarization and promoting T-cell
infiltration. Wang et al. further used scRNA-seq to delineate the
resulting changes in immune cell states, providing single-cell-level
evidence that plant-derived bioactive substances and their delivery
systems are involved in tumor immune regulation!'8],

Applications beyond oncology and current evidence gaps

The value of cell-resolved pharmacology extends to cardiovascu-
lar, neurodegenerative, and metabolic diseases. In coronary artery
disease, a recent single-cell analysis combined disease-cell-state
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profiling with network-based prediction and experimental evalua-
tion of Ginkgo biloba extract, providing a cell-contextual view of
endoplasmic-reticulum-stress pathways and candidate therapeutic
mechanisms!1%l, In metabolic and renal disorders, the rosmarinic
acid and paeoniflorin studies discussed above illustrate how scRNA-
seq or spatial multi-omics can separate tubular, immune, fibrotic,
and metabolic responses that would be averaged in bulk tissue92:94],

Natural-product-specific single-cell studies in neurodegenerative
disorders remain comparatively limited. Single-cell-led network
analysis in Alzheimer's disease has nevertheless shown how cell-
type-specific disease signatures, genetic evidence, and drug-
response information can be integrated to prioritize therapeutic
candidates!'%. This work provides a methodological template
rather than direct natural-product target evidence. The scarcity of
studies that combine a natural product, cell-resolved disease biol-
ogy, direct target engagement, and causal validation should there-
fore be regarded as a major opportunity for the field.

Al-assisted strategies relevant to
natural product target discovery

Al can support several stages of natural product research, but its
relevance to direct-target discovery depends on the question being
modeled. Candidate prioritization requires chemical, structural,
biological, or perturbational inputs that can be linked to experimen-
tally testable proteins. By contrast, drug repurposing and pharma-
cokinetic prediction are useful supporting applications but do not
independently identify direct targets. This section therefore priori-
tizes target-prediction tasks, model inputs and outputs, applicabil-
ity domains, and validation requirements!!1-118],

Supporting application: Al-assisted repurposing
and candidate prioritization

Al-assisted repurposing uses chemical structure, known targets,
disease signatures, knowledge graphs, and perturbational data to
rank compounds for new indications. Classic examples such as silde-
nafil and tamoxifen illustrate the broader logic of repurposing, but
they do not constitute natural-product target identificationl!9-123],
For natural products, a repurposing score should therefore be
treated as an upstream hypothesis: chemical identity, exposure,
target engagement, and disease-relevant activity still require experi-
mental confirmation (Fig. 4).

Knowledge graphs can connect compounds, proteins, pathways,
phenotypes, and diseases and rank mechanistically coherent
hypotheses. CoV-KGE and TxGNN illustrate the scalability of graph-
based predictionl'24125] but in natural-product research, the
proposed path should be traceable to compound-specific structural
or experimental evidence rather than generic herb-pathway
associations.

Multimodal platforms such as AgeXtend, PTD-DEP, DeepDrugDis-
covery, and GPS show how chemical structures, perturbational
signatures, pathway information, and toxicity features can be
combined!(126-1291 Here, they are treated as methodological prece-
dents rather than evidence of direct natural-product-protein
binding.

Accordingly, repurposing is treated here as an upstream hypothe-
sis-generation step. Natural product candidates emerging from
these models should be advanced only after confirmation of chemi-
cal identity, bioactivity, exposure, target engagement, and disease-
relevant efficacy.
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Supporting application: Al-assisted
pharmacokinetic prediction

Physiologically based pharmacokinetic (PBPK) modeling supports
formulation, route, dose, and exposure decisions, including in popu-
lations for which direct clinical pharmacokinetic data are limited['3%,
Machine-learning models can estimate physicochemical or pharma-
cokinetic parameters from molecular structure and then supply or
complement mechanistic PBPK models!'3'. This role is relevant to
natural products because inadequate or variable exposure can
confound a target-validation study, but PBPK prediction does not
identify a molecular target.

Representative studies have coupled structure-based machine
learning with PBPK to predict plasma exposure, used PBPK simula-
tions to generate training data, and integrated quantitative
structure-activity relationships with PBPK models for nanoparticle
biodistribution['32-135], Reported performance is dataset- and
endpoint-dependent, and cross-species, cross-population, and real-
world generalization remain key limitations.

At present, AI-PBPK models should therefore be used to support
exposure and dose selection, with prospective pharmacokinetic
validation in the intended biological setting.

Al-assisted target identification: task-oriented
categories

Al-assisted target identification combines chemical representa-
tions, protein information, prior interaction data, omics responses,
and biological networks to rank candidate targets for experimental
testing!? (Fig. 5). The appropriate model depends on whether the
starting point is a compound, a protein target, a disease-associated
cell state, or a perturbational signature. For natural products, struc-
tural novelty, stereochemistry, metabolites, and limited confirmed
target annotations should be considered explicitly.

Drug-based target identification

Machine-learning models can combine chemical, protein, and
pharmacological features to estimate drug-target interactions.
Graph neural networks and convolutional architectures are among
the approaches used for this purpose, although reported perfor-
mance depends strongly on dataset construction and evaluation
design.

Daina & Zoete used known compound-target pairs and structural
similarity for reverse target prediction; the true target was ranked
first for more than 51% of compounds in an external test setl'36],
Rao et al. combined chemical-similarity prediction with cross-
species transcriptomic evidence to identify non-canonical interac-
tions among 2,766 approved drugs['37l, Natural-product examples
provide a more relevant test of this strategy. For bufalin, multi-
platform prediction and multitask QSAR prioritized ESR1, and SPR,
biotin pull-down, CETSA, and cellular localization supported direct
binding to ERal'38l. In a separate study, a graph-convolutional
prediction nominated STING as a target of ginkgetin; biochemical
and cellular experiments then supported ginkgetin-STING binding
and pathway inhibitionl39],

These examples show that Al is most informative when it narrows
the candidate space and specifies a falsifiable compound-protein
hypothesis. Prediction alone should not be equated with target
identification.

Target-oriented screening and structure-enabled
prioritization

A substantial fraction of disease-relevant proteins remains diffi-
cult to modulate with conventional small molecules because of
conformational flexibility, shallow or transient pockets, conserved
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Fig. 4 Al-assisted candidate prioritization as an upstream component of natural product research. (a) Conventional screening uses prior knowledge and
large experimental libraries to select compounds, followed by cellular and animal validation. (b) Al-assisted screening integrates chemical, ADMET, target,
disease, and multi-omics information using machine-learning or deep-learning models to prioritize candidates before experiments. This workflow reduces
the initial search space but does not replace target-engagement or efficacy validation.

active sites, or reliance on protein—protein interactions. Structure
prediction and Al-assisted modeling have expanded the set of
proteins that can be evaluated computationally, but model-derived
pockets and scores still require experimental confirmation[140-143],

CNN- and GNN-based models can encode local pocket geometry,
molecular graphs, and protein-ligand interaction patterns. Con-
trastive models such as DrugCLIP place protein pockets and small
molecules in a shared representation space, whereas structure-
aware frameworks such as DeepDegradome link binding prediction
to ligand or degrader designl'44145], These methods can accelerate
prioritization but remain sensitive to training-set composition and
benchmark design.

Natural products such as ginkgetin, oleandrin, berberine, and palma-
tine have emerged from machine-learning-assisted screens!!46147],
Their inclusion demonstrates that Al can explore natural-product
chemical space, but activity prediction should be followed by
compound-quality control, direct binding, target-selective perturba-
tion, and disease-relevant functional validation. Table 4 summarizes the
principal Al categories.

Data quality, applicability domain, and validation
requirements

Model performance is constrained by the evidence used for train-
ing. Natural product-target databases overrepresent intensively

Du et al. Targetome 2026, 2(4): €037

studied compounds and proteins, contain heterogeneous assay
types, and rarely provide reliable negative interactions. Random train-
test splits can place closely related scaffolds or homologous proteins
in both sets and thereby overestimate generalization. Scaffold-aware,
protein-family-aware, temporal, and external validation should there-
fore be preferred when evaluating target-prediction models.
Applicability domains are especially important for natural
products because stereochemistry, glycosylation, tautomerism,
covalent reactivity, active metabolites, and multi-component prepa-
rations may be incompletely represented. Feature attribution or
attention weights do not necessarily provide mechanistic explana-
tions. Al outputs should therefore be reported as ranked hypo-
theses with uncertainty, provenance, and domain limitations, and
should be tested prospectively using orthogonal binding, cellular
engagement, genetic perturbation, and rescue experiments.

Practical integration of Al and single-cell multi-
omics

The central technical problem in Al-assisted single-cell multi-
omics is not simply dimensionality reduction, but the integration of
sparse measurements with chemical and biological context. A useful
model should specify its inputs, representation strategy, fusion
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Fig. 5 Al-assisted drug-target identification and target-based drug screening. (a) Drug-based target prediction, which integrates 1D, 2D, and 3D similarity
information of drugs together with multi-source data such as known ligands, protein sequences, binding-pocket features, and knowledge graphs to
identify potential targets, followed by molecular docking to validate candidate hits. (b) Target-based drug screening, which uses protein sequence and
three-dimensional structural information, combined with SMILES representations, molecular fingerprints, and other features, to build predictive models
that score and rank candidate compounds, thereby enabling efficient virtual screening and prioritization of promising drug candidates.

Table 4. Task-oriented comparison of Al approaches for natural product target research.

Al category Typical inputs and outputs

Strength for natural products

Main limitation and validation requirement

Ligand-based prediction Fingerprints, SMILES, molecular graphs,
known compound-target pairs—ranked
targets
Protein structures or pockets and ligand
conformers—docking poses, scores, or
target ranks
Molecular and interaction
graphs—learned embeddings and
interaction probabilities
Compound-target-disease-pathway
relations—mechanistic paths or candidate
targets
Drug-response, CRISPR, transcriptomic,
proteomic, or single-cell
signatures—target or pathway ranking

Structure-based
prediction

GNN/molecular
representation learning

Knowledge-
graph/network reasoning

Perturbation/omics
modeling

Multimodal/foundation
models text data—joint representations and

multiple predictions

Fast reverse screening and off-target
nomination when related ligands are

Can suggest binding sites and

Captures nonlinear structural and

Integrates sparse, heterogeneous

polypharmacology hypotheses

Links compounds to context-specific
cell states and phenotypes

Chemical, structural, omics, imaging, and Potential to integrate natural-product
structure with cell-context and

Weak extrapolation beyond known chemical
space; use scaffold-aware validation and
direct-binding assays
Protein flexibility and scoring errors; validate
affinity, pose-dependent mutations, and
cellular engagement
Data leakage and opaque features; require
external or prospective testing

annotated

rationalize stereochemical
interactions

network features

Database popularity bias and correlation
without causality; trace evidence and validate
each edge experimentally
May prioritize downstream effectors rather
than binders; combine with target-fishing
and engagement assays
Modality imbalance, interpretability, and
domain shift; benchmark each output and
perform prospective validation

evidence and supports

disease knowledge

point, output, uncertainty, and experimental endpoint. Depending
on the question, inputs may include gene-count matrices, chro-
matin-accessibility peaks, protein abundances, spatial coordinates,
histological images, treatment labels, compound structures, protein
sequences or structures, ligand-receptor priors, and pathway
networks[148:149],

Data inputs, model architectures, and feature integration

Autoencoders and variational autoencoders learn latent cellular
states from sparse high-dimensional data; graph neural networks
represent relationships among compounds, targets, genes, cells,
and diseases; CNNs extract features from histological or spatial
images; and transformer or attention-based models learn long-
range and cross-modal dependencies. The architecture should be
selected according to the data-generating process rather than by
model novelty alone.
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Feature integration can occur at several stages. Early fusion
concatenates normalized features before modeling but is vulnerable
to scale imbalance and missing modalities. Intermediate fusion
encodes each modality separately and aligns or combines latent
representations, as illustrated by contrastive and graph-based
approaches such as scMDCF and scMAGCAI'30151 |ate fusion
combines independently trained predictions and can be more robust
when modalities are unmatched. Graph-based integration preserves
explicit biological relationships, whereas contrastive learning aligns
matched cells, samples, or perturbations across modalities.

Expected outputs include treatment-responsive cell states,
compound-cell-type associations, candidate-target rankings, gene
regulatory programs, ligand-receptor networks, spatially restricted
response regions, and predicted perturbation outcomes. A model
that outputs a cell state or pathway does not automatically identify
a direct target; linking chemical features or target priors to the
output is necessary for target-focused inference.
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Analytical outputs, natural-product applications, and
validation

Existing frameworks illustrate distinct output types. CellNavi
models factors that drive cell-state transitions; SIDISH and DEGAS
connect single-cell states with clinical risk; scRank infers drug-
responsive cell types from target-perturbed regulatory networks;
and scFOCAL predicts sensitive or resistant tumor-cell
populations!'52-156], These are valuable methodological precedents,
but most were not developed specifically for direct natural-product
target identification.

For natural products, a practical workflow is to use single-cell or
spatial data to define the responsive cell compartment, combine
chemical and target information to rank proteins active in that
compartment, and then test those candidates using target-fishing
and engagement assays. Independent datasets should be used to
reproduce the cell state, while sorted-cell experiments, spatial colo-
calization, target knockdown or knockout, binding-deficient
mutants, and rescue studies should test the inferred mechanism.

Al virtual-cell models may eventually predict how a natural prod-
uct shifts molecular and cellular states['7]. At present, however,
their utility is limited by incomplete perturbation maps, uneven cell-
type coverage, uncertain cross-study generalization, and limited
prospective validation. The near-term priority is therefore not an
unrestricted virtual cell, but transparent models whose predictions
are linked to experimentally measurable target-engagement and
cell-state endpoints.

Targetome

An evidence-informed closed-loop
framework for natural product target
discovery

Building on our previous framework linking target identification
with single-cell multi-omics!', we propose a closed-loop strategy in
which experimental and computational evidence are connected
through explicit validation gates (Fig. 6). The framework is intended
to guide study design rather than imply that Al or single-cell
analysis can replace direct target confirmation.

Phenotypic and disease-context data provide the starting point.
Single-cell and spatial analyses identify responsive cell populations
and regulatory programs, while experimental target fishing and
Al-assisted prediction generate candidate proteins. The first valida-
tion gate establishes direct binding or cellular target engagement
using competition, affinity, structural, or stability-based assays.
The second gate establishes functional causality using genetic
perturbation, binding-site mutation, rescue, organoid, and in vivo
experiments. Validated targets and cell-state responses are then fed
back into model refinement and subsequent experimental design.
Dashed or predictive connections should be interpreted as hypo-
theses until they pass these gates.

A practical implementation can begin either from a compound or
from a disease-associated cell state. In a compound-first design,
chemical structure and phenotype are used for Al prediction and
experimental target fishing, followed by engagement and causal
validation; single-cell or spatial data then define the responsive cell
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compartment and downstream network. In a cell-state-first design,
scRNA-seq, scATAC-seq, or spatial analysis identifies a treatment-
responsive population, after which target fishing is performed in the
relevant cellular context and Al integrates chemical, structural, and
regulatory evidence. In both designs, the final claim should distin-
guish direct target, required pathway component, and secondary
response marker.

The framework also clarifies the role of negative evidence. Failure
of a predicted target to bind, lack of cellular engagement, or persis-
tence of the phenotype after target depletion should feed back to
revise the model rather than be omitted. Conversely, concordance
across independent prediction, target fishing, direct binding, muta-
tion, and rescue provides progressively stronger evidence. No single
study currently implements every element of this framework at full
scale. The framework should therefore be used as an evidence map:
it shows which claims have passed nomination, engagement,
causality, and cell-context gates and which remain provisional.

Representative studies mapped to the
framework

The celastrol-LRP1 study in psoriasis illustrates a cell-context-first
route. Single-cell analyses identified a fibroblast-macrophage
communication circuit; biochemical target studies then linked celas-
trol to the LRP1 f-chain, and disruption of the nuclear LRP1-c-Jun
interaction connected engagement to reduced CCL2-dependent
signaling®'l. The bufalin-ERa study illustrates a prediction-first route:
computational prioritization was followed by SPR, biotin pull-down,
CETSA, and cellular localization, converting a ranked target into an
experimentally supported interaction!'3,

The ginkgetin-STING study similarly combines graph-based nomi-
nation with biochemical and cellular testing!4%l, These studies vali-
date different segments of Fig. 6 rather than the complete loop. In
each case, the remaining evidential gap, such as binding-site muta-
tion, cell-type-specific rescue, or prospective model testing, should
be stated explicitly. Their comparison supports the central conclu-
sion of this review: confidence increases when computational priori-
tization, orthogonal engagement evidence, causal perturbation, and
disease-relevant cellular context converge.

Conclusions and future prospects

Natural product target research should be evaluated as an
evidence chain rather than as a competition among technologies.
Experimental target fishing generates candidates through distinct
physicochemical readouts; biophysical and cellular assays deter-
mine whether engagement is direct and occurs in the relevant
context; genetic and pharmacological perturbations establish func-
tional causality; and single-cell or spatial analyses identify the cell
states and tissue niches in which the validated target acts.

Al can accelerate this process by reducing the candidate space,
integrating chemical and biological evidence, and predicting
target-cell-state relationships. Its outputs nevertheless remain
dependent on data quality, applicability domain, and model design.
Similarly, single-cell multi-omics resolves heterogeneity but does not
independently prove physical binding. Both should therefore be
embedded in a closed-loop workflow with prospective experimen-
tal validation and explicit reporting of negative or discordant results.

The most urgent priorities are natural-product-specific bench-
mark datasets with assay provenance and reliable negatives;
scaffold-, protein-family-, and time-aware model evaluation; inter-
pretable multimodal models linking compounds to target engage-
ment and cell states; spatially resolved pharmacology; and blinded
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prospective studies. Progress in these areas will determine whether
integrated Al, target-fishing, and single-cell strategies move from
retrospective association toward reproducible and causal natural
product pharmacology.
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