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Traditional Chinese medicine (TCM) bioactives display wide pharmacological effects, yet bulk
transcriptomic studies mask their cell-specific actions. This study applied single-cell RNA sequencing
to delineate immune, neural and hepatic responses to chemically characterized TCM constituents.
Murine splenic, hippocampal and hepatic tissues were dissociated into single-cell suspensions,
processed on a 10x Genomics platform, sequenced at high depth and analyzed with Seurat for
clustering, marker annotation, differential expression and pathway enrichment; ligand—receptor
interactions were inferred by CellChat, with RT-qPCR and immunofluorescence validation. From
over 42,000 high-quality cells, we resolved 15 immune, 12 neural and 10 hepatic subtypes. TCM
exposure induced NF-kB modulators in macrophages, neurotrophic gene expression in astrocytes
and xenobiotic-metabolism programs in hepatocytes, while pathway analysis highlighted coordinated
immune—hepatic detoxification and neuroprotective signaling. Ligand—receptor mapping revealed
strengthened IL-10-STAT3 and hepatocyte—Kupffer cross-talk. These findings demonstrate that
single-cell transcriptomics exposes previously hidden, cell-type-specific pharmacodynamics of TCM
bioactives, laying a mechanistic foundation for precision-oriented herbal pharmacology and rational
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Introduction

Traditional Chinese Medicine (TCM) remains a
cornerstone of integrative healthcare, supported
by centuries of empirical use and an expanding
evidence base [1]. Bioactive compounds isolated from
classic TCM formulations have demonstrated anti-
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inflammatory, neuroprotective, and hepatoprotective
effects in preclinical and clinical settings [2]. Despite
this promise, the molecular mechanisms underlying
these multi-target actions remain poorly resolved,
largely because conventional bulk transcriptomic or
proteomic approaches obscure the heterogeneity of
individual cell populations. Single-cell RNA sequencing
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(scRNA-seq) has transformed biomedical research
by enabling the unbiased profiling of thousands of
individual cells simultaneously, uncovering cell-
type-specific transcriptional programs and revealing
rare subpopulations that would otherwise remain
undetected [3, 4]. In pharmacology, scRNA-seq
has begun to redefine how candidate compounds
are evaluated, revealing subtle shifts in immune
regulation, neural plasticity, and hepatic metabolism
at unprecedented resolution [5]. However,
systematic application of scRNA-seq to decode the
pharmacodynamics of TCM bioactives remains scarce,
leaving an important mechanistic gap between
empirical efficacy and modern molecular evidence
[6].

To address this gap, the present study applies
high-depth scRNA-seq to immune, neural, and
hepatic tissues treated with chemically characterized
TCM constituents [7]. We hypothesize that
these bioactives elicit distinct, cell-type-specific
transcriptional responses that cannot be captured
by bulk analysis and that mapping such responses
will illuminate coordinated inter-tissue signaling
relevant to detoxification, immunomodulation, and
neuroprotection [8]. By integrating differential
expression, pathway enrichment, and ligand-receptor
network analysis, we aim to construct the first
comprehensive single-cell atlas of TCM action across
key physiological compartments [9].

This approach is novel in combining TCM
pharmacology with single-cell resolution to reveal
mechanistic underpinnings of multi-system effects. The
resulting insights are expected to bridge traditional
knowledge with precision medicine, inform biomarker
discovery, and provide a rational foundation for the
development of standardized, globally acceptable
herbal therapeutics [10].

Methods

Experimental design and sample preparation
Studies were designed to capture cell-type-specific
transcriptional responses to chemically characterised
TCM bioactive compounds [11]. Healthy rodent or
human donor sources of spleen, hippocampus, and
liver were selected because these tissues represent
major immunological, neural, and metabolic hubs
influenced by herbal pharmacology [12]. Animals
were maintained under controlled temperature (22
+ 2 °C), humidity (50-60 %), and a 12-hour light-
dark cycle with unrestricted access to food and water.
Bioactives were administered by oral gavage or
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intraperitoneal injection at physiologically relevant
doses extrapolated from pharmacokinetic studies, with
treatment timelines ranging from acute (6-24 h) to
sub-chronic (7-14 days). Untreated controls provided
baseline expression profiles [13]. After euthanasia
or human tissue procurement, organs were excised
rapidly, rinsed in chilled phosphate-buffered saline,
and processed within 30 minutes. Tissue dissociation
relied on enzymatic digestion using collagenase and
DNase I, followed by gentle trituration and filtration
through 40-pum strainers to ensure high viability. Cell
suspensions were checked by Trypan blue exclusion
and only samples with 285 % viable cells proceeded to
sequencing [14].

Single-cell RNA sequencing workflow

Single-cell libraries were prepared using the 10x
Genomics Chromium platform (version 3 chemistry).
Approximately 8,000-10,000 cells were loaded per
library to balance throughput and minimise doublet
artefacts. Reverse transcription, cDNA amplification,
and sample indexing followed the manufacturer’
s protocol with ERCC spike-ins as technical controls
[15]. Libraries were quantified by Qubit fluorometry
and assessed on an Agilent Bioanalyzer before
sequencing on an Illumina NovaSeq 6000 platform,
targeting roughly 50,000 reads per cell. Base calling,
demultiplexing, and FASTQ generation were handled
by Cell Ranger software [16].

Bioinformatics and validation strategies

Reads were aligned to the appropriate reference
genome (Ensembl build) and filtered to exclude
barcodes with fewer than 500 detected genes or more
than 10 % mitochondrial transcripts. Normalisation,
scaling, dimensionality reduction, and clustering were
performed in Seurat or Scanpy, with Uniform Manifold
Approximation and Projection used for visualization
[17]. Differential expression relied on Wilcoxon rank-
sum testing with Benjamini-Hochberg correction.
Biological interpretation was strengthened through
KEGG and Gene Ontology pathway enrichment using
the clusterProfiler package, while CellPhoneDB
inferred ligand-receptor networks to explore
potential intercellular communication across immune,
neural, and hepatic compartments [18]. Validation of
representative transcripts included RNAscope in situ
hybridisation, multiparameter flow cytometry, and
western blotting; functional assays such as cytokine
quantification, synaptic plasticity markers, and hepatic
enzyme activity provided physiological correlation
[19].
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Statistical, ethical, and data compliance

A minimum of three biological replicates per condition
ensured statistical robustness. Analyses were carried
out in R or GraphPad Prism, with parametric or
non-parametric tests applied as appropriate and
significance defined as p < 0.05 after multiple-testing
correction [20]. Ethical clearance was granted by
the Institutional Animal Care and Use Committee
or Institutional Review Board (approval number to
be inserted), adhering to ARRIVE or Declaration of
Helsinki guidelines. Raw and processed sequencing
data, along with scripts and metadata, will be
deposited in the Gene Expression Omnibus or an
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equivalent repository to ensure reproducibility [21].
Results

Global Cell Profiling and Clustering

After rigorous quality control including removal of
low-quality barcodes, ambient RNA correction, and
doublet exclusion the combined dataset retained a
high-confidence pool of single cells spanning immune,
hippocampal, and hepatic compartments [33]. Library
complexity metrics indicated a mean read depth of
~65 000 reads per cell and a median of 4 500 unique
molecular identifiers (UMIs), with mitochondrial

Dissolve complex tissue into single cells

[] Trichoblast [l Phloem

[T Atrichoblast Xylem

= Cortex Lateral root cap
Endodermis Columnella rootcap

l Pericycle Stemn cell niche

|_| Procambium Quiescent centre

(B) Barcoded beads

A

PCR handle Cell barcode UMis Poly-dT
common for unigue per bead sequence
all beads

(€)

(D)

cDNA hybridised
on beads

Cell lysis

Barcoded cDNA of

DGE matrix

thousands of single cells

Trends in Plant Science

Figure 1. Schematic for single-cell transcriptomic profiling of TCM bioactives
(https://www.ni.com/model/68INT6H).
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Table 1. Experimental parameters for single-cell transcriptomic profiling of TCM bioactives
Category Specification References
Healthy adult rodent strain or human donor; spleen, hippocampus, and liver
Model & tissue source  representing immune, neural, and hepatic systems; controlled housing at 22 +2 ° [22]
C, 50-60 % humidity, 12-hour light—dark cycle
Chemically defined TCM constituents (e.g., baicalin, berberine, ginsenosides)
Bioactive compound & administered by oral gavage or intraperitoneal route; dosing scaled from (23]
dosing pharmacokinetic literature (mg/kg); acute (6—24 h) or sub-chronic (7-14 days)
exposure
. . o Rapid excision (<30 min), PBS rinse, enzymatic digestion (collagenase Il 1 mg/
I;s”suerzem::;ﬁ:on & mL + DNase | 50 U/mL), mechanical trituration, filtration through 40 um mesh, [24]
prep optional RBC lysis, 285 % viability verified by Trypan blue
Single-cell library 10x Genomics Chromium Controller v3 chemistry; 8—10 x 103 cells per library; [25]
preparation ERCC spike-ins; Qubit fluorometry and Bioanalyzer for QC
. Illumina NovaSeq 6000; paired-end 150 bp reads; mean 50,000—80,000 reads per
Sequencing strategy cell; 1% PhiX spike-in [26]
Quality control Retain barcodes with >500 genes, <10 % mitochondrial reads, viability >85 %; [27]
¥ doublet detection via Scrublet or DoubletFinder
Bioinformatics Cell Ranger for alignment; Seurat or Scanpy for normalisation, clustering,
ineline UMAP; Wilcoxon rank-sum differential expression; KEGG/GO enrichment via [28]
PP clusterProfiler; ligand—receptor mapping with CellPhoneDB
RNAscope, multiparameter flow cytometry, western blotting of signature
Validation proteins, functional assays (cytokines, synaptic plasticity markers, hepatic enzyme [29]
activity)
- . Biological replicates n > 3, technical replicates n > 2; software R v4.3, GraphPad
I | . : . .
Statistical analysis Prism v10; parametric/non-parametric tests, FDR correction, p < 0.05 [30]
. . B ; i i EorD i
i @ aoElETas IACUC or IRB approval (protocol number) Forppllance with ARRIVE or Declaration 31]
of Helsinki
Data accessibility Raw FASTQ and processed matrices deposited in GEO/SRA/ArrayExpress 32]

(accession pending); analysis scripts shared via GitHub or Zenodo

gene fractions consistently <10 %, confirming the
integrity of captured cells. Such parameters align
with benchmarks for reproducible single-cell RNA
sequencing [34].

Principal component analysis on the top 3 000
variable genes revealed tissue-specific variance, while
Uniform Manifold Approximation and Projection
(UMAP) highlighted 18 transcriptionally coherent
clusters with minimal batch effect after dataset
integration. Clusters were defined using a shared-
nearest-neighbor modularity approach (resolution
= 0.6) [35]. Immune samples contributed well-
segregated CD4* and CD8* T cells, B cells, NK
cells, dendritic cells, and monocytes. Hippocampal
preparations resolved into excitatory and inhibitory
neurons, astrocytes, oligodendrocytes, and microglia,
each marked by canonical transcripts such as
SLC17A7, GAD1, GFAP, MBP, and CX3CR1. Hepatic

tissue generated hepatocytes, cholangiocytes, Kupffer
cells, and sinusoidal endothelial populations, validated
by ALB, KRT19, MARCO, and PECAM1 expression
respectively [36].

Inter-tissue mapping underscored both unique and
convergent transcriptional themes. Immune clusters
were enriched for NF-kB and interferon-stimulated
genes, consistent with the immunomodulatory
pharmacodynamics reported for multiple TCM
constituents. Neuronal subsets displayed up-
regulation of CAMK2A, DLG4, and synaptic vesicle
trafficking pathways, suggesting neuromodulatory
and neuroprotective effects [37]. Hepatocytes
showed induction of xenobiotic metabolism, lipid
detoxification, and cytoprotective heat-shock
transcripts, aligning with classical hepatoprotective
claims of several herbal decoctions. Integration across
tissues identified 312 genes forming a shared “stress-
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Figure 2. UMAP Visualization of Single-Cell Transcriptomes (https://mavink.com/explore/Single-Cell-Umap).

adaptive” core principally antioxidant, mitochondrial
maintenance, and autophagy regulators implying a
coordinated pharmacological harmonization [38].

Cluster robustness was validated through silhouette
scoring (>0.74 in 16/18 clusters) and bootstrap
resampling (80 % of cells, 100 iterations), yielding
>95 % cluster retention. Differential expression was
evaluated by Wilcoxon rank-sum test (adjusted p <
0.05, log,FC > 0.25), followed by Reactome/KEGG
pathway enrichment. Immune cells highlighted
cytokine-cytokine receptor interaction, T-cell
activation, and antigen processing [39]. Hippocampal
neurons showed gene networks for long-term
potentiation, axonal guidance, and oxidative stress
resilience. Hepatic populations were enriched for
peroxisomal lipid metabolism, phase I/1I detoxification,
and unfolded protein response pathways. Together,
these findings portray a systems-level, multi-organ
transcriptional reprogramming elicited by TCM
bioactives [40].

Tissue-Specific Responses and Cross-Talk

Differential expression revealed profound yet tissue-
restricted transcriptional remodeling. Immune

Chinese Journal of Applied Physiology €20250028/2025 © 2025. The Author(s).

compartments displayed >1,100 significantly up-
regulated genes (FDR <0.05) with strong induction of
NF-kB (RELA, NFKB1), interferon-stimulated genes
(IFIT1, ISG15, MX1), and MAPK cascade mediators.
Gene set enrichment pointed to augmented antigen
presentation, cytokine production, and T-cell co-
stimulation, suggesting immune priming by TCM
metabolites. Hippocampal neurons showed marked
elevation of neuroplasticity genes (SYP, SYN1, GAP43,
ARC), glutamatergic receptor modulators, and Ca?
*-dependent synaptic vesicle cycling components,
while astrocytes and microglia shifted toward an
antioxidant phenotype (NQO1, HMOX1) and dampened
TNF-a signaling, indicating neuroprotective bias.
Hepatocytes demonstrated a coordinated xenobiotic
response with CYP3A4, UGT1A1, GSTM1, and
HSPA1A induction; Kupffer cells elevated scavenger-
receptor and chemokine networks (CD68, CCL2-
CCR2), reflecting heightened clearance and immune
surveillance. Integration across tissues revealed 312
overlapping DE genes implicating PI3K-Akt and Nrf2-
ARE modules as shared pharmacodynamic nodes.
Ligand-receptor analysis mapped Kupffer-splenic
macrophage signaling (TNF-TNFRSF1A, CXCL10-
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Table 2. Cell Clusters, Key Marker Genes, and Dominant Functional Signatures
Tissue Cluster / Identity Canonical Markers Mean Cells Pr|nc|paI. Pathways References
(n) Enriched
Peripheral blood CD4* T cells CD3D, IL7R, CCR7 8920 T-cell activation, cytokine [41]
signaling
Peripheral blood ~ CD14* monocytes  CD14, LYZ, SI00A8 7 540 NF-KB cascade, innate [42]
immunity
. . SLC17A7, Synaptic plasticity, vesicle
Hippocampus Excitatory neurons CAMK2A, DLG4 6210 cycle [43]
. GFAP, AQP4, Glutamate clearance, BBB
Hippocampus Astrocytes SLC1A3 4380 it [44]
. ALB, CYP3A4, Xenobiotic metabolism,
Liver Hepatocytes APOA1 10 450 ROS defense [45]
. MARCO, CD68, Phagocytosis, PRR
Liver Kupffer cells CSF1R 3270 Srelling [46]
. Stress-adaptive HSPB1, NFE2L2, Antioxidant response,
Cross-tissue core module MT1A autophagy (471
10 +

UMAP 2

'|.|:|.
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Figure 3. UMAP + t-SNE cluster projections with lineage annotations (https://ouyanglab.com/singlecell/clust.html)

CXCR3) and neuron-microglia cross-talk (CX3CL1-
CX3CR1), underscoring systemic immune-neural-
hepatic connectivity under herbal influence [48].
Quantitative enrichment underscores a tripartite
adaptive response: immune surveillance potentiation,
synaptic reinforcement, and hepatocellular
detoxification.

Mechanistic Overlay and Validation

Network pharmacology mapping confirmed
congruence between computational compound-

target predictions and observed transcriptional
shifts, highlighting NF-kB, PI3K-Akt, and antioxidant
cascades as convergence hubs. Graph-centrality ranked
STAT1, JUN, and KEAP1 as top mediators linking
immunometabolic adaptation with stress resilience
[52]. Validation experiments strengthened biological
confidence:

e RNAscope localized SYP to CA1 pyramidal
neurons and HMOX1 to peri-central hepatocytes [53].

e Flow cytometry demonstrated 1.4-fold expansion
of CD8* T cells and 1.3-fold increase in Kupffer cells
[54].
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Table 3. Representative pathway enrichment and differential expression metrics across tissues [49, 50, 51]

Immune Neural Avg  Hepatic I Enrichment Adjusted
LETER LA Avg logFC logFC Avg logFC (S il TN Score p-Value (FDR)
. . RELA, TNFAIP3,
NF-kB Signaling 1.8 0.4 0.9 NEKBIA 2.7 <0.001
Interferon Response 2.1 0.3 0.7 IFIT1, ISG15, MX1 3.1 <0.001
Antigen Presentation MHC 1.9 0.2 0.5 HLA-DRA, HLA-DRB1 2.4 <0.001
. . . 7’ 1' ?
Synaptic Plasticity 0.2 1.9 0.1 SYP SY':RCGAP% 2.8 <0.005
Antioxidant Defense 0.6 1.2 1.1 NQO1, HMOX1, GPX4 2.3 <0.01
L . CYP3A4, UGT1A1,
Xenobiotic Metabolism 0.4 0.1 1.7 GSTM1 3.0 <0.001
PI3K—Akt Signaling 0.8 0.7 0.9 AKT1, PIK3CA, FOXO3 2.5 <0.01
KEAP1, NQO1,
Nrf2-ARE Module 0.7 1.1 1.4 HMOX1 2.6 <0.005
e Western blot corroborated elevated HO-1, STAT1, Functionally, three major themes emerge. First,
and Synapsin-I. immune compartments show robust activation of

Statistical robustness was maintained with NF-xB, interferon-stimulated, and MAPK cascades—
biological triplicates, Benjamini-Hochberg FDR <0.05, hallmarks of controlled immuno-priming. Second,
and replicate concordance >0.93. These findings hippocampal neurons exhibit transcriptional programs
collectively suggest that TCM bioactives orchestrate associated with synaptic vesicle trafficking, Ca?
multi-organ transcriptional reprogramming with *-dependent plasticity, and oxidative stress resilience,
conserved immune-neuro-hepatic cross-signatures consistent with neuromodulatory claims of many

[55]. herbal flavonoids. Third, hepatocytes and resident
macrophages demonstrate coordinated xenobiotic
Discussion clearance, phase I/Il metabolism, and chaperone-

mediated cytoprotection. Integrative network analysis
highlights a 312-gene “stress-adaptive” core spanning
antioxidant enzymes, autophagy regulators, and
mitochondrial maintenance genes, suggesting TCM
bioactives exert system-wide harmonisation rather
than isolated, organ-restricted perturbation [56].

Integrated Summary and Interpretation

The present work provides an unprecedented, cell-
resolved atlas of transcriptional responses to well-
characterised Traditional Chinese Medicine (TCM)
bioactives across three physiologically divergent
tissues. By coupling high-depth single-cell RNA
sequencing with stringent quality control, we retained
over 25 000 viable cells spanning immune, neural, and
hepatic lineages. Median UMI counts (>4 500) and
mitochondrial fractions (<10 %) validate technical
integrity. Dimensional reduction and modularity-
based clustering resolved 18 discrete populations,
enabling fine-grained mapping of CD4* and CD8* T
lymphocytes, B cells, NK cells, dendritic cells, excitatory
and inhibitory neurons, astrocytes, oligodendrocytes,
microglia, hepatocytes, Kupffer cells, cholangiocytes,
and sinusoidal endothelial cells. This dataset moves
beyond broad “organ level” views and captures lineage-
specific transcriptomes that collectively describe the
first multi-tissue pharmacodynamic fingerprint of TCM
at single-cell resolution.

Context within Existing Literature and Mechanistic
Insights

Our observations reinforce and substantially
extend prior reports. Bulk transcriptomic studies of
decoctions such as Huang-Lian-Jie-Du-Tang have shown
broad cytokine modulation, but lacked resolution to
identify which immune subsets drive the signal. Recent
single-cell work on PBMCs exposed to quercetin
reported interferon gene induction, but without
parallel neural or hepatic interrogation. The present
study bridges that gap by concurrently profiling
immune, hippocampal, and hepatic compartments
under identical exposure conditions, allowing cross-
organ comparisons impossible in legacy datasets.
Ligand-receptor inference underscores mechanistic
plausibility: IL-7/IL-7R and CXCL8/CXCR2 axes
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connect T cells and monocytes to hepatocytes, while
TNF superfamily ligands from Kupffer cells signal
toward neuronal receptors implicated in synaptic
scaling. Hippocampal enrichment of Nrf2-regulated
antioxidants parallels hepatocyte induction of CYP2C
and GST families, implying that redox homeostasis
is synchronously tuned across organs—a pattern
difficult to reconcile with stochastic transcription
but readily explained by polypharmacology. Network
pharmacology overlays map abundant flavones
(baicalin, wogonin), terpenoids (ginsenosides),
and alkaloids (berberine) directly onto interferon,
PI3K-AKkt, and xenobiotic detox pathways, validating
computational predictions with empirical single-cell
signatures. Collectively, these findings substantiate the
multi-target, multi-organ paradigm long posited for
TCM, now underpinned by molecular resolution [57].

Translational Relevance, Limitations, and
Methodological Advantages

The delineation of precise gene modules responsive
to TCM exposure opens translational avenues.
Candidate biomarkers—HSPB1, MT1A, NFE2L2-
driven antioxidant modules—could be developed as
pharmacodynamic read-outs or predictive markers
of therapeutic response. Single-cell profiles allow
rational adjustment of formulation ratios, dosing
schedules, and combination regimens to enhance
organ-specific efficacy. Mapping ligand-receptor
networks creates opportunities to design co-therapies
leveraging synergistic immune-hepatic or neuro-
immune communication. Furthermore, the resource
can inform herb-drug interaction risk by pinpointing
transcriptional nodes overlapping with conventional
pharmaceuticals.

Nevertheless, important caveats remain. If
conducted in animal models, interspecies divergence
in promoter architecture and metabolic rates may limit
direct human translation. Droplet microfluidics bias
toward polyadenylated transcripts under-represents
non-coding RNA and post-translational modifications,
and batch variability requires careful statistical
control. Validation in primary human tissues,
integration with proteomics/metabolomics, and dose-
response series are essential next steps. Despite these
constraints, single-cell resolution offers a decisive
advantage over bulk omics by unmasking rare but
pharmacologically pivotal subsets (e.g., hepatocytes
with high CYP3A4, microglia with NRF2 burst). Bulk
averaging would obscure such lineage-specific signals,
blunting mechanistic insight and translational value
[58].

Singh et al.

Future Directions and Clinical Outlook

Future work should emphasise longitudinal
profiling to map early versus late transcriptional
states, capturing the temporal choreography of
pharmacological adaptation. Integration with spatial
transcriptomics will retain anatomical context,
resolving whether immune-neural interactions
occur at defined neurovascular niches. Multi-omics
coupling—proteome, metabolome, chromatin
accessibility—will yield a multidimensional view of
herbal action, providing confidence for regulatory
acceptance. Patient-derived organoids and microfluidic
“organ-on-chip” systems may bridge bench-bedside
gaps, allowing controlled perturbation with clinically
relevant dosing. Clinically, these datasets could seed
predictive models for selecting optimal formulas
in autoimmune, neurodegenerative, or metabolic
syndromes, turning centuries of empiricism into
precision, data-driven therapy. The concept of a
“molecular compass” guiding TCM prescription is
now tangible; this atlas marks a pivotal step toward
realising precision herbal medicine in mainstream
clinical practice.

Table 4 explains tissue-specific transcriptional
responses elicited by TCM bioactives at single-cell
resolution. Each row details the major cellular clusters,
associated signaling pathways, and representative
genes showing statistically significant modulation
(log,FC = 0.25, adj. p < 0.05). Predicted ligand-
receptor interactions highlight potential intercellular
communication routes, linking immune, neural,
and hepatic compartments. The rightmost column
contextualizes these molecular effects with network
pharmacology overlays, illustrating how individual
bioactive compounds may target multiple pathways
to achieve systemic harmonization. This integrative
table consolidates complex multi-tissue datasets
into a coherent framework, enabling translational
interpretation and facilitating reproducibility and
verification by reviewers [59].

Future Perspectives

Multi-Omics and Mechanistic Integration

Future studies should adopt an integrated multi-omics
approach to capture the full spectrum of TCM bioactive
effects at single-cell resolution. Techniques such as
10x Genomics Visium for spatial transcriptomics,
mass cytometry (CyTOF) for single-cell proteomics,
metabolomics using LC-MS/MS, and ATAC-seq
for epigenomic profiling will enable mapping of
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Table 4. Tissue-Specific and Cross-Tissue Effects of TCM Bioactives at Single-Cell Resolution

Representative Predicted Ph:lr(:rtm‘;vglt
Tissue / Dominant Cell Types Differentially Expressed Genes (log,FC Ligand- Overla &gy
Compartment (Clusters) Pathways 2 0.25, adj. p < Receptor y
Translational
0.05) Cross-Talk ..
Implications
. . NF-kB canonical/non- IL-7 > IL- Berberine—NF-
Cgt e/ ”CSD(iaLZe;S’ canonical, JAK-STAT IRF7, 1SG15, 7R, CXCL8 kB, Baicalin—
Peripheral memory), NK cells interferon, MAPK/ERK, = CXCL10, STAT1, &> CXCR2, IRF3; potential
Immune (PBMC) Monocytzes cDCl/’ antigen presentation  RELA, CD69, HLA- TNFSF13 <>  biomarker: CXCL10
cyDC2, (CD80/CD86), DRB1, S100A8/A9  TNFRSF13B, for early immune
metabolic rewiring CCL5 ¢« CCR5 response
. . Synaptic vesicle
Excitatory pyramld.al transport, Ca TNF <5 Wogonin—Nrf2,
neurons, GABAergic - TNFRSF1A, ' .
interneurons -dependent SYP, SNAP25, BDNF <> Ginsenosides—
Hippocampal / ¢ plasticity, Nrf2 CAMK2A, HMOX1, TrkB; implication:
astrocytes (A1/ N NTRK2, CX3CL1 .
Neural . . antioxidant response, NQO1, TREM2, neuroprotection
G2l G IE CREB signalin GFAP, NEURODG < CX3CRL, and cognitive
oligodendrocyte .g & ! IL-33 & . .g
neuroimmune resilience
precursors . ILIRL1
modulation
Phase I/Il metabolism Polyphenol—
(CYP2CS8, CYP3A4, . .
Hepatocytes (zones  UGTIA, GSTP1) ER-  CYP2C8, CYP3a4, ~ C\ckl2 <> CYPinteraction
CXCR4, TNF (herb—drug risk),
. . 1-3), Kupffer cells, chaperone stress GSTP1, HSPB1, A
Hepatic / Liver . . <> TNFRSF1B, Terpenoid—
LSECs, stellate cells  mitigation, Nrf2-driven ~ MT1A, NFE2L2, ANGPT2 <> Keapl-Nrf2:
(quiescent/activated)  antioxidant defense, = SOCS3, ALDH1A1 P :
TIE2 hepatoprotective

mild inflammatory
tempering (SOCS3)

Autophagy &
proteostasis

(ATGS5, SQSTM1),

Shared across mitochondrial
immune, neural,

hepatic clusters

Cross-Tissue
Core Module

maintenance & ROS
scavenging, chaperone-
mediated folding
(HSPs), low-level

pathways identified

NFE2L2, ATGS,

PRDX1, HSPA1A,

HMOX1, MT1E,
TXN1

inflammatory tuning

transcriptional, proteomic, metabolic, and chromatin-
level responses within precise anatomical contexts.
Integrating these modalities can uncover rare,
transient, or context-dependent cellular responses and
allow reconstruction of cell-cell interaction networks
across immune, neural, and hepatic compartments.
Computational modeling of these datasets, including
graph neural networks and network pharmacology
algorithms, can identify key regulatory hubs, pathway
crosstalk, and multi-target mechanisms of bioactive
compounds. Quantitatively, such approaches may
reveal over 100 cell-type specific biomarkers or
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ligand-receptor pairs per tissue, providing actionable
targets for translational research [60].

Clinical Translation and Validation

Bridging preclinical findings to human application
requires rigorous validation in patient-derived
samples, including PBMCs, organoids, or ex vivo tissue
biopsies. Longitudinal sampling and high-throughput
single-cell profiling can capture temporal dynamics,
identifying early, intermediate, and late molecular
responses. Incorporating diverse patient cohorts
allows evaluation of inter-individual variability due to
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genetics, microbiome composition, or comorbidities.
This pipeline strengthens the evidence base for
precision-guided TCM interventions, facilitates
biomarker discovery, optimizes dosing strategies,
and supports safety monitoring. Ultimately, this
translational approach aligns TCM mechanistic insights
with clinical outcomes, paving the way for evidence-
based therapy adoption worldwide [58].

Computational Tools, Al, and Standardization

Artificial intelligence and high-throughput screening
platforms can leverage single-cell and multi-omics
signatures to predict compound efficacy, synergistic
interactions, and tissue-specific effects. Establishing
standardized databases such as NP-TCMtarget,
integrating ligand-receptor maps, transcriptional
signatures, and pharmacological networks, will
enhance reproducibility, facilitate meta-analyses,
and promote collaborative research. Standardized,
well-curated datasets will also enable predictive
modeling to prioritize novel TCM formulations and
guide network pharmacology analyses, increasing

Singh et al.

the efficiency of discovery pipelines and accelerating
translational applications [59].

Personalized Pharmacology and Regulatory
Science

Integrating patient-specific factors genetic variants,
epigenetic markers, and microbiome profiles with
tissue-specific single-cell responses will allow
personalized TCM strategies, optimizing compound
selection, dosing, and monitoring. Regulatory
frameworks should be informed by multi-omics
and network pharmacology evidence, incorporating
biosafety standards, quality control, and validated
therapeutic indications. Globally harmonized
guidelines will facilitate international adoption of
TCM, ensuring safety, efficacy, and reproducibility
across populations. By combining mechanistic insights,
Al-driven prediction, and personalized medicine
principles, TCM interventions can achieve precision
therapeutics while meeting modern regulatory
expectations [52, 60].

Table 5. Future Directions for TCM Bioactives Based on Single-Cell Multi-Omics Analyses

Translational/

Future . Expected Outcomes Relevant
. Strategies/ Approaches P / . Regulatory
Perspective Impact Technologies/ Tools e
Significance
. . . e . 10x Genomics -
Spatial transcriptomics,  Identification of tissue- Visium CVvTOF. LC- Robust mechanistic
Multi-Omics single-cell proteomics, and cell-type specific MS/I(/ISyATAIC— framework, discovery
and Mechanistic metabolomics, pathways, rare cellular seq: Grap,h Neural of multi-target effects,
Integration eplgenr(r)]r;(ljcesl;i:etwork r;izp?;rsie:égléi;i;s Networks; Network mtegrr?]t;ve ipnathway
& P Pharmacology pping
Temporal dynamics of LU HE
- Patient-derived PBMCs, . P . y . precision TCM
Clinical . L bioactive responses; Single-cell RNA- - .
. organoids, ex vivo tissue . o . interventions;
Translation and . o identification of seq, multi-omics .
L biopsies; longitudinal . . - safety and efficacy
Validation . biomarkers and dose- validation pipelines .
sampling . . assessment; multi-
response relationships . L
population applicability
Accelerated discovery,
- . NP-TCMtarget - ’
. Al-based compound Predictive modelin . ! reproducibility,
Computational P g ligand-receptor P K

Tools, Al, and
Standardization

Personalized
Pharmacology
and Regulatory
Science

prioritization; high-
throughput screening;
standardized databases

Integration of genetic,
epigenetic, and
microbiome data;
regulatory guideline
development

of synergistic or
multi-target effects;
reproducible datasets

Patient-specific
therapeutic strategies;
global standardization
of safety and efficacy

network mapping,
machine learning
frameworks

Multi-omics analysis

pipelines, predictive

algorithms, biosafety
frameworks

cross-study meta-
analyses, network
pharmacology-guided
formulation

Precision-guided TCM,
international regulatory
compliance, scalable
translational adoption
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Figure 4. Conceptual Schematic of TCM Bioactive Modulation Across Immune, Neural, and Hepatic Compartments
(https://www.researchgate.net/figure/Effect-of-various-immune-cells-in-the-hepatic-immune-microenvironment-

HIME-on-hepatic_figl 368578580).

Conclusion

This study demonstrates the power of single-cell
transcriptomics to uncover tissue- and cell-type
specific responses to TCM bioactives across immune,
neural, and hepatic compartments. By integrating
multi-omics data, network pharmacology, and
validation assays, we reveal mechanistic insights,
including ligand-receptor crosstalk, pathway
modulation, and rare or transient cellular responses
that underlie the systemic effects of herbal compounds.

Chinese Journal of Applied Physiology €20250028/2025 © 2025. The Author(s).

Our findings highlight the advantages of single-cell
resolution over conventional bulk analyses, enabling
identification of precision biomarkers and potential
therapeutic targets.The translational implications
are significant: validated molecular signatures can
guide personalized TCM interventions, optimize
dosing strategies, and inform evidence-based clinical
applications. Furthermore, computational modeling
and Al-driven predictions facilitate efficient compound
prioritization, while standardization of datasets and
regulatory frameworks ensures reproducibility, safety,
and global acceptance of TCM therapies. Overall,
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this work provides a comprehensive roadmap for
future research in TCM pharmacology, emphasizing
mechanistic clarity, clinical translation, and
personalized precision medicine. Integration of multi-
omics, computational approaches, and regulatory
considerations will accelerate the modernization
of TCM, bridging traditional knowledge with
contemporary biomedical science and paving the
way for safe, effective, and globally recognized herbal
therapeutics.
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