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Abstract
Hepatocellular carcinoma (HCC) is among the deadliest cancers, and current biomarkers offer limited
diagnostic and therapeutic utility. To uncover novel druggable targets, we employed an omics-guided
computational pipeline that combines single-cell RNA sequencing (scRNA-seq), differential gene
expression (DGE) analysis, UMAP clustering, and protein–protein interaction (PPI) network mapping.
Among the prioritized genes—TMBIM4, RGS5, CEACAM7, and VCX2—the cancer/testis antigen VCX2
stood out for its aberrant expression and potential role in chromosomal instability. The VCX2 structure
was modeled via AlphaFold2 and refined to reveal druggable pockets for virtual screening using the
PeruNPDB (Peruvian Natural Products Database). Docking identified luteolin-5-O-glucoside from
Equisetum arvense as the top ligand (Docking score: − 7.42 kcal/mol; ΔGbind: − 40.13 ± 1.12 kcal/mol).
MM-GBSA and interaction analysis showed stable hydrogen bonds with PRO91, GLU97, and GLU109.
These findings highlight VCX2 as a promising target for HCC and suggest luteolin-5-O-glucoside as a
potential lead scaffold. Further molecular dynamics and SAR studies are needed to validate and
optimize its efficacy.

INTRODUCTION
HCC represents approximately 75–85% of primary liver cancer, causes more than 830,000 fatalities
annually1,2, and ranks as the third leading cause of cancer-related mortality worldwide3. Its burden
reflects both global incidence and regional disparities: East Asia and Sub-Saharan Africa, where hepatitis
B virus (HBV) infection is endemic 4,5, show the highest rates6, while Western countries report increasing
incidence due to non-alcoholic fatty liver disease (NAFLD) and obesity7. Chronic hepatic inflammation,
fibrosis, and cirrhosis underlie most cases, driven by viral hepatitis, alcohol, aflatoxin exposure, and
metabolic disorders8. Clinically, early-stage HCC is often asymptomatic, and current surveillance
(imaging plus Alpha-Fetoprotein, AFP) lacks sensitivity and specificity, underscoring the need for more
robust biomarkers and targeted strategies9.

At a molecular level, HCC pathogenesis involves a complex interplay of genetic and epigenetic
alterations that promote tumor progression, immune evasion, and therapeutic resistance.

Recognized biomarkers, such as AFP [10], glypican-3 (GPC3) [11], and Epithelial cell adhesion molecule
(EpCAM), have clinical utility but show limited performance—particularly in early disease—motivating the
discovery of more selective targets. Recent single-cell and bulk transcriptomic studies, coupled with
network-based prioritization, have highlighted underexplored drivers (e.g., SPP1, AKR1B10, LMNB1),
illustrating how integrative omics can reveal mechanistically informative biomarkers.

Natural products continue to be a rich source of anti-cancer scaffolds with multi-target activity relevant
to HCC biology. Compounds such as curcumin, resveratrol, quercetin, prodigiosin, and berberine
modulate apoptosis, angiogenesis, and immune signaling; for example, curcumin attenuates TGF-β–
driven EMT/fibrosis10, resveratrol suppresses VEGF-mediated angiogenesis11, and berberine
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downregulates GPC3 associated with Wnt/β-catenin signaling12. Hepatoprotective phytochemicals from
Silybum marianum (flavonolignans such as silymarin) 13, Glycyrrhiza glabra (glycyrrhizin), and

Phyllanthus species have further motivated biomarker-guided natural-product discovery14.

Here, we integrate scRNA-seq with pan-cancer transcriptomic profiling to identify Variable Charge X-
linked 2 (VCX2) as an underreported, cancer/testis antigen (CTA)– like candidate in HCC. CTAs are
typically restricted to immune-privileged germline tissues, and their aberrant expression in tumors
provides both diagnostic specificity and therapeutic tractability. We then evaluate VCX2 druggability
through structural modeling and molecular dynamics (MD), predict a binding pocket with SiteMap, and
perform structure-based screening of the Peruvian Natural Products Database (PeruNPDB) to prioritize
ligand candidates. Luteolin-5-O-glucoside emerges as the top binder and is subsequently examined by
Glide docking and MM-GBSA. The overall workflow—from scRNA-seq–based prioritization to in silico
ligand evaluation—is summarized in the Graphical Abstract.

MATERIAL AND METHODS
These calculations provided refined binding free energies (ΔGbind) and highlighted hotspot residues
within the VCX2 binding pocket, supporting robust prediction of ligand–protein stability. Full
computational details and energy decomposition equations are provided in the Supplementary
Materials.

Single-cell RNA sequencing data processing and integration

The sequential steps of this pipeline are outlined in the Graphical Abstract and described in detail below.
scRNA-seq datasets were collected to characterize transcriptional differences between healthy and
cancerous liver tissues. Data from five relatively healthy individuals were obtained from the Gene
Expression Omnibus (GEO) (GSE115469)15 (https://www.ncbi.nlm.nih.gov/geo/, accessed 14 February
2024)16, while hepatocellular carcinoma (HCC) samples were retrieved from the CancerSCEM database

(https://ngdc.cncb.ac.cn/cancerscem/index, accessed 20 February 2024)17,18. Additional tumor
datasets (bladder19, breast20, colorectal21, lung22,23, ovarian 24, pancreatic25, and gastric26 cancers) were
included to enable broader comparative assessments. Raw count matrices were imported into R
(v4.1.0)27 and processed with Seurat (v4.0.3)28. Cells with fewer than 100 detected genes, more than
25% mitochondrial transcripts, or genes expressed in fewer than three cells were excluded.
Normalization and variance stabilization were carried out with Seurat’s built-in functions, while batch
effects were regressed using the number of detected UMIs and mitochondrial expression levels.
Principal component analysis (PCA) was performed on highly variable genes, and graph-based clustering
was applied to group cells with similar expression profiles. UMAP embeddings were generated to
visualize the resulting clusters and cellular heterogeneity. Differentially expressed genes (DEGs) were
identified using the Wilcoxon rank-sum test with Bonferroni-adjusted p<0.05. The resulting clusters were
annotated using the SingleR package, which compares test profiles to reference transcriptomes to
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assign likely cell identities29. Functional enrichment analyses for Biological Processes, Molecular
Functions, and Cellular Components, as well as Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways, were performed with clusterProfiler30 and enrichplot31. Visualizations, including UMAP

projections, volcano plots, dot plots, and heatmaps, were generated with SCpubr32.

Protein-Protein Interaction (PPI) Network and Tissue-Specific Expression Analysis

To better understand the biological context of candidate biomarkers, PPI networks were constructed
using the STRING database (v12.0) (https://string-db.org, accessed 20 April 2024)33, retaining edges
with confidence scores ≥0.70. Network visualization was performed in Cytoscape (v3.9.1)34, and

centrality metrics were computed with the cytoHubba plugin35 using the Maximal Clique Centrality
(MCC) algorithm. Hub nodes were prioritized for their potential relevance to hepatocarcinogenesis.
Functional enrichment of the network was performed using the StringApp plugin 36, which retrieved Gene
Ontology (GO) terms and KEGG annotations directly from STRING. To assess expression specificity,
candidate genes were also cross-validated in the TISSUES database (v2.0)
(https://tissues.jensenlab.org/Search, accessed on 25 April 2024), which integrates transcriptomic and
proteomic evidence of tissue-specificity37.

Structural Refinement of VCX2: Molecular Dynamics and Protein Preparation

The amino acid sequence of VCX2 (UniProt ID: Q9H322) was retrieved from UniProt, and the initial three-
dimensional model was obtained from the AlphaFold Protein Structure Database (v4). To improve
structural fidelity before docking, the model was refined with GROMACS 2022.4 using the CHARMM36m
force field. The refinement protocol consisted of energy minimization to resolve steric clashes,
simulated annealing cycles (heating to 500 K and cooling to 300 K), equilibration under NVT conditions,
and a 1 μs production simulation under NPT conditions at 309 K and 1 bar. Three independent replicates
with different initial velocities were conducted to capture conformational variability and ensure
reproducibility.

Trajectory analysis confirmed model stability, with root mean square deviation (RMSD) convergence and
consistent PCA profiles across replicates. Model validation with ProSa-web
(https://prosa.services.came.sbg.ac.at/prosa.php) and PDBsum (https://www.ebi.ac.uk/thornton-
srv/databases/pdbsum/) confirmed stereochemical quality, with residues predominantly located in
favored Ramachandran regions.

The final refined structure was prepared for docking in Schrödinger Maestro (v12.8.117) 38 using the
Protein Preparation Wizard. Bond orders were corrected, hydrogen atoms added, side chains optimized,
protonation states predicted at pH 7.0 with Epik, and hydrogen bond networks refined. A final energy
minimization was performed with the OPLS4 force field 39, yielding a high-quality receptor model suitable
for downstream binding site mapping and docking simulations.
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Virtual screening with the Peruvian Natural Products Database (PeruNPDB)

A structure-based virtual screening was performed with phytochemicals from the PeruNPDB
(https://perunpdb.com.pe, accessed on April 15, 2024)40, a curated collection of compounds from native
Peruvian biodiversity. In total, 280 molecules were retrieved in SMILES format41 from the official web
server (https://perunpdb.com.pe, accessed April 15, 2024). SMILES strings were converted into three-
dimensional structures and energy minimized using OpenBabel (v 3.1.1) within the Python Prescription
Virtual Screening Tool42. The ligands were imported into PyRx v0.9.8, which uses AutoDock Vina(v
1.2.5)43 for docking, with the MD-refined VCX2 structure as the receptor. Grid parameters were defined
with the “Run AutoGrid” option, and simulations were executed with the Lamarckian Genetic Algorithm,
setting exhaustiveness to 20. For each ligand, only the lowest-energy pose was retained. Binding
affinities were standardized by Z-score normalization, and ligands within ±1.645 (p <0.05) were
considered significant. Results were visualized as violin plots in GraphPad Prism (v10.0.2; GraphPad
Software, San Diego, CA, USA; http://www.graphpad.com)

Binding Site Prediction, Grid Generation, and Ligand Preparation

Following structural refinement of the VCX2 model, potential ligand-binding pockets were identified
using the SiteMap module in Schrödinger Maestro (v12.8.117). The algorithm predicted the five top-
ranked binding sites on the protein surface based on site score, volume, enclosure, exposure, and the
balance of hydrophobicity and hydrophilicity. The top-ranked pocket, with the highest composite site
score, was selected for docking. Site points were cropped at a 4.0 Å radius from the binding site
centroid.

A receptor grid was generated using the Receptor Grid Generation wizard in Glide (Schrödinger Suite),
centered on the centroid of the selected SiteMap pocket. The grid box was adjusted to enclose the
predicted binding cavity while minimizing excess volume fully. No positional or pharmacophore
constraints were applied during grid preparation.

The selected ligand from virtual screening was prepared using the LigPrep wizard (Schrödinger Maestro
v12.8.117). Protonation states and tautomeric forms were generated using Epik at pH 7.0 ± 2.0, with a
maximum of 32 stereoisomers per compound generated to account for conformational diversity. Ligand
structures were energy-minimized using the OPLS4 force field before docking.

Molecular Docking (MD) and MM-GBSA Binding Free Energy Calculations

Structure-based molecular docking was performed with the Glide module (Schrödinger Suite v12.8.117)
using the receptor grid defined by the top-ranked SiteMap pocket. Ligands were docked in a two-stage
precision protocol: Standard Precision (SP) to identify plausible binding poses, followed by Extra
Precision (XP) for high-resolution scoring and pose refinement. Enhanced sampling was enabled, and a
van der Waals scaling factor of 0.80 was applied to nonpolar atoms to improve discrimination of
sterically unfavorable interactions.
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Docking results were ranked by GlideScore, and key protein–ligand interactions (hydrogen bonds, salt
bridges, π–π stacking) were analyzed using Maestro’s Interaction Diagram. To complement docking,
MM-GBSA binding free energy calculations were performed with the Prime module (v4.8), applying the
VSGB 2.0 solvation model and OPLS4 force field. Snapshots were extracted from the equilibrated portion
of the 100 ns MD trajectories (90–100 ns), ensuring thermodynamic convergence.

RESULTS AND DISCUSSIONS
We identified VCX2 as a novel biomarker in HCC, representing the first report of this cancer/testis
antigen in liver malignancy. scRNA-seq analysis revealed its differential expression between healthy and
diseased liver tissues, supported by pan-cancer validation that confirmed its relative specificity to HCC.
Structural modeling of VCX2 uncovered a druggable binding pocket, which enabled virtual screening of
the PeruNPDB natural products library. From this screen, Luteolin-5-O-glucoside emerged as the top
inhibitor candidate, showing a docking score of –7.42 kcal/mol and favorable MM-GBSA binding free
energy. These findings link the discovery of VCX2 with therapeutic exploration, establishing a framework
that integrates omics-guided biomarker identification and natural product–based inhibitor prediction
(Figures 1 and 5).

Our analysis focused on genes associated with fibrosis, angiogenesis, immune modulation, and
apoptosis regulation—processes central to HCC initiation and progression. The scRNA-seq dataset
enabled high-resolution profiling of hepatic cell populations, including hepatocytes, endothelial cells,
Kupffer cells, and stellate cells, providing a foundation for biomarker prioritization. UMAP projections
(Figure 1A) revealed distinct transcriptional clusters reflecting these cellular identities, while overlay
analysis of healthy (green) and diseased (red) samples (Figure 1B) showed marked compositional shifts.
HCC tissues exhibited enrichment of fibroblasts and immune cell populations, consistent with stromal
activation, immune infiltration, and metabolic reprogramming that drive hepatic tumorigenesis.

HCC progression involves chronic inflammation, immune dysregulation, fibrogenesis, and extracellular
matrix (ECM) remodeling, which together establish a tumor-permissive microenvironment44,45. To
capture these transitions, we compared the cellular and transcriptional architecture of healthy and
diseased liver tissues (Figure 2). 

Figure 1C shows a heatmap summarizing the top three marker genes per cluster. The upper panel
highlights co-expression patterns, revealing a strong correlation between TMBIM4 and RGS5, genes
implicated in apoptosis inhibition and vascular remodeling46. The middle panel reports statistical
significance (adjusted p < 0.05), with markers such as TMBIM4, RGS5, and CEACAM7 displaying robust
shifts. CEACAM7, normally tumor-suppressive, exhibited aberrant expression in HCC47, consistent with

its role in malignant transformation48. The lower panel illustrates log₂ fold-changes, where TMBIM4,
RGS5, and Cytochrome B5 Reductase 3 (CYB5R3) were upregulated, indicating their roles in apoptosis
resistance, oxidative stress adaptation, and metabolic reprogramming49,50. Downregulated hepatocyte-
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specific genes reflected impaired metabolic capacity, while VCX2 showed unexpectedly low expression,
underscoring the need for broader contextual analyses51.

The volcano plot in Figure 1D provides a global overview of differential expression, with TMBIM4 and
RGS5 among the most significantly upregulated markers, supporting their roles in survival, immune
evasion, and vascular remodeling. Conversely, downregulated genes clustered on the left side of the
distribution were enriched in hepatocyte metabolic pathways that are suppressed during tumorigenesis
52.

Finally, Figure 1E illustrates gene expression patterns using a dot plot. Dot size reflects the proportion of
expressing cells, while color intensity indicates mean expression. TMBIM4, RGS5, and VCX2 stood out
for their elevated expression in fibroblasts, macrophages, T cells, and B cells within diseased livers.
Notably, TMBIM4 showed marked enrichment in tumor-associated fibroblasts and immune cells,
suggesting a role in apoptosis resistance within the fibrotic and inflammatory microenvironment
characteristic of HCC53.

In Figure 2A, bar plots show the relative abundance of major hepatic cell types. Healthy livers were
primarily composed of hepatocytes (green), with smaller contributions from macrophages (blue),
endothelial cells (yellow), fibroblasts (brown), T cells (dark pink), and B cells (light pink). Diseased
tissues displayed a sharp decline in hepatocytes alongside expansion of fibroblasts, macrophages, and
immune cells, reflecting fibrotic remodeling and chronic inflammation typical of HCC54,55.

Figure 2B shows signaling pathways enriched in diseased liver tissue. The PI3K–Akt pathway was most
prominent, driving survival, proliferation, and angiogenesis, while cytokine–cytokine receptor interactions
reflected immune activation by macrophages and T cells56–59. ECM–receptor and focal adhesion
pathways indicated fibroblast-driven remodeling that supports invasion, and enrichment of ribosome-
related and immune pathways pointed to increased protein synthesis and systemic immune
dysregulation58,59. Together, these results outline a network of proliferative, fibrotic, inflammatory, and
angiogenic programs in HCC60,61.

Figure 2C highlights increased chemotaxis, consistent with immune recruitment, and enhanced ECM
organization from fibroblast activity, along with altered cell adhesion that facilitates tumor spread62.
Elevated translation and ribosome activity reflected the biosynthetic needs of malignant and stromal
cells63.

Structural changes included collagen-rich ECM remodeling, focal adhesion formation, and basement
membrane alterations that enable angiogenesis and tumor migration (Figure 2D). Increased ribosomes
and endoplasmic reticulum further emphasized the high protein synthesis required for tumor
progression64,65.
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Figure 2E highlights molecular functions enriched in diseased liver tissue, with a strong emphasis on
ECM remodeling. Upregulation of structural components, such as collagen, reflects the activity of
fibroblasts and stellate cells [68]. In contrast, increased integrin binding and adhesion molecule activity
support the greater motility and invasive potential of tumor and stromal cells 66. Enrichment of heparin
and glycosaminoglycan binding indicates modulation of growth factor availability and cytokine signaling,
sustaining angiogenesis and inflammation67. Finally, elevated platelet-derived growth factor (PDGF)
binding underscores persistent fibroblast activation and their central role in ECM production and
remodeling of the tumor microenvironment68.

These findings illustrate the profound cellular and molecular reprogramming that drives HCC
progression. The loss of hepatocytes, alongside the expansion of fibroblasts, macrophages, and immune
cells, reflects both structural disintegration and immune dysregulation in the liver microenvironment.
Enrichment of pathways such as PI3K–Akt, ECM–receptor interactions, and cytokine signaling
underscores the interplay of proliferation, fibrosis, inflammation, and angiogenesis, while processes like
cell adhesion, ECM biosynthesis, and chemotaxis highlight stromal and immune contributions to a pro-
tumorigenic niche. At the molecular level, PDGF signaling, integrin-mediated communication, and matrix
remodeling emerge as key mechanisms of invasion and metastasis, offering translational opportunities
for therapies targeting fibrotic, immune, and angiogenic axes of HCC.

To broaden relevance, a pan-cancer analysis was performed across bladder, breast, colon, lung, ovarian,
pancreatic, and gastric tumors. This comparison distinguished liver-specific from shared oncogenic
biomarkers, providing insight into their potential as diagnostic markers or therapeutic targets beyond
HCC. Through integrated analyses of clustering, differential expression, and cross-tumor validation, the
study builds a functional landscape that situates liver biomarkers within wider oncogenic networks.

Figures 3A and 3B display the clustering and expression profiles of key genes across eight cancer
datasets, highlighting both the distinctiveness of liver cancer and the pathways it shares with other
malignancies. In Figure 3A, HCC forms a separate cluster enriched in genes related to apoptosis
resistance, fibrosis, and vascular remodeling, hallmarks of its progression69. These liver-specific patterns
reflect the impact of chronic injury, metabolic reprogramming, and persistent inflammation,
distinguishing HCC from pancreatic, gastric, and lung cancers. While pathways such as ECM remodeling
and immune modulation appear across multiple tumors, their expression in non-hepatic cancers lacks
the tissue-specific context that characterizes HCC70.

Figure 3B shows that liver-specific clusters exhibit markedly higher expression of genes related to
metabolism and fibrosis in HCC compared to other cancers, where these genes are minimally expressed,
supporting their value as diagnostic biomarkers. In contrast, genes regulating angiogenesis and ECM
degradation were also expressed in gastric and pancreatic cancers, underscoring the shared
tumorigenic pathways 71. This highlights the dual challenge of identifying truly liver-specific markers
while recognizing the convergence of oncogenic mechanisms across malignancies.
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To expand this analysis, Figure 3C presents a heatmap of gene expression across bladder, breast, colon,
lung, ovary, pancreas, and stomach cancers. Several markers, including Metastasis-Associated Lung
Adenocarcinoma Transcript 1 (MALAT1) (a metastasis-promoting lncRNA) and mitochondrial genes
Mitochondrially Encoded NADH Dehydrogenase 3 (MT-ND3) and Mitochondrially Encoded NADH
Dehydrogenase 2 (MT-ND2), were widely expressed, reflecting common tumor strategies such as
angiogenesis, immune modulation72, and metabolic adaptation through oxidative phosphorylation73,74.
Other genes of interest include S100 Calcium-Binding Protein A6 (S100A6) and S100 Calcium-Binding
Protein A11 (S100A11), both linked to stress responses, epithelial-to-mesenchymal transition (EMT), and
increased motility, as well as Mitochondrially Encoded Cytochrome B (MT-CYB), which supports cancer-
related metabolic reprogramming through its role in the electron transport chain75–77. Ribosomal and
metabolic genes such as Glyceraldehyde-3-Phosphate Dehydrogenase (GAPDH), Ribosomal Protein L41
(RPL41), and Ribosomal Protein S29 (RPS29) also showed strong expression, consistent with the
biosynthetic demands of rapidly proliferating tumors78–80.

Notably, while VCX2 was detected in the dataset, its expression was lower compared to dominant
markers such as TMBIM4 and RGS5. Nevertheless, the functional importance of TMBIM4 in apoptosis
inhibition and RGS5 in vascular remodeling reinforces their roles in promoting tumor survival and
establishing permissive microenvironments for metastatic progression81,82.

Figure 3D presents a tree plot summarizing biomarker enrichment across the dataset, emphasizing
pathways and processes linked to tumor growth. Enriched categories included DNA catabolism,
nucleocytoplasmic transport, ncRNA processing, ribosome biogenesis, Ras GTPase signaling, and
immune regulation, representing core mechanisms of tumor proliferation and genomic instability.
Markers such as TMBIM4, RGS5, and MALAT1 were central to processes regulating apoptosis, vascular
remodeling, and immune modulation, while ribosomal genes (RPL41, RPS29) reinforced the increased
protein synthesis required by cancer cells83.

The visualization encodes statistical significance by color intensity and pathway size by dot area,
highlighting the relative weight of each process. Pathways involving DNA catabolism and
nucleocytoplasmic transport involved a large number of genes, underscoring their extensive role in
driving genomic instability and tumor growth84. Immune regulation pathways, influenced by CEACAM7
and MALAT1, reflected the balance between immune activation, evasion, and tumor-promoting
inflammation85. Meanwhile, RGS5-associated Ras GTPase signaling pointed to angiogenesis and
metastasis86.

Overall, the tree plot provides a clear and statistically robust overview of transcriptional reprogramming
across cancers. It highlights both shared mechanisms—such as ribosome biogenesis and immune
modulation—and context-specific pathways, underscoring the complexity of transcriptional networks
that collectively sustain cancer progression87–89.
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Building on this analysis, Figures 4A–4G compare differentially expressed genes (DEGs) in HCC with
those in seven other cancer types, underscoring the molecular distinctiveness of liver cancer. In Figure
4A, Mitochondrial 2-Like 1 (MTRNR2L1) is upregulated in HCC, reflecting mitochondrial stress
responses, while Apolipoprotein A2 (APOA2) highlights liver-specific lipid metabolism
reprogramming90,91. Conversely, the marked downregulation of Albumin (ALB) compared to bladder
cancer indicates impaired synthetic capacity in diseased liver tissue92. An immune-related marker,
Immunoglobulin Heavy Chain Protein (IGHGP), further emphasizes the contribution of immune
responses to HCC pathogenesis93. In Figure 4B, the comparison with breast cancer shows elevated X-
Inactive Specific Transcript (XIST) expression in breast tumors, reflecting epigenetic regulatory
mechanisms, while HCC maintains higher levels of APOA2 and IGHGP, reinforcing its unique reliance on
metabolic reprogramming and immune modulation94.

In Figure 4C, the comparison between liver and colon cancers shows higher expression of Trefoil Factors
(TFF1 and TFF2) in colon cancer, consistent with their roles in epithelial maintenance and mucosal
integrity95. In contrast, liver cancer exhibits elevated ALB, APOA2, and Immunoglobulin Heavy Constant
Gamma 3 (IGHG3), highlighting liver-specific metabolic alterations and B-cell–mediated immune
responses96. Figure 4D contrasts liver and lung cancers. Lung tumors display high levels of Eukaryotic
Translation Initiation Factor 1A, Y-linked (EIF1AY)97, reflecting enhanced protein synthesis, while HCC
shows pronounced expression of fibrinogen components (FGA, FGB, FGG) and Transthyretin (TTR),
pointing to hypercoagulability and disrupted metabolic regulation98.

The role of regulatory genes in HCC progression is reinforced by markers such as RGS5, which is
strongly expressed in endothelial cells and macrophages, where it promotes vascular remodeling and
neovascularisation99. Although VCX2 is less abundant than TMBIM4 or RGS5, its distinct profile in
diseased liver tissue suggests a role in chromosomal stability and tumor proliferation, potentially acting
synergistically with other markers100. Additionally, CEACAM7, expressed in immune cells, contributes to
inflammation and immune evasion, further supporting a pro-tumorigenic environment101.

Figure 4E compares liver and ovarian cancers, highlighting elevated glutathione peroxidase 1 (GPX1) in
HCC102, a regulator of oxidative stress, alongside APOA2 and IGHGP, which reinforce its distinct
metabolic and immunological profiles. In contrast, ovarian cancer shows high expression of XIST,
reflecting differences in epigenetic regulation.

In Figure 4F, liver and pancreatic cancers are contrasted. HCC shows higher expression of ATP Synthase
Subunit E (ATP5E) and Guanine Nucleotide-Binding Protein Subunit Beta-2-Like 1 (GNB2L1), genes tied
to mitochondrial bioenergetics and metabolic reprogramming103, while pancreatic cancer relies more on
Osteopontin (SPP1), associated with ECM remodeling and metastasis, though it is also moderately
elevated in HCC104. Figure 4G shows that stomach cancer is enriched in TFF1 and TFF2, linked to
mucosal defense, whereas HCC exhibits higher ALB, APOA2, IGHG1, and fibrinogen components (FGA,
FGB, FGG), consistent with inflammation and a pro-thrombotic microenvironment.
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Figure 4H examines the biomarker distribution across different cell types. TMBIM4 is broadly expressed,
underscoring its role in apoptosis inhibition and stress resilience81. While VCX2 is confined mainly to
gametocytes and hepatocytes, suggesting a specialized function in chromosomal stability and liver-
specific processes51. RGS5 shows high expression in osteoblasts, smooth muscle, and stem cells,

reflecting its role in vascular remodeling and angiogenesis47.

The restricted expression of VCX2, a CTA, in hepatocytes has significant implications51,105. According to
Zhang et al. (2023) [109], which usually remains silent in somatic tissues due to DNA methylation, VCX2
can be reactivated in cancer through epigenetic dysregulation, thereby supporting immune evasion and
intratumorally heterogeneity. This plasticity suggests potential for VCX2 as both a biomarker and a
therapeutic target for epigenetic and immune-based interventions.

Additional genes of note include Keratin 17 (KRT17), linked to epithelial integrity and invasiveness106;
Keto Reductase Family 1 Member C3 (AKR1C3), associated with steroid metabolism and
differentiation107; and Endothelial cell-specific chemotaxis receptor (ECSCR), reinforcing endothelial
signaling and angiogenesis108. Although overshadowed by dominant markers like TMBIM4 and RGS5,
low-abundance transcripts such as Ataxin 8 Opposite Strand (ATXN8OS)109 and RP11-661A12.4 may
also play roles in transcriptional regulation and warrant further study.

In summary, Figure 4H highlights the distinct expression patterns of key biomarkers across cell types.
TMBIM4 shows broad distribution across nearly all lineages, underscoring its universal role in apoptosis
regulation and stress resilience. In contrast, markers such as VCX2, RGS5, KRT17, AKR1C3, and ECSCR
display restricted, cell-type–specific expression, suggesting specialized functions108. Notably, the
enrichment of VCX2 in hepatocytes reinforces its potential as a liver-specific marker in HCC, linking it to
chromosomal stability and tumor adaptation. The detection of low-abundance transcripts such as
ATXN8OS and RP11-661A12.4 further points to the importance of exploring less prominent markers that
may hold significant regulatory roles.

Figure 4I extends this analysis by evaluating cross-cancer gene expression. Expression is quantified by
average intensity (color gradients) and the percentage of cells expressing each marker (dot size). VCX2
emerges with pronounced, liver-specific expression, particularly in HCC, underscoring its potential in
chromosomal regulation, immune evasion, and tumor progression. As a CTA, its restricted expression
makes it especially promising for immunotherapies, including monoclonal antibodies, peptide-based
vaccines, or chimeric antigen receptor T-cell (CAR-T) cell approaches. In contrast, TMBIM4 maintains
broad expression across organs and cancers, confirming its function as a universal regulator of
apoptosis and stress response110.

Within the liver, VCX2, RGS5, RP11-661A12.4, and ATXN8OS stand out as significant biomarkers. VCX2
shows strong specificity for HCC, while RGS5 contributes to angiogenesis and vascular remodeling111.
The lncRNAs RP11-661A12.4 and ATXN8OS exhibit liver-restricted expression, indicating potential
regulatory roles in metabolic reprogramming and oncogenesis. Together, these markers highlight the
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interplay between metabolic, vascular, and epigenetic mechanisms in shaping liver cancer biology and
reinforce their potential as diagnostic and therapeutic targets112.

Figure 4J examines the combinatorial expression of VCX2, ATXN8OS, and RP11-661A12.4 to identify
synergistic interactions driving HCC progression. The strongest effect was observed for VCX2 +
ATXN8OS, where VCX2’s role in chromosomal stability appears to enhance the oncogenic transcriptional
activity of ATXN8OS113,114. The VCX2 + RP11-661A12.4 pair also showed synergy, likely through
integration of genomic regulation and transcriptional control, whereas the ATXN8OS + RP11-661A12.4
combination was comparatively weaker. Interestingly, while the complete triad remained highly
expressed in pathological tissue, it did not exceed the VCX2 + ATXN8OS pair, underscoring the central
influence of VCX2 in liver tumorigenesis. These results position VCX2 as a potential master regulator
and immunotherapeutic target in HCC.

Building on these findings, subsequent analyses reinforced VCX2’s involvement in chromosomal
regulation, transcriptional networks, and tumor progression, supporting its candidacy for targeted
therapies. The broader synthesis of Figure 4 emphasizes how transcriptional reprogramming and cellular
restructuring—characterized by hepatocyte loss and the expansion of fibroblasts, macrophages, and
immune cells—contribute to the pathological microenvironment of HCC. Within this context, TMBIM4
and RGS5 emerge as complementary regulators, promoting survival, angiogenesis, and immune evasion.
Together, these biomarkers highlight key oncogenic mechanisms and therapeutic vulnerabilities in liver
cancer.

To explore VCX2’s broader functional role, we examined its integration within gene and protein
interaction networks (Figure 5). The upper panel displays three network diagrams, with Figure 5A
illustrating a node-link structure derived from human liver expression data. Here, VCX2 (light pink) is
positioned as a central hub connected to multiple interacting genes and proteins (blue and gray nodes).
These associations indicate links to chromatin organization, immune modulation, and transcriptional
regulation, underscoring VCX2’s potential to coordinate chromosomal stability with liver-specific
oncogenic signaling. The clustering pattern within the network highlights its role as an integrative
regulator in HCC biology. 

Figure 5B further establishes VCX2 as a central hub within the interaction network, represented as a red
node with the highest centrality scores, underscoring its dominant regulatory potential. VCX2 directly
connects to functionally significant genes, including Steroid Sulfatase (STS), Arylsulfatase F (ARSF),
Pseudouridine 5'-Phosphatase (PUDP), and Patatin-Like Phospholipase Domain Containing 4 (PNPLA4)
(orange/yellow nodes). These interactors span key processes relevant to tumor biology: STS in steroid
metabolism and hormone regulation115, ARSF in glycosaminoglycan metabolism and ECM integrity116,
PUDP in RNA modification and stability117, and Patatin-Like Phospholipase Domain Containing 4
(PNPLA4) in lipid metabolism, particularly relevant in liver cancer118. The size and prominence of these
nodes highlight the strength of these associations and reinforce VCX2’s role in integrating diverse
regulatory pathways in HCC.
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The interaction network in Figure 5C highlights the complexity of VCX2’s molecular associations, linking
it to diverse processes including chromosomal regulation, transcriptional control, lipid metabolism, and
tumor progression51. Color gradients and segmented nodes denote overlapping functions across
datasets, while interactions with Heat Shock Transcription Factor Family, X-linked 2 (HSFX2), and
Melanoma-Associated Antigen 10 (MAGEA10) connect VCX2 to other CTAs implicated in immune
evasion and proliferation119. These associations reinforce VCX2’s potential functional relevance but also
raise the need for structural validation to ensure that downstream modeling and screening efforts rely on
a biologically meaningful conformation.

To evaluate the structural fidelity of VCX2, we performed molecular dynamics simulations across three
independently generated models, followed by PCA. The eigenvalue decay curves (Figure S2A, left)
revealed consistent variance profiles across replicates, while the PCA projection of the 1000 ns
trajectory (Figure S2A, right) identified distinct conformational clusters, indicating that metastable states
were sampled during the simulation. Stereochemical validation using Ramachandran plots (Figure S2B)
showed a substantial improvement in model quality: residues in favored regions increased from 54% in
the AlphaFold-predicted model to 89% after refinement, with disallowed conformations eliminated120–

122. Global structural evaluation with ProSA-web further supported this refinement, as the Z-score of the
optimized model fell within the range of experimentally solved X-ray structures, and local energy
distributions were markedly improved (Figure S2C). Finally, structural comparison of the initial and
refined models (Figure S2D) demonstrated increased compactness, improved secondary structure
definition, and reduced conformational disorder, validating the suitability of the refined VCX2 structure
for downstream virtual screening. This refined model served as the foundation for subsequent binding
pocket prediction and docking analyses.

Building on this validated model, the three-dimensional model in Figure 5D further highlights VCX2 as a
druggable target, revealing distinct ligand-binding pockets (blue, orange, pink). The blue pocket, with the
highest site score (1.009, Maestro SiteMap), was prioritized for MD simulations and binding energy
analysis. Structural refinement produced a stable conformation, with RMSD values stabilizing between
0.05–0.31 nm and Ramachandran plot analysis confirming improved geometry (89% residues in favored
regions vs. 54% in the initial AlphaFold model) (Supplementary Information Table S1 and Figure S2).
Together, these results establish a structurally robust and druggable model of VCX2, though high-
resolution data from X-ray crystallography or cryo-EM remain necessary to fully validate binding site
predictions and optimize docking accuracy123.

A structure-based virtual screening was performed using the PeruNPDB database to identify natural
inhibitors of VCX2, focusing on the top-ranked binding pocket identified by site mapping. Interactions
with binding energies weaker than –2 kcal/mol were filtered out. Figure 5E shows the Z-score
distribution of binding affinities, highlighting several compounds with strong predicted interactions.
Among these, Luteolin-5-O-glucoside (PeruNPDB277) emerged as the top candidate, falling within the
high-affinity region. Figure 5F depicts its chemical structure, classifying it as a flavonoid glycoside widely
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present in plants such as Cirsium maackii and Equisetum arvense124,125. Notably, E. arvense is
traditionally used in Peruvian medicine for its diuretic, wound-healing, and anti-inflammatory properties,
consistent with the reported anticancer activities of luteolin derivatives126.

To further characterize its inhibitory potential, we examined the molecular basis of Luteolin-5-O-
glucoside binding to VCX2. The multiple hydroxyl groups of the compound facilitate extensive hydrogen
bonding within the protein pocket, strengthening the stability of the complex. Consistent with this
structural profile, Luteolin-5-O-glucoside achieved a docking score of –7.42 kcal/mol, ranking highest
among screened compounds. To refine these predictions, MM-GBSA calculations were performed,
providing a thermodynamic assessment of binding. The calculated free energy (ΔGbind) was –40.13 ±
1.12 kcal/mol, with a strong Coulombic contribution (–45.97 kcal/mol), indicating spontaneous and
highly stable binding. Energy decomposition revealed electrostatic interactions as the dominant
stabilizing force, supported by van der Waals contacts and favorable solvation contributions. Together,
docking and binding free energy analyses establish Luteolin-5-O-glucoside as a strong inhibitor
candidate.

To characterize the molecular determinants of binding, Figure 6 highlights the residues mediating ligand
interactions. Key hydrogen bonds were formed with PRO91, GLU97, and GLU109 (Figure 6A), anchoring
the compound within the active site. Additional contributions from ARG46, ARG49, ARG50, LYS34,
THR35, VAL38, SER24, PRO26, PRO94, GLU92, and GLU93 created a dense network of polar and
hydrophobic contacts (Figure 6B), further stabilizing the complex.

MD simulations were performed to assess the dynamic stability of Luteolin-5-O-glucoside within the
VCX2 binding pocket. Despite the absence of a crystal structure, the refined homology model provided a
reliable framework for long-timescale simulations. Trajectory analysis revealed that key residues—
GLU109, GLU96, and PRO91—were consistently critical for ligand stabilization, with interaction energies
of –109.46, –105.56, and –79.61 kcal/mol, respectively (Supporting Information Figure S1). These
residues, conserved across the VCX family, likely play essential structural and functional roles in
mediating ligand recognition and may contribute to oncogenic signaling when dysregulated.

Overall, the identification of Luteolin-5-O-glucoside as a high-affinity VCX2 ligand introduces a promising
strategy for therapeutic interference in VCX2-driven pathways. Its strong docking score, favorable
binding free energy, and stable MD profile support its potential as a lead scaffold for small-molecule
inhibition of VCX2-expressing malignancies. Further experimental validation, structure-activity
relationship (SAR) optimization, and preclinical studies will be necessary to advance its candidacy
toward targeted therapeutic development. To enhance efficacy and drug-likeness, ultimately advancing
its candidacy for targeted therapy. 

CONCLUSIONS



Page 15/30

This study was designed to identify a specific biomarker for HCC, leading to the selection of VCX2 as a
promising candidate. Transcriptomic analyses, including scRNA-seq, revealed differential expression of
VCX2 in HCC compared to healthy liver tissue. Pan-cancer comparisons across bladder, breast, colon,
lung, ovarian, pancreatic, and stomach cancers further validated VCX2 as a potentially unique marker for
liver malignancy, linking it to tumor progression, chromosomal regulation, and oncogenic adaptation.

Building on this validation, we conducted advanced in silico studies to assess the druggability of VCX2.
Structural modeling and site-mapping identified multiple binding pockets, with the highest-scoring site
(site score 1.009) prioritized for docking against the PeruNPDB natural product database. Among the
280 screened compounds, Luteolin-5-O-glucoside (PeruNPDB277), derived from Equisetum arvense,
emerged as the top candidate. It achieved a docking score of − 7.42 kcal/mol and a binding free energy
(ΔGbind) of − 40.13 ± 1.12 kcal/mol, with strong Coulombic contributions (–45.97 kcal/mol). Stabilizing
interactions included hydrogen bonds with PRO91, GLU97, and GLU109, supported by electrostatic and
van der Waals forces, underscoring its potential as a VCX2 inhibitor.

Although VCX2 may act as an oncogenic driver, its inhibition via small molecules could provide a
therapeutic strategy to reduce tumor progression or therapy resistance. However, reliance on AlphaFold
and homology-based structural models highlights current limitations, reinforcing the need for
experimental structural characterization (e.g., X-ray crystallography, cryo-EM) and in vitro validation.

In conclusion, this work integrates single-cell transcriptomics, Pan-cancer validation, structural modeling,
and virtual screening to identify VCX2 as a novel HCC biomarker and druggable target. The discovery of
Luteolin-5-O-glucoside as a lead compound provides proof-of-concept for precision medicine
approaches aimed at modulating VCX2-driven oncogenic pathways. Future efforts should focus on
experimental validation, structure-based drug design, and therapeutic development to advance VCX2
inhibitors toward clinical application.
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Figures

Figure 1

Integrated single-cell analysis of liver cell populations and transcriptional changes in health and disease.
(A)UMAP plot of single-cell RNA-seq data showing major liver cell types. Healthy liver is dominated by
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hepatocytes (green), whereas diseased tissue shows expansion of fibroblasts (brown), macrophages
(blue), and immune subsets, including T cells (dark pink) and B cells (light pink). (B) UMAP overlay of
healthy (green) versus diseased (red) samples highlights transcriptional divergence and shifts in cellular
composition. (C) Heatmaps depict gene relationships and cluster-specific markers, with the upper
heatmap showing correlations among the top three genes per cell cluster. (D) Volcano plot of differential
expression between healthy liver and HCC. (E) Dot plot summarizes expression dynamics across liver
cell types, with color intensity representing average expression and dot size reflecting the percentage of
expressing cells.

Figure 2

Comprehensive analysis of molecular, cellular, and functional alterations in healthy and diseased liver
tissues. (A)Proportional representation of cell types in healthy and diseased liver tissues. (B) KEGG
pathway enrichment analysis. (C) Biological process enrichment. (D) Cellular component enrichment.
(E)Molecular function enrichment.
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Figure 3

Comprehensive analysis of cancer biomarker expression and pathway enrichment across multiple
cancer types. (A) and (B) present clustering maps derived from eight cancer datasets, identifying
transcriptional patterns and distinct gene expression clusters associated with specific cancer types. (C)
showcases a heatmap highlighting the top markers per cluster, illustrating their expression levels and
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functional roles across cancer datasets. (D)displays a tree plot of enrichment analysis for all biomarkers
in the dataset, with pathways color-coded to represent their involvement in biological processes.

Figure 4

The volcano plots show differentially expressed genes in liver cancer than (A) bladder, (B) breast, (C)
colon, (D) lung, (E) ovaries, (F) pancreas, and (G) stomach cancers. The dot plots represent the results of
the top 20 genes per comparison. (H) heatmap showing the results for each cluster, cell annotations for
the genes expressed differently in HCC vs healthy liver, and (I) the dot plot of the same genes by cancer
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organ dataset. (J)enrichment heatmap for a combination of markers against healthy and diseased liver
datasets and the eight cancer tissue datasets.

Figure 5

Network analysis and therapeutic exploration of VCX2. (Top) Three network diagrams illustrating VCX2’s
molecular interactions. (A) Node-link diagram depicting VCX2 (pink) and its associated genes. (B)
Centralized network emphasizing key partners. (C)Expanded interaction network, where color gradients
highlight shared genes or proteins. (D) Identification of druggable pockets in VCX2. (E)Molecular docking
results and binding affinity analysis (Z-score) to assess candidate compounds. (F) Structural
representation of PeruNPDB277 (Luteolin-5-O-glucoside).
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Figure 6

Molecular interactions of Luteolin-5-O-glucoside with VCX2. (A) 3D binding conformation of Luteolin-5-O-
glucoside (green) within the VCX2 active site, showing hydrogen bonds (yellow dashed lines) with
PRO91, GLU97, and GLU109. (B) 2D interaction map highlighting key ligand-protein interactions, including
hydrogen bonding, pi-pi stacking, and electrostatic interactions.
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