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Purpose: Atherosclerosis (AS) and calcific aortic valve disease (CAVD) are common in aging populations and share metabolic
dysregulation, chronic inflammation, and cellular aging. Shared immunometabolic biomarkers and therapeutic targets remain insufficiently
defined. This study aimed to identify Cross-disease biomarkers linking AS and CAVD and to explore their translational potential.
Methods: Four Gene Expression Omnibus (GEO) microarray datasets related to AS and CAVD were integrated. Differentially
expressed genes (DEGs) were identified within each disease, and Cross-disease genes (CGs) were obtained by intersecting DEGs
across the two diseases. Functional enrichment and protein—protein interaction analyses were performed. Machine learning (LASSO
and Random Forest) refined candidate biomarkers. Immune infiltration was estimated with CIBERSORT, and a microRNA—transcrip-
tion factor regulatory network was constructed. Molecular docking screened small molecules targeting the hub gene. Diagnostic
performance was evaluated in independent datasets, and expression was validated in human tissues by qPCR and Western blot.
Results: We identified 147 CGs enriched in immune and metabolic pathways. Fructose-1,6-bisphosphatase 1 (FBP1) emerged as a hub
gene with strong diagnostic value across datasets. FBP1 expression correlated with alterations in multiple immune cell populations and was
embedded within a regulatory network of predicted microRNAs and transcription factors. Docking analysis highlighted apigenin and
kaempferol as candidate FBP1-targeting compounds. Experimental validation confirmed FBP1 upregulation in AS and CAVD tissues.
Discussion: FBP1 represents a shared immunometabolic biomarker and potential therapeutic target that links metabolic reprogram-
ming to immune dysregulation in AS and CAVD. These findings provide a rationale for further translational studies evaluating FBP1-
centered interventions.
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Introduction

Degenerative vascular diseases are increasingly prevalent with population aging and lifestyle shifts.'* Atherosclerosis (AS)
and calcific aortic valve disease (CAVD) are major contributors to the cardiovascular burden in older adults.>* In 2019,
cardiovascular diseases, primarily driven by atherosclerosis, affected approximately 523 million individuals worldwide.’
Concurrently, CAVD has emerged as the most common valvular heart disease in older adults, with severe aortic valve stenosis
affecting approximately 12% of individuals aged 75 years or older and resulting in over 100,000 annual deaths globally.” Both
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conditions typically progress silently until advanced stages, eventually causing serious complications such as myocardial
infarction, heart failure, and significantly reduced quality of life.®

Previously considered passive consequences of aging,”® recent studies indicate that both AS and CAVD involve active
cellular processes, sharing critical pathological mechanisms including metabolic dysregulation,”'* immune-mediated

. L 11,12
inflammation,

and extracellular matrix (ECM) remodeling.'>'* Lipid accumulation and oxidation drive oxidative stress,
endothelial injury, and immune-cell recruitment.'>'® Metabolic abnormalities, notably enhanced glycolysis and altered lipid
metabolism, drive plaque formation in AS and promote valve calcification in CAVD.'”'® In arterial lesions, vascular smooth
muscle cells (VSMCs) undergo phenotypic switching from a contractile state to synthetic, macrophage-like, and osteogenic-
like phenotypes, thereby accelerating ECM remodeling, modulating lipid/inflammatory responses, and promoting
microcalcification.'® In valvular tissue, valvular interstitial cells (VICs) acquire myofibroblastic and osteogenic programs
that couple to immunometabolic cues and drive leaflet fibrosis and calcification.!” These common mechanisms suggest
shared molecular targets, presenting opportunities for unified prevention and treatment strategies.?

To address the unmet need for effective diagnostics and therapies, this study systematically identified 147 CGs commonly
dysregulated in both AS and CAVD. Among these, FBP1 was highlighted as a metabolism-related hub gene through machine
learning, exhibiting robust diagnostic performance across multiple independent datasets. Immune infiltration analysis revealed
disease-specific associations between FBP1 expression and immune cell composition. Regulatory analysis suggested
upstream miRNAs and transcription factors potentially regulating FBP1. Molecular docking predicted strong binding
affinities between FBP1 and candidate therapeutic compounds, including apigenin and kaempferol. Experimental validation
further supported FBP1 overexpression in clinical AS and CAVD tissues. Collectively, these findings offer new perspectives
on shared pathogenic mechanisms and highlight FBP1 as a potential biomarker and therapeutic target. A schematic overview
of the integrative analysis is shown in Figure 1.

Materials and Methods

Microarray Data Collection and Processing

Four datasets related to AS and CAVD (GSE100927, GSE43292, GSE12644, and GSE83453) were retrieved from the
GEO database (https://www.ncbi.nlm.nih.gov/geo/).>' Details are provided in Supplementary Table 1. GSE100927 (AS)
and GSE12644 (CAVD) served as discovery datasets, while GSE43292 (AS) and GSE83453 (CAVD) were used for
validation. Expression data were normalized using normalizeBetweenArrays in R. A total of 1468 metabolism-related

genes were obtained from GeneCards (https://www.genecards.org/),?? selecting only protein-coding genes with relevance

scores >2. Batch effects within datasets were corrected using quantile normalization, and PCA was conducted using the
“FactoMineR” and “factoextra” packages.

Analysis of Differentially Expressed Genes (DEGs)

Bioinformatic preprocessing of CAVD and AS datasets consisted of background signal correction, quantile normalization
(performed using the R package “preprocessCore”), and gene symbol standardization. Differentially expressed genes (DEGs)
were identified via the “limma” package,” applying consistent thresholds (Jlog2 fold change (log2FC)| > 0.5, p< 0.05) across
both datasets. Genes were categorized as upregulated (1og2FC > 0.5) or downregulated (log2FC < - 0.5); non-significant genes
were excluded. DEGs were visualized using volcano plots generated with ggplot2, and the final gene lists were archived for
subsequent functional analyses.

|dentification of Cross-Disease Genes(CGs)

The CGs were identified by comparing DEGs between the AS and CAVD datasets. Initially, gene lists for upregulated
and downregulated DEGs were separately extracted from each dataset. Subsequently, overlapping upregulated and
downregulated genes common to both diseases were identified using the intersect function in R.
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Functional Enrichment, Pathway, and Correlation Analyses
Functional enrichment of hub genes was conducted using GO and KEGG analyses.”**> Gene symbols were converted to

Entrez IDs via the bitr function in the “clusterProfiler” package.?® Enrichment was performed with thresholds of p < 0.05

and q < 0.1, and the top 10 terms were visualized using dot, bar, and network plots. FBP1 expression data were extracted

and grouped by upper and lower quartiles. Differential analysis was conducted using “limma”, with p-values adjusted by

the Benjamini-Hochberg method. Gene set enrichment analysis (GSEA) was performed on ranked log fold changes using

KEGG gene sets,”” and significant pathways (adjusted p < 0.05) were visualized with gseaplot2 and patchwork. For

correlation analysis, gene-expression matrices from two independent cohorts were quantile-normalized (preprocessCore)

and duplicate symbols collapsed (limma); Spearman’s rank correlations were then computed between a prespecified

target and phenotype marker panels, with two-sided nominal significance set at P < 0.05.
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Machine Learning-Based Hub Genes Refinement

To identify candidate genes for CGs, two machine learning approaches were applied: LASSO logistic regression using
the “glmnet” package,*® and the random forest algorithm via the “randomForest” package.? For LASSO, predictors were
standardized internally and 10-fold cross-validation was used to select A at lambda.min; genes with non-zero coefficients
at this A were retained. For random forest, models were fit with ntree = 1000, default mtry = L\/pJ for classification,
importance = TRUE, and proximity = TRUE; variables were ranked by MeanDecreaseGini, and the top 7 features were
retained. A fixed seed (set.seed(2024)) ensured reproducibility. The intersection of genes selected by both methods was
used to determine the final set of candidate biomarkers.

Construction of a Diagnostic Model

Four GEO datasets were employed to construct a predictive model based on hub-gene expression. Receiver-operating-
characteristic (ROC) analysis was conducted with the “pROC” package,’” using the area under the curve (AUC) as the
principal measure of discriminative performance. Model calibration was evaluated with bootstrap-derived calibration
curves, and clinical utility was assessed through decision-curve analysis (DCA). Finally, a nomogram that integrates hub-
gene expression with relevant clinical variables was generated using the “rms” package.

Immune Microenvironment Characterization

CIBERSORT was applied to estimate the relative abundance of 22 immune-cell subsets in the AS and CAVD datasets,*®
using the LM22 signature matrix. Cell-type proportions between disease and control groups were compared with the
Wilcoxon rank-sum test, and Spearman rank-correlation analysis was used to examine associations between hub-gene
expression and immune-cell fractions. Immune-infiltration patterns were visualised with the “ggplot2” package, and
statistical significance was set at p < 0.05.

Regulatory Network of Hub Gene

The hub gene was first localised to its chromosomal band, establishing a cytogenetic reference for subsequent analyses.
A protein—protein-interaction network centred on gene was then constructed with STRING.?' Candidate microRNAs
were screened in miRWalk under stringent thermodynamic and conservation criteria (free energy < —20 kcal mol ', AU
content > 0.40, perfect seed match, PhyloP stem and flank scores > 0.50, > 15 matched nucleotides, binding region > 15
nt, and longest consecutive pairing > 10 nt).>* The regulatory effects of these microRNAs on gene expression were
evaluated in downstream analyses. Transcription factors were predicted by integrating results from the ENCODE,
hTFtarget and KnockTF databases,” generating a unified TF-miRNA—gene regulatory network. All interactions were
merged and visualised in Cytoscape to provide an intuitive representation of the multilayer regulatory landscape
surrounding the target gene.

Drug Prediction and Docking

Drug-gene interactions were queried in DSigDB,** and the corresponding small-molecule structures were downloaded
from PubChem. Blind molecular docking was then conducted with CB-Dock2;*> the pose exhibiting the lowest
AutoDock Vina score (kcal/mol) was retained for further evaluation. Two-dimensional interaction maps were generated
in Discovery Studio, and PyMOL was used to render three-dimensional complexes, providing a detailed depiction of
ligand—protein contacts.

Patients and Samples

This study was approved by the Institutional Review Board of The Affiliated Hospital of Qingdao University (QYFY
WZLL 29793) and conducted in accordance with the Declaration of Helsinki. Written informed consent was obtained
from all surgical participants, including five patients with common carotid artery stenosis who each provided paired
carotid specimens (advanced atherosclerotic intima and plaque-adjacent, less-affected intima) during endarterectomy, as
well as patients undergoing lower-extremity amputation or aortic valve replacement. Control vascular and valvular
tissues were obtained post-mortem under institutional authorization from individuals who died suddenly of accidental
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causes; in all such cases, legal next-of-kin provided consent for body donation, and baseline information for deceased
donors was supplied by their relatives. All samples were de-identified at the source, snap-frozen in liquid nitrogen
immediately after excision, and stored at —80 °C until analysis. Specimen arterial type and comorbidities (eg, hyperten-
sion, diabetes, smoking status) for each sample are summarized in Supplementary Excel 1.

HE and Oil Red O Staining

For HE, tissues were fixed in 10% neutral-buffered formalin, paraffin-embedded, and sectioned at 4 pm. Slides were
deparaffinized, rehydrated, stained with hematoxylin and eosin by standard protocols, dehydrated, cleared, and cover-
slipped. For Oil Red O (ORO), adjacent specimens were processed as frozen tissue: embedded in OCT, snap-frozen,
cryosectioned at 8—10 pm, equilibrated to room temperature, briefly fixed, stained with ORO working solution from
isopropanol stock, differentiated in 60% isopropanol, counterstained with hematoxylin, and mounted with aqueous
medium. Images were acquired under identical exposure settings; scale bars: low-magnification 2.5 mm, high-

magnification 250 pm.

Western Blot

Total protein was quantified with a BCA kit (Elabscience, China) after ultrasonic lysis. Equal aliquots were denatured,
resolved by SDS-PAGE, and transferred to PVDF membranes. After blocking, membranes were incubated overnight
(1:2000, Proteintech, cat. 12842-1-AP), washed with TBST, and exposed to HRP-conjugated secondary antibody for
2 h. Signal was developed by enhanced chemiluminescence (Vazyme) and band intensity was quantified with Image J.>®

Quantitative Real-Time PCR

Total RNA was extracted with TRIzol (Thermo Fisher) and quantified by NanoDrop (A260/280 > 1.8). One microgram was
reverse-transcribed using the PrimeScript RT kit (Takara). qPCR was performed on a Bio-Rad CFX Opus with SYBR-Green
premix (TsingKe) under the following programme: 95 °C X 30s, then 40 cycles of 95 °C x 5s and 60 °C x 15s, followed by
a melting-curve step. Primer sequences were: FBP1 gene forward 5-CGCGCACCTCTATGGCATT-3' and reverse
5"-TTCTTCTGACACGAGAACACAC-3'. Relative expression was calculated by the 27" method, and group differences
were assessed with an independent-samples #-test (p < 0.05), Ct values were normalized to GAPDH.

Statistical Analysis and Data Visualization
All analyses were conducted in R 4.3.1. Group differences were assessed with two-sided Wilcoxon tests, and variable

associations with Spearman correlation; p < 0.05 was considered significant.

Results
Identification of Differentially Expressed Genes (DEGs) in AS and CAVD

Initially, we normalized the AS and CAVD gene-expression datasets (Supplementary Figure 1). Differential expression
analysis identified 2290 significant DEGs in the AS dataset (1297 upregulated, 993 downregulated) and 373 in the CAVD
dataset (213 upregulated, 160 downregulated) (Figure 2A and B). Hierarchical clustering of the 50 most variable

transcripts robustly separated disease from control samples in both datasets (Figure 2C and D). Intersection analysis
yielded 147 consensus DEGs shared by AS and CAVD 90 upregulated and 57 downregulated (Figure 2E and F). Detailed
up-down-regulation genes can be found in Supplementary Table 2.

Functional enrichment profiling delineated distinct pathogenic programmes (Supplementary Figure 2). In AS, DEGs

were chiefly associated with cytokine production and leukocyte migration and were over-represented in KEGG pathways
such as rheumatoid arthritis and lysosome. In contrast, CAVD-specific DEGs were largely involved in extracellular-ma-
trix organisation and collagen fibril assembly, enriching principally the ECM-receptor interaction and focal-adhesion
pathways (Supplementary Figure 2A-D).

Journal of Inflammation Research 2025:18 hetps: 16139


https://www.dovepress.com/article/supplementary_file/540540/All%20Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/540540/All%20Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/540540/All%20Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/540540/All%20Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/540540/All%20Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/540540/All%20Supplementary%20materials.docx

Xu et al

A B

i e
1 1
1 1
304 9 : :
1 1
1 1
P . 1 1
g 8 1 1
E = o 1
& 201 Change  Z . | | * Change
%on « Down E‘, . : : LI ©« Down
0 Not T : ' ": . 4 Not
U i ey 1 U
1ol ©bp ; . P °upP
o ': oo N
. e
04 0
1 1
2 [} 3
LogFC
3 Group 3 Group
Control Control
AS CAVD
1 1
0 0
= 4
oy .
3 4

F DOWN-VENN

1207 936

Figure 2 Cross-disease genes expression analysis. (A and B) Volcano plots of DEGs in AS and CAVD. (C and D) Heatmaps illustrate the expression patterns of
corresponding DEGs in AS and CAVD. (E and F) Venn diagram illustrates the intersection analysis of CGs in AS and CAVD.

16140 hepsi/doiorg/102147)IR.S540540 Journal of Inflammation Research 2025:18



Xu et al

Functional Characterization of Overlapping DEGs

Analysis of the 147 consensus DEGs identified in both AS and CAVD revealed pronounced enrichment in immune-r-
egulatory and Metabolic processes. The GO profiling indicated significant over-representation of antigen processing and
presentation via MHC class II, together with pathways linked to ECM organisation (Figure 3A). The KEGG analysis
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further highlighted convergence in lysosomal signalling and ECM-receptor interaction, implying shared metabolism-re-
lated alterations between the two diseases (Figure 3B). Network interrogation pointed to close interplay among immune
mediators and ECM components, suggesting a coordinated relationship among metabolic reprogramming, immune
activation and structural remodelling in vascular pathology.

Intersecting these 147 DEGs with a curated list of 1468 metabolism-related genes yielded ten overlapping candidate
genes: CSFIR, IL1RN, FBP1, KRT18, KRT14, PPP1CB, FGF2, MXI1, WEEI and MYH10 (Figure 3C). Correlation
analysis within the AS dataset demonstrated strong positive associations between FBP1 and KRT14, KRT18, ILIRN and
CSFIR (Figure 3D), whereas these correlations were comparatively weaker in CAVD (Figure 3E). All ten genes
displayed significant differential expression in both AS and CAVD datasets (Figure 3F and G). Collectively, the data
delineate a common regulatory axis that integrates metabolic, immune and ECM-related signals, potentially underlying

the pathogenesis of vascular calcification.

Machine Learning-Based Biomarker Identification

To delineate candidate biomarkers for AS and CAVD, we applied LASSO regression and RF modelling to the respective
transcriptomic datasets. In the AS dataset, LASSO retained eight informative genes-CSFIR, ILIRN, FBP1, KRT14,
KRT18, PPP1CB, FGF2 and MYH10 (Figure 4A and B). RF ranking likewise prioritised PPP1CB, CSF1R, FGF2,
MXI1, FBPI, KRT18 and IL1RN (Figure 4C and D).

In the CAVD dataset, LASSO selected six candidates: FBP1, KRT18, KRT14, FGF2, MXI1 and MYH10 (Figure 4E and F).
RF algorithm, in turn, highlighted MXI1, FBP1, KRT18, WEEI, PPP1CB, KRT14 and MYH10 (Figure 4G and H). Intersection
of the LASSO and RF outputs across both diseases identified FBP1 and KRT18 as CGs (Figure 5A), implicating these genes as
potential common drivers of AS and CAVD.

Developing a Disease Risk Model Using Diagnostic Biomarkers

To verify the expression profiles of the two candidate genes, four independent datasets were interrogated. Only FBP1
displayed uniformly elevated transcript levels across all datasets (Figure SB-E). Receiver-operating-characteristic analysis
confirmed robust discrimination in each dataset, with area-under-the-curve values exceeding 0.70 (Figure 6A-D). Calibration
plots demonstrated close concordance between predicted and observed outcomes, as bias-corrected lines nearly overlapped
the ideal diagonal (Figure 6E-H). Decision-curve analysis indicated a clear net clinical benefit for the FBP1-based model
within the 0.20-0.80 probability range, surpassing both “treat-all” and “treat-none” strategies (Figure 61-L). A nomogram
integrating FBP1 expression with key clinical variables offers a practical tool for individual risk estimation, and schematic
diagrams illustrate the structure of the AS and CAVD prediction models centred on FBP1 (Figure 6M and N). Collectively,
these findings confirm elevated FBP1 expression and substantiate its strong predictive performance in both disorders.

Immune Microenvironment Characterization
Immune-cell infiltration was assessed with CIBERSORT in AS and CAVD tissues and their respective controls. Heat-
maps and box-and-whisker plots summarised the relative abundance of 22 leukocyte subsets (Figure 7A and B).
Compared with controls, AS specimens displayed higher proportions of memory B cells, MO macrophages, v T cells
and activated mast cells, alongside lower proportions of naive B cells, plasma cells, resting CD4-memory T cells,
activated natural-killer cells and monocytes (Figure 7C). CAVD specimens exhibited a parallel increase in MO macro-
phages and y6 T cells and a corresponding decrease in activated natural-killer cells and monocytes (Figure 7D).
Correlation analysis showed that, in AS, FBP1 expression correlated negatively with resting CD4-memory T cells,
M1 macrophages, monocytes and activated natural-killer cells, and positively with MO macrophages, yo T cells and
activated mast cells (Figure 7E). In CAVD, FBP1 was negatively associated with monocytes, activated natural-killer cells
and M2 macrophages, and positively associated with activated mast cells (Figure 7F). These findings indicate that FBP1
is closely linked to the immune microenvironment in both disorders and may participate in a shared immunoregulatory

mechanism underlying atherosclerosis and calcific aortic-valve disease.
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Regulatory Network Exploration of FBPI

To elucidate the contribution of the hub gene to the comorbidity of AS and CAVD, GSEA analysis was performed for FBP1. In
the AS, immune and inflammatory signatures predominated, accompanied by marked activation of lysosomal pathways
(Figure 8A and B). Given that lysosomal cathepsins degrade oxidised LDL and promote foam-cell formation, the data imply
reciprocal reinforcement between disordered lipid metabolism and inflammation during atherogenesis. In the CAVD datasets,
metabolic reprogramming was more prominent, with significant enrichment in ubiquitin-mediated proteolysis and calcium-
signalling cascades, indicating that perturbations in protein homeostasis and calcium handling may accelerate valvular
calcification. Pronounced activation of Toll-like-receptor signalling further suggests tight coupling between metabolic
disturbance and innate immunity in CAVD (Figure 8C and D). Given the central role of VSMCs in atherogenesis, we assessed
FBP1-VSMC phenotype coupling by correlating FBP1 expression with markers of contractility, inflammation, osteogenic
calcification, proliferation, and senescence in two AS cohorts (GSE100927, GSE43292). After quantile normalization,
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Figure 6 Diagnostic performance of the FBPI-based prediction model. (A=D) ROC curves demonstrating the predictive accuracy of FBPI in AS and CAVD datasets. (E-H)
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based model in AS and CAVD. (M=N) Nomogram and schematic representations of AS and CAVD prediction models incorporating FBP| expression.

Spearman correlations showed that FBP1 was negatively associated with contractile markers (TAGLN, MYH11, CNN1) and
positively associated with osteogenic, inflammatory, and proliferative markers (eg, RUNX2, ICAM1, MKI67), as well as

senescence markers (CDKN2A), with multiple associations reaching nominal significance (Figure 8E and F).

Collectively, the results reveal a shared immune—metabolic interface in the two disorders while underscoring disease-
specific pathogenic axes. The regulatory landscape of FBP1 was then delineated. The gene is situated on chromosome 9
(Figure 9A). A protein—protein-interaction network constructed in STRING positioned FBP1 at the core of glycolytic and
broader glucose-metabolic circuitry (Figure 9B). Intersection of transcription-factor predictions from ENCODE,
hTFtarget and KnockTF identified four regulators consistently linked to FBP1 (Figure 9C). The potential microRNAs
of FBP1 were predicted using the mirwalk database (Supplementary Table 3). In addition, we provide a structured,
column-based summary of FBP1-targeting miRNAs, including the miRNA name, database, binding score or AG,
genomic region, and start and end coordinates, in Supplementary Excel 2. Integration of these transcription factors
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with predicted microRNAs yielded a multilayer regulatory network in which FBP1 occupies a central node, illustrating
coordinated transcriptional and post-transcriptional control (Figure 9D).

Therapeutic Targeting Potential of FBPI
Candidate FBP1-targeting compounds were first prioritised in Enrichr, and the four most significantly enriched mole-
cules-chrysin, myricetin, kaempferol and apigenin were advanced to molecular-docking analysis. Ligand structures were
retrieved from PubChem, and the FBP1 crystal structure was obtained from the Protein Data Bank. Docking performed
with AutoDock Vina yielded binding affinities below —8 kcal/mol for all four ligands, indicating strong interaction
potential (Supplementary Table 4). To benchmark docking performance, we additionally included control compounds
docked under identical receptor/grid settings: a positive control (FBPase-IN-1; Vina score —9.0 kcal/mol) and a negative
control (glucose; —5.4 kcal/mol); these results, together with compound source and docking parameters, are reported in
Supplementary Table 4.

The docking results are illustrated in Figure 10, which includes both 3D binding conformations and corresponding 2D
interaction diagrams. Each compound was found to bind within the active site pocket of FBPI, forming multiple
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stabilizing interactions. Chrysin (Figure 10A and B) exhibited hydrogen bonding and hydrophobic contacts with several
key residues. Myricetin (Figure 10C and D) formed a denser hydrogen bond network, suggesting strong binding affinity.
Kaempferol (Figure 10E and F) displayed the most extensive interaction profile, including multiple hydrogen bonds and
n—7 stacking interactions. Similarly, apigenin (Figure 10G and H) demonstrated favorable binding, with a combination of

van der Waals forces, hydrogen bonds, and electrostatic interactions.

Experimental Validation of FBPI

Building on the bioinformatic findings, we examined clinical specimens by histopathology and expression assays.
Representative sections were stained with hematoxylin—eosin (HE) and Oil Red O (ORO). Paired common carotid artery
(CCA) samples from the same individuals demonstrated a clear transition from CCA—Iless-affected intima (CCA-LA) to
CCA—advanced atherosclerotic intima (CCA-Adv), the latter exhibiting pronounced intimal thickening, complex plaque
architecture, and abundant neutral-lipid deposition (Figure 11A). In the lower-extremity cohort, femoral arteries with
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Figure 10 Molecular docking analysis of candidate compounds targeting FBPI. (A-H) Docking results for chrysin, myricetin, kaempferol, and apigenin with FBPI.
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atherosclerosis showed marked ORO-positive lipid accumulation with extensive calcific foci, whereas post-mortem
healthy abdominal aorta displayed only minimal lipid and preserved wall architecture (Figure 11B).

Consistent with the bioinformatics results, Western blot showed higher FBP1 protein in lower-extremity arterio-
sclerosis obliterans (LE-ASO) arteries and in CCA—advanced atherosclerotic intima (CCA-Adv) relative to their
corresponding controls, with densitometric analysis confirming statistical significance (Figure 12A-D). Likewise,
CAVD valves exhibited increased FBP1 protein compared with controls (Figure 12E and F). RT-qPCR further demon-
strated elevated FBP1 mRNA in LE-ASO and CCA-Adv versus controls (Figure 12G and H) and in CAVD versus NC
(Figure 12I). Collectively, these data indicate that FBP1 is upregulated in both atherosclerotic vascular lesions and
calcific aortic valves, supporting its candidacy as a shared immunometabolic biomarker bridging AS and CAVD.

Discussion

In ageing populations, the incidence and mortality of AS and CAVD continue to rise as risk factors accumulate.’’
Despite advances in our understanding, current diagnostic and therapeutic approaches remain inadequate. AS frequently
remains undetected until acute cardiovascular events occur,”® and CAVD diagnosis often relies on echocardiography,
detecting only advanced stenosis.”® Pharmacological interventions capable of halting disease progression are limited.

D,**! are invasive and

Surgical treatments, including vascular reconstruction in AS and valve replacement in CAV
expensive, underscoring the urgent need for effective biomarkers and therapies targeting the common molecular path-
ways of both diseases. Although the two conditions are generally treated as separate clinical entities, mounting evidence
indicates substantial overlap in their pathogenic mechanisms.** Both share major risk factors (hypertension, hypercho-
lesterolaemia, smoking, age) and the hallmarks of chronic inflammation and metabolic dysregulation.'®'® Recent work
highlights a bidirectional crosstalk between metabolic reprogramming and immune-mediated inflammation: metabolic
disturbances impair immune-cell function, accelerating structural injury and remodelling of arterial walls and valvular
leaflets, whereas sustained inflammation not only fosters plaque development in AS but also exacerbates calcification and
stenosis in CAVD.**** Because most cases are diagnosed at advanced stages—when plaque instability or severe
valvular obstruction has occurred—defining shared molecular pathways is essential for earlier detection and more
effective intervention.

We identified 147 CGs common to AS and CAVD. Functional enrichment revealed widespread dysregulation, relative
to normal tissue, in immune-inflammatory and metabolism-related pathways. Prior work suggests that inflammation is
a driver, not merely a downstream consequence, of disease progression. Disordered inflammatory signalling induces
metabolic reprogramming, whereas aberrant metabolites further amplify inflammation, establishing a vicious cycle.*> By
integrating two machine-learning algorithms,”® we ultimately prioritised a single biomarker—FBP1. FBP1 was consis-
tently upregulated in discovery and validation datasets, with ROC AUCs >0.70 across cohorts, indicating good
discrimination. Calibration curves demonstrated close agreement between predicted and observed outcomes, and
decision-curve analysis indicated clear net clinical benefit across a broad risk threshold. A nomogram that integrates
FBP1 transcript level with clinical covariates provides a practical tool for individualised risk stratification.

FBPI is the rate-limiting enzyme of gluconeogenesis and a critical regulator of energy homeostasis.*® In athero-
sclerotic plaques, heavily infiltrated macrophages exhibit a “high-glycolysis/low-oxidative-phosphorylation” phenotype
that corresponds closely to elevated expression of this glycolytic enzyme.*” Early studies have shown that FBP1 can
activate immune-related pathways in AS, including interferon-y and PD-1 signalling cascades, and can influence the
behaviour of MO macrophages, y& T cells, plasma cells, and monocytes.*® Although data for CAVD remain scarce, the
disorder similarly features mutually reinforcing metabolic stress and inflammation. Early-stage CAVD is characterised by
leaflet thickening, fibrosis, and immune-cell infiltration, ultimately progressing to calcium deposition. Hypoxia within
thickened cusps up-regulates HIF-1a and HIF-2a, and hypoxia-induced glycolysis with local lactate accumulation is
likely to ensue.*’ Consistent with these observations, our immune-cell deconvolution showed that high FBP1 expression
is strongly associated with pro-inflammatory subsets—particularly MO macrophages and activated mast cells—indicating
that FBP1 may sustain the inflammation—metabolism feed-forward loop. Endothelial dysfunction is regarded as the
initiating event in degenerative vascular disease,’® and endothelial FBP1 expression has recently attracted interest.
Retinoic acid, for example, can up-regulate FBP1 transcription via the nuclear receptor RAR, redirecting endothelial
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Figure 12 Experimental validation of FBP| expression in AS and CAVD tissues. (A and B) Western blot of FBP| in lower-extremity arteriosclerosis obliterans (LE-ASO) vs
normal controls (NC); densitometry. (C and D) FBPI in common carotid artery—advanced atherosclerotic intima (CCA-Adv) vs less-affected intima (CCA-LA);
densitometry. (E and F) FBPI in CAVD vs NC; densitometry. (G) RT-qPCR of FBPI mRNA in LE-ASO vs NC. (H) RT-qPCR in CCA-Adv vs CCA-LA. (I) RT-qPCR in
CAVD vs NC. Data: mean = SEM (n = 5 per group). Significance: P <0.01 (**¥), P <0.001 (*¥).
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metabolism toward gluconeogenesis and mitochondrial oxidation while suppressing proliferation and migration.”' In
other experimental systems, FBP1 over-expression attenuates NRF2-mediated antioxidant defences and exacerbates
oxidative stress.>* If analogous mechanisms prevail in vascular endothelium, dysregulated FBP1 could weaken antiox-
idant protection and provoke chronic inflammation, thereby aggravating endothelial injury.

GSEA demonstrated that FBP1 is deeply involved in both immune and metabolic pathways. Although the specific
pathways enriched in AS and CAVD differ, the two diseases share overarching immune—metabolic dysregulation, with the
lysosome pathway emerging as particularly prominent across multiple datasets. Lysosomes are crucial for antigen processing
and lipid metabolism: in AS, lysosomal cathepsins facilitate foam-cell formation by degrading oxidised LDL;> in CAVD,
lysosomal dysfunction may amplify innate immune activation and calcification.>* Thus, lysosomes constitute a molecular hub
linking immune and metabolic responses in AS—-CAVD comorbidity.

We next constructed an FBP1-centred gene-regulatory network. Cross-referencing multiple databases identified
several transcription factors and microRNAs that converge on FBPI1, revealing coordinated control at transcriptional
and post-transcriptional levels. These regulators provide multiple leverage points for therapeutic modulation. Using
DSigDB for drug-signature enrichment combined with AutoDock Vina docking, we prioritised four flavonoids—chrysin,
myricetin, kaempferol, and apigenin—with binding energies below —8 kcal mol ', indicative of strong interaction

potential. All four compounds possess established antioxidant and anti-inflammatory properties,”” >°

and their predicted
ability to target FBP1 suggests a dual capacity to correct metabolic imbalance and attenuate inflammation. These
candidates warrant further validation in cellular and animal models.

Several limitations must be acknowledged. First, our experimental validation used small clinical cohorts (n = 5 per
group), which limits statistical power, widens confidence intervals, and increases the risk of type I/II error; thus, the
findings should be considered preliminary. Future work will include larger, prospectively powered, multi-centre cohorts
with predefined endpoints, independent replication, and expanded functional studies to strengthen inference. Second, our
inferences about FBP1 regulation by miRNAs and transcription factors are based on in-silico predictions and currently
lack experimental confirmation. We will pursue targeted validation of miRNA-FBP1 binding and TF occupancy, conduct
functional perturbation studies to test regulatory effects. Finally, functional validation of the candidate flavonoids will

require extensive basic science and preclinical studies.

Conclusion

Despite these constraints, the present work offers new insight into the pathological nexus between immune dysregulation
and metabolic dysfunction in vascular disease. Clinically, FBP1 emerges as a promising dual biomarker and therapeutic
target for AS and CAVD, paving the way for precision strategies that simultaneously address inflammatory and metabolic
drivers of these degenerative disorders.
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