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Abstract

Objective: To investigate the genetic causal association and shared molecular mechanisms between hyperuricemia (HUA) and peripheral ath-
erosclerosis using Mendelian randomization (MR) and bioinformatics approaches, providing a theoretical basis for early disease screening and
intervention.

Methods: An MR strategy was employed. Based on Genome-Wide Association Study (GWAS) datasets, the causal relationship between HUA and
peripheral atherosclerosis was assessed through instrumental variable selection, multi-model MR analysis (including Inverse-Variance Weight-
ed, IVW), and sensitivity analysis validation. Simultaneously, relevant datasets from the GEO database were utilized to identify differentially ex-
pressed genes (DEGs) common to both diseases. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment anal-
yses were performed, and a Protein-Protein Interaction (PPI) network was constructed to identify hub genes. Immune infiltration characteristics
were analyzed using CIBERSORT.

Results: A significant positive causal association was found between hyperuricemia and atherosclerosis (OR=1.296, 95% CI: 1.112-1.512,
P=0.0009). Bioinformatics analysis identified 133 intersecting DEGs, which were enriched in immune-inflammatory-related functions and path-
ways. Hub genes screened from the PPI network included IL1B, CD86, and CSF1R. Immune infiltration analysis revealed characteristic remodel-
ing of the immune microenvironment in both groups.

Conclusion: A significant positive genetic causal association exists between HUA and peripheral atherosclerosis. The shared pathogenic mecha-
nisms may involve the aforementioned hub genes, activation of immune-inflammatory pathways, and abnormal immune infiltration. The findings
provide a theoretical framework and potential experimental targets for early risk prediction and targeted intervention in HUA complicated with
peripheral atherosclerosis.
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cardiovascular diseases, characterized primarily by endothelial

Introduction

Hyperuricemia (HUA) is a metabolic disorder characterized
by excessive uric acid production or impaired excretion, and
its prevalence has been rising globally, making it a significant
public health concern [1]. As the underlying pathological basis
for the onset of gout, HUA not only leads to joint inflammation
and tissue damage but has also been confirmed by numerous
clinical studies to exhibit a significant correlation with the
occurrence and progression of cardiovascular diseases. It is
an independent risk factor for cardiovascular events such as
hypertension and coronary heart disease [2]. Atherosclerosis
(AS) serves as the central pathological mechanism underlying

dysfunction, abnormal lipid deposition, and chronic inflamma-
tory responses. Peripheral atherosclerosis, in particular, can
lead to distal limb ischemia, necrosis, and even amputation,
severely impairing patients' quality of life while imposing a
substantial burden on healthcare systems [3-4].

Currently, the association between HUA and peripheral ath-
erosclerosis has been preliminarily confirmed by several ob-
servational studies. However, such studies are susceptible to
interference from confounding factors such as age, obesity,
and dyslipidemia, and cannot exclude reverse causality bias,
making it difficult to determine whether a direct genetic causal
relationship exists betASen them [5]. At the molecular mech-
anism level, existing research suggests that inflammatory re-
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sponses may be a key mechanism mediating their comorbidity
[6]. Nevertheless, the specific regulatory pathways, core effec-
tor genes, and characteristics of immune microenvironment
remodeling have not been fully elucidated. This lack of clarity
contributes to the absence of specific early screening indica-
tors and targeted intervention strategies for the co-occurrence
of HUA and peripheral atherosclerosis in clinical practice.
Mendelian randomization (MR) leverages the random allo-
cation of genetic variants, effectively minimizing confound-
ing factors and reverse causation bias, thereby providing
high-quality evidence for elucidating genetic causal rela-
tionships between diseases [7]. Bioinformatics technology,
through systematic mining of gene expression data from pub-
lic databases, enables comprehensive analysis of disease-re-
lated differentially expressed genes (DEGs), core regulatory
targets, and key signaling pathways, offering crucial support
for clarifying the molecular mechanisms underlying comorbid-
ities. Building on this, the present study integrates MR anal-
ysis and bioinformatics techniques. On one hand, it aims to
validate the genetic causal association between HUA and pe-
ripheral atherosclerosis. On the other hand, it seeks to identify
shared DEGs, core genes, and critical pathways between the
two conditions, and to decipher immune infiltration character-
istics. This research aims to provide a theoretical foundation
and potential experimental targets for early risk prediction and
targeted intervention of HUA comorbid with peripheral athero-
sclerosis, while also offering new perspectives for mechanistic
research into "inflammatory-metabolic comorbidities."

Materials and Methods

This study comprised two main modules: Mendelian ran-
domization (MR) analysis and bioinformatics analysis. Using
HUA as the exposure and peripheral atherosclerosis as the
outcome, we aimed to validate their causal relationship. Sub-
sequently, we integrated relevant datasets for HUA and periph-
eral atherosclerosis from the Gene Expression Omnibus (GEO)
database. This integration facilitated the identification of co-
morbidity-related differentially expressed genes (DEGs), core
regulatory targets, and key pathways. Furthermore, immune in-
filtration analysis was incorporated to elucidate the underlying
molecular mechanisms.

Mendelian Randomization Analysis

Data Sources

In this study, serum urate levels were defined as the expo-
sure factor, and atherosclerosis as the outcome variable. All
genome-wide association study (GWAS) summary datasets
were retrieved from the IEU OpenGWAS project (https://gwas.
mrcieu.ac.uk). The GWAS dataset for serum urate (ID: ebi-
a-GCST90018977) was derived from an analysis of 343,836
individuals of European ancestry, which included 19,041,286
single nucleotide polymorphisms (SNPs) [8].

The GWAS dataset for peripheral atherosclerosis (ID: finn-b-
DM_PERIPHATHERO) comprised 216,666 European individuals
and 16,380,247 SNPs. The original GWAS studies received
approval from their respective institutional ethics committees,
and all participants provided written informed consent.
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Selection of Instrumental Variables

This study employed single nucleotide polymorphisms (SNPs)
as instrumental variables for the Mendelian randomization
(MR) analysis, adhering to the three core MR assumptions (rel-
evance, independence, and exclusion restriction) [9]. The se-
lection process was conducted as follows: Initially, SNPs sig-
nificantly associated with serum urate levels (a proxy for HUA)
were identified (inclusion threshold: P < 5x10*®). To ensure in-
dependence among the selected instruments, a clumping pro-
cedure was applied using a linkage disequilibrium (LD) thresh-
old of r2 < 0.001 within a 10,000 kb window. The strength of
each instrumental variable was assessed using the F-statistic
(calculated as F = B2 / SE?, where B is the allele effect size and
SE is its standard error) [10]. SNPs with an F-statistic less than
10, indicating potential weak instrument bias, were excluded.
Furthermore, palindromic SNPs were removed to prevent
strand ambiguity and analysis bias. Subsequently, the
MR-PRESSO package was utilized to detect and remove outlier
SNPs, thereby enhancing the robustness and reliability of the
instrumental variable set.

Statistical Analysis for Mendelian Randomization

All MR analyses were performed using R software with the
TwoSampleMR package. The primary analytical method was
the inverse-variance weighted (IVW) approach under a ran-
dom-effects model, which was used to estimate the causal
effect of serum urate levels on peripheral atherosclerosis. The
combined odds ratio (OR) and its 95% confidence interval (Cl)
were derived by integrating the causal estimates from individ-
ual single nucleotide polymorphisms (SNPs), and these results
served as the primary evidence for the causal inference. To
complement the primary analysis and assess the robustness
of the findings, several sensitivity analyses were conduct-
ed, including the weighted median method (which provides
consistent estimates even if a proportion of the instrumental
variables are invalid), the weighted mode method, the simple
mode method, and MR-Egger regression (which can simulta-
neously detect and adjust for potential directional pleiotropy).
A two-sided P-value of less than 0.05 was considered statisti-
cally significant for all analyses.

Sensitivity Analysis

To ensure the robustness of the Mendelian randomization
(MR) results, a comprehensive set of sensitivity analyses was
conducted. Heterogeneity among the instrumental variables
was assessed using Cochran’s Q test; a P-value of less than
0.05 indicated the presence of heterogeneity, in which case
the inverse-variance weighted (IVW) estimates were derived
using a random-effects model. The potential for horizontal
pleiotropy was evaluated via the MR-Egger intercept test, with
a P-value greater than 0.05 suggesting no significant evidence
of pleiotropic bias. Prior to the main analyses, the MR-PRESSO
package was employed to identify and remove outlier SNPs.
The results from the random-effects IVW method were consid-
ered primary. A funnel plot was generated to visually inspect
the symmetry of effect estimates from individual SNPs, provid-
ing an additional check for potential bias. Finally, a leave-one-
out analysis was performed by iteratively removing each SNP
to determine whether the overall causal estimate was unduly
driven by any single influential genetic variant, thereby confirm-
ing the stability and reliability of the conclusion.



Bioinformatics Analysis

Data Acquisition and Preprocessing

The Gene Expression Omnibus (GEO, http://www.ncbi.nlm.
nih.gov/geo ) was systematically queried using the keywords
“hyperuricemia” and “atherosclerosis” to identify relevant
datasets. The inclusion criteria were defined as follows: (1)
availability of both patient and healthy control groups with
maximized sample sizes; (2) utilization of samples derived
from human tissues; and (3) exclusion of samples involved
in drug or therapeutic clinical trials. In accordance with these
criteria, datasets GSE160170 and GSE43292 were selected
as discovery sets, while GSE28829 was designated as the
external independent validation set. Specifically, GSE160170
comprised peripheral blood mononuclear cells (PBMCs) from
patients with HUA alongside age- and gender-matched healthy
controls, capturing the systemic immune and metabolic sta-
tus associated with HUA. Meanwhile, GSE43292 included
atherosclerotic plaque tissues from patients with peripheral
atherosclerosis and paired adjacent normal arterial wall tis-
sues, providing insights into the local pathological microen-
vironment of vascular lesions. The validation set, GSE28829,
consisted of 16 samples of advanced atherosclerotic plaque
and 13 samples of early atherosclerotic plaque. All datasets
underwent uniform preprocessing procedures, including back-
ground correction, quantile normalization, and probe-to-gene
annotation conversion. Differentially expressed genes (DEGs)
were identified independently within the two discovery sets,
while the validation set was exclusively utilized to confirm the
expression trends of key hub genes.

Identification of Differentially Expressed Genes (DEGs)

DEGs corresponding to HUA and peripheral atherosclerosis
were extracted from the GSE160170 and GSE43292 mRNA
datasets, respectively, using the "limma" R package. For both
the HUA and peripheral atherosclerosis datasets, genes with
an adjusted P-value < 0.05 and an absolute log2 fold change
(llogFC|) = 0.6 were considered differentially expressed. The
overlapping genes between the two DEG lists were identified
using a Venn diagram.

Functional Enrichment Analysis of DEGs

To investigate the biological functions and signaling pathways
associated with the common key genes, enrichment analyses
were performed based on the Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) databases. GO
annotation encompasses three domains: Biological Process
(BP), Cellular Component (CC), and Molecular Function (MF).
The GO functional and KEGG pathway enrichment analyses for
this gene set were conducted using the "clusterProfiler" pack-
age in R, with a significance threshold set at P < 0.05.

Protein-Protein Interaction Network and Identification of Hub
Genes

A protein-protein interaction (PPI) network was constructed
based on the overlapping differentially expressed genes (DEGs)
using the STRING database (version 12.0). The resulting net-
work was then imported into Cytoscape software (version
3.9.1) for visualization and further analysis. Hub genes within
the network were identified using the cytoHubba plugin, em-
ploying the Maximal Clique Centrality (MCC) algorithm. The
top 10 genes ranked by the MCC score were selected as candi-
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date hub genes for subsequent analysis.

Validation of Hub Genes in External Dataset

To validate the robustness of hub genes identified from
the discovery sets, the independent external GEO dataset
GSE28829 was selected as the validation cohort. This dataset
comprises peripheral blood gene expression profiles from pe-
ripheral atherosclerosis patients and healthy controls, ensur-
ing tissue-type consistency with the discovery sets for direct
comparability. All samples underwent uniform preprocessing
using the identical pipeline applied to the discovery sets, in-
cluding background correction, normalization, and probe-to-
gene annotation matching. Differential expression of the 10
hub genes between peripheral atherosclerosis patients and
healthy controls was subsequently analyzed using the "limma"
R package. Statistical significance was defined as P < 0.05,
and expression patterns were visualized using box plots.

Analysis of Immune Cell Infiltration and Spearman Correlation
Between Hub Genes and Immune Cells

Immune cell infiltration analysis: The CIBERSORT algorithm
was used to estimate the relative abundance of 22 immune
cell types in each sample from the discovery sets; only sam-
ples with a CIBERSORT output P < 0.05 were retained for
subsequent analysis. Stacked bar charts were used to show
the composition of immune cells, and box plots were used to
compare the abundance differences of immune cells between
the disease group and control group (Wilcoxon rank-sum test,
P < 0.05 was considered significant).

Spearman correlation analysis between hub genes and im-
mune cells: The expression levels of the top 10 hub genes and
the abundance data of 22 immune cell types in the discovery
sets were extracted, and Spearman rank correlation analysis
was used to calculate the correlation coefficient (r) and sig-
nificance (P-value) between them. With P < 0.05 as the signifi-
cance threshold, the "pheatmap" R package was used to draw
the correlation heatmap (Figure F corresponds to the hyper-
uricemia group, Figure H corresponds to the atherosclerosis
group); the color intensity of the heatmap indicates the mag-
nitude of the correlation coefficient, and significance marks
(P<0.05, P<0.01, P<0.001) were labeled.

Results

Mendelian Randomization Analysis Results

Following adherence to standard instrumental variable selec-
tion criteria, 236 independent single nucleotide polymorphisms
(SNPs) were ultimately selected for the two-sample Mendelian
randomization (MR) analysis to investigate the causal relation-
ship between HUA and peripheral atherosclerosis. To validate
compliance with MR assumptions, horizontal pleiotropy was
evaluated using MR Egger regression. The initial analysis
yielded an intercept estimate of 0.00017 (P = 0.95), with no
significant evidence of directional pleiotropy—this was further
confirmed by a consistent MR Egger intercept test result (inter-
cept = 0.0002, P = 0.95), supporting the validity of subsequent
causal estimates.

Causal associations were assessed via five complementary
MR methods: inverse-variance weighted (IVW), MR Egger re-
gression, weighted median estimator (WME), simple mode,
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and weighted mode. Cochran’s Q test revealed substantial het-
erogeneity across SNPs (Q = 311, P < 0.01), prompting the use
of the random-effects IVW model. Results from all five meth-
ods were directionally concordant, with the primary random-ef-
fects IVW analysis demonstrating a significant positive causal
association between HUA and peripheral atherosclerosis (odds
ratio [OR] = 1.296, P < 0.001) (Table 1).

The scatter plot of the genetic associations is presented in Fig-
ure TA. The funnel plot (Figure 1B) demonstrated approximate
symmetry among the included SNPs, suggesting no obvious
directional pleiotropy. A forest plot illustrating the individual
causal estimates for each SNP is shown in Figure 1C. Further-
more, leave one out sensitivity analysis (Figure 1D) revealed
that no single SNP disproportionately drove the overall causal
estimate, supporting the robustness of the observed associa-
tion.

Table 1. Results of the Two Sample Mendelian Randomization Analysis.

method nsnp B pval OR (95%CI)
MR Egger 236 0.265 0.055 1.304 (0.995-1.708)
Weighted 536 5517 0.079 1.242 (0.974-1.583)
median
Inverse
variance 236  0.259 0.0009 1.296 (1.112-1.512)
weighted
Simple mode 236  0.191 0.479 1.210(0.715-2.048)
Weighted 536 5162 0202 1.176(0.917-1.508)
mode

Bioinformatics Analysis Results

Identification of Differentially Expressed Genes (DEGs)
Following data preprocessing and application of the defined
thresholds (adjusted P-value < 0.05 and [log2FC| = 0.6), we
identified 4,156 DEGs associated with HUA and 820 DEGs
associated with peripheral atherosclerosis. A Venn analysis
revealed 133 overlapping genes between the two sets.
Volcano plots visualizing the distribution of DEGs for the HUA
and peripheral atherosclerosis datasets were generated using
the ‘ggplot2’ package in R (Figure 2A and 2B, respectively). The
overlap of DEGs between HUA and peripheral atherosclerosis
was further illustrated using a Venn diagram created with the
“VennDiagram” package (Figure 2C).

Results of GO Enrichment and KEGG Pathway Analyses

Enrichment analysis revealed significant terms across the
three Gene Ontology (GO) domains, and representative results
for each domain are visualized in Figure 3A. In the Biological
Process (BP) category, the most significantly enriched term
was "regulation of leukocyte proliferation”. Other top-ranked
terms included "leukocyte migration’, "leukocyte proliferation”,
and "T cell activation", suggesting that these genes are pre-
dominantly involved in immune-related regulatory processes
such as immune cell proliferation, migration, and T cell acti-
vation. For the Cellular Component (CC) domain, the genes
were primarily enriched in locations such as the "external side
of plasma membrane", "specific granule membrane’, and “cell
leading edge’, indicating their functional roles in plasma mem-
brane structures, granule-related components, and cellular
leading edges. Within the Molecular Function (MF) category,

Figure 1. (A) Scatter plot of the two sample Mendelian randomization analysis; (B) Funnel plot of the two sample Mendelian randomization analy-
sis; (C) Forest plot showing the effect of individual SNPs on peripheral atherosclerosis (SNP: single nucleotide polymorphism); (D) Leave one out

sensitivity analysis of SNPs.

A. C.
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Figure 2. (A) Volcano plot of DEGs from the GSE160170; (B) Volcano
plot of DEGs from the GSE43292; (C) Venn diagram of overlapping
DEGs between GSE160170 and GSE43292.
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Figure 3. (A) Results of Gene Ontology (GO) enrichment analysis; (B)
Results of Kyoto Encyclopedia of Genes and Genomes (KEGG) enrich-
ment analysis.
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the enriched genes were significantly associated with func-
tions like "chemokine receptor binding", "amyloid-beta binding",
and "CCR chemokine receptor binding", highlighting their cru-
cial involvement in signaling processes related to chemokine
receptor interactions and cytokine-associated molecular bind-
ing.

KEGG pathway analysis identified several pathways signifi-
cantly associated with the overlapping target genes. The top
10 enriched pathways were selected for visualization (Figure
3B). The results revealed that these pathways were primarily
involved in immune-inflammatory responses (e.g., Cytokine-cy-
tokine receptor interaction, Chemokine signaling pathway,
Toll-like receptor signaling pathway, Complement and coag-
ulation cascades), infectious diseases (e.g., Chagas disease,
Pertussis, Malaria), as well as pathways related to viral protein
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interactions with cytokines and cytokine receptors, autoim-
mune disorders (e.g., Rheumatoid arthritis), and alcoholic liver
disease.

PPI Network and Identification of Hub Genes

The constructed protein-protein interaction (PPI) network
comprised 133 key target nodes connected by 724 interaction
edges. The top three hub genes, ranked by node degree, were
IL1B (degree = 37), CD86 (degree = 32), and CSF1R (degree =
31). The overall PPI network is visualized in Figure 4. Further-
more, the Maximal Clique Centrality (MCC) algorithm within
the CytoHubba plugin was employed to identify the most inter-
connected core module of the network. This analysis yielded
a densely connected core subnetwork consisting of 10 nodes
and 90 edges, specifically including the genes IL7R, CCL3,
CD80, CXCLS8, CD69, CCR2, IL1B, CD86, FCGR3A, and CSF1R.

Figure 4. Protein-protein interaction (PPI) network of proteins encoded
by differentially expressed genes.
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Validation of Hub Genes in the External Dataset

In the external independent validation set GSE28829, the ex-
pression trends of the 10 hub genes were fully consistent with
those in the discovery set. As shown in Figure 5 (box plots
of the 10 hub genes), each subplot corresponds to one hub
gene (namely IL7R, CCL3, CD80, CXCL8, CD69, CCR2, IL1B,
CD86, FCGR3A, and CSF1R in sequence), with the P value for
differential expression between the peripheral atherosclerosis
group and the control group indicated above each subplot. The
expression patterns of these hub genes in HUA/ peripheral
atherosclerosis patients from the validation set completely
aligned with those observed in the discovery set, confirming
the stability and biological reliability of these hub genes.

Immune Cell Infiltration

The relative abundance of 22 canonical immune cell subsets
across HUA and peripheral atherosclerosis discovery cohorts
was deconvoluted using the CIBERSORT algorithm; samples
with a deconvolution P-value <0.05 were included for sub-
sequent analyses to ensure robustness. In the HUA cohort,
box plot analysis (Figure 6A, Control vs. HUA) demonstrated
significantly altered immune cell proportions, including mark-
edly elevated eosinophil, activated mast cell, and monocyte
compartments alongside diminished resting natural killer (NK)
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cell frequencies (all P<0.05). This heterogeneity was further
illustrated in stacked bar plots (Figure 6B), which displayed
the compositional variability of 22 immune subsets across
individual samples. Hierarchical clustering of immune infil-
tration patterns (Figure 6E) effectively distinguished HUA pa-
tients from healthy controls, corroborating a disease-specific
immune signature. Spearman correlation analysis (Figure 6F)
revealed distinct positive and negative associations between
top hub genes and immune subsets, with multiple hub genes
exhibiting robust positive correlations with pro-inflammatory
cell types, consistent with HUA's inflammatory pathogenesis.
In the peripheral atherosclerosis cohort, box plot comparisons
(Figure 6C, Atherosclerotic vs. Control) identified significantly
increased memory B cell and M0 macrophage abundances,
concomitant with reduced regulatory T (Treg) and activated
NK cell populations (all P<0.05). Stacked bar plots (Figure
6D) depicted cohort-specific distribution heterogeneity, while
hierarchical clustering (Figure 6G) segregated peripheral ath-
erosclerosis patients from controls based on immune cell
composition, reflecting a distinctive peripheral atherosclerosis
-associated microenvironment remodeling pattern. Correlation
heatmaps (Figure 6H) demonstrated AS-specific relationships
between hub genes and immune subsets, notably positive
correlations between key hub genes and pro-atherosclerotic
populations such as MO macrophages, thereby linking core
genetic signatures to immune dysregulation in peripheral ath-
erosclerosis pathogenesis.

Discussion

The integration of Mendelian randomization and bioinformat-
ics analyses in this study provides robust evidence supporting
a genetic causal relationship between HUA and peripheral ath-
erosclerosis, alongside the identification of shared molecular
mechanisms centered on immune-inflammatory activation.

The MR results demonstrate that HUA significantly increases
the risk of peripheral atherosclerosis (OR=1.296, P=0.0009),
while the bioinformatics investigations reveal 133 overlapping
differentially expressed genes enriched in immune-related
pathways, with key hub genes such as IL1B, CD86, and CSF1R
implicated in both conditions. Furthermore, immune infiltration
profiling delineates distinct yet converging microenvironmen-
tal remodeling in HUA and peripheral atherosclerosis. Build-
ing upon these findings, the following sections interpret the
clinical implications of the causal association, elucidate the
potential roles of core genes and pathways, discuss immune
dysregulation features, and outline future research directions.

Causal Relationship Between Hyperuricemia and Atheroscle-
rosis: Clinical Implications of MR Findings

The MR-derived causal association lends strong support to
the pathogenic hypothesis that hyperuricemia promotes ath-
erosclerosis via vascular endothelial injury. This mechanism is
consistent with recent reviews indicating that hyperuricemia
may induce endothelial dysfunction through dual pathways of
oxidative stress and inflammatory activation, thereby serving
as a contributing factor in the initiation of atherosclerotic pro-
gression [11].

The clinical relevance of the Mendelian randomization (MR)
findings substantiates the mechanistic paradigm that HUA
contributes to atherosclerosis through the impairment of vas-
cular endothelial function—a pathway increasingly emphasized
in recent reviews [12-13]. Mechanistically, HUA is posited to
induce endothelial dysfunction via dual interrelated pathways
involving oxidative stress and inflammatory activation, thereby
serving as an initiating factor in atherogenesis.

From a clinical practice perspective, this study provides key
evidence for the prevention and control of cardiovascular
risks in patients with primary HUA. Combined with previous
research indicating the protective effect of urate-lowering ther-
apy against coronary atherosclerosis [14], it is recommended

Figure 5. Box plots of the 10 hub genes’ expression in the external validation set GSE28829 (peripheral atherosclerosis group vs healthy control
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that patients with primary HUA (especially those with ear-
ly-onset or recurrent disease) routinely undergo carotid artery
ultrasound (to assess intima-media thickness, IMT) and lipid
profile testing. Implementation of an "early screening - early
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intervention" strategy may delay the progression of atheroscle-
rosis and reduce the risk of cardiovascular events.

Figure 6. Immune cell infiltration and hub gene-immune cell correlations in HUA and peripheral atherosclerosis. (A) Immune cell abundance box
plot (HUA vs. control; Wilcoxon rank-sum test). (B) Immune cell composition stacked bar plot (HUA cohort). (C) Immune cell abundance box
plot (peripheral atherosclerosis vs. control; Wilcoxon rank-sum test). (D) Immune cell composition stacked bar plot (peripheral atherosclerosis
cohort). (E) Immune infiltration pattern heatmap (HUA vs. control). (F) Hub gene-immune cell Spearman correlation heatmap (HUA cohort). (G)
Immune infiltration pattern heatmap (peripheral atherosclerosis vs. control). (H) Hub gene-immune cell Spearman correlation heatmap (peripheral

atherosclerosis cohort).
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Molecular Mechanisms of Comorbidity: The Role of Core
Genes and Pathways via Integrative Bioinformatic Analysis
Bioinformatic analysis demonstrated that the shared patho-
genesis of hyperuricemia and atherosclerosis centers on
immune-inflammatory pathways. Gene Ontology enrichment
indicated that overlapping differentially expressed genes are
primarily involved in immune cell activation, migration, and
chemokine receptor binding, while Kyoto Encyclopedia of
Genes and Genomes analysis confirmed concurrent activation
of cytokine-cytokine receptor interaction, chemokine signaling,
and complement-coagulation cascades. These findings sug-
gest that immune-inflammatory responses and coagulation
dysfunction synergistically exacerbate disease progression,
forming a core molecular network underlying hyperurice-
mia-atherosclerosis comorbidity and providing a critical theo-
retical basis for targeted interventions.

Notably, the two discovery datasets differ in tissue origin,
which endows the identified mechanisms with dual system-
ic-local attributes. Dataset GSE160170 comprises peripheral
blood mononuclear cells from hyperuricemia patients and
healthy controls, whereas GSE43292 consists of atheroscle-
rotic plaque tissues paired with normal arterial wall tissues
from atherosclerosis patients. Systemically, upregulated
genes in peripheral blood mononuclear cells reflect hyperuri-
cemia-related systemic immune activation, wherein circulat-
ing pro-inflammatory mediators impair vascular endothelial
function and facilitate immune cell infiltration to prime ath-
erosclerosis initiation [15]. Locally, activation of homologous
pathways in plaque tissues drives proliferation, migration, and
pro-inflammatory polarization of resident immune cells, par-
ticularly macrophages, thereby accelerating lipid deposition,
plaque formation, and instability. Collectively, these cross-tis-
sue shared pathways bridge hyperuricemia-induced systemic
immune-metabolic disorders and atherosclerosis-associated
local vascular lesions, establishing a bidirectional regulatory
loop between systemic and pathological processes.

Based on the hub genes identified from the PPI network anal-
ysis, we further clarified direct mechanistic links between
hyperuricemia-associated uric acid signaling and hub gene
upregulation. IL1B, as a classical pro-inflammatory cytokine, is
driven by urate crystal-induced NLRP3 inflammasome activa-
tion in monocytes and macrophages, which cleaves pro-IL1B
into its biologically active form to drive excessive secretion.
Elevated IL1B promotes vascular endothelial expression of
adhesion molecules (e.g., VCAM-1, ICAM-1) to accelerate
monocyte infiltration and induces macrophage polarization
toward the pro-inflammatory M1 phenotype, exacerbating
plaque instability. [16-17]. CD86, a key costimulatory molecule
on antigen-presenting cells, participates in regulating T cell
activation and immune homeostasis. Its dysregulated expres-
sion disrupts this balance, aggravating immune-mediated joint
damage in HUA through M1 macrophage polarization while
concurrently promoting abnormal recruitment of inflammatory
immune cells within atherosclerotic plaques via dysfunctional
checkpoint signaling [18-20]. In addition, CXCLS, serving as a
central hub gene, potently recruits neutrophils to trigger gout
flares and is likely involved in chronic vascular inflammation
during atherosclerosis [21]. CSF1R regulates macrophage
survival and proliferation within atherosclerotic plaques, and
its expression is upregulated by inflammatory mediators gen-
erated in the setting of endothelial dysfunction. In the study
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by Thayaparan et al., endothelial dysfunction establishes a
pro-inflammatory microenvironment that enhances CSF1R sig-
naling, thereby driving macrophage-dependent abdominal aor-
tic aneurysm formation. This CSF1R-mediated expansion and
sustained survival of macrophages promotes plaque progres-
sion, lipid accumulation, and vascular remodeling, collectively
contributing to macrophage-driven plaque pathogenesis. [22].
CCR2 mediates monocyte migration and represents a key step
in the infiltration of inflammatory cells into the arterial wall [23].
Furthermore, bioinformatics analysis of the discovery sets
not only confirmed that the shared pathogenesis of HUA and
peripheral atherosclerosis centers on immune-inflammatory
pathways but also gained robust support from the external
independent validation set GSE28829 (Figure 5), which fur-
ther underscores the biological significance of the aforemen-
tioned hub genes. All 10 hub genes remained significantly
upregulated in this independent cohort, effectively excluding
dataset-specific bias inherent to the discovery sets and vali-
dating these genes as stable core regulatory factors intricately
involved in the pathological progression of HUA- peripheral
atherosclerosis comorbidity. For instance, the sustained high
expression of IL1B (P=0.0007) and CSF1R (P=4.9e-05) aligns
perfectly with their pro-inflammatory functions elaborated
earlier—driving local inflammation in HUA and promoting ath-
erosclerotic plaque progression—and directly reinforces the
mechanistic hypothesis that "immune-inflammatory factors
orchestrate the development of comorbidity".

Mechanistic Implications of Immune Cell Infiltration

Utilizing the CIBERSORT algorithm, our immune infiltration
analysis delineated distinct immune microenvironment char-
acteristics between HUA and peripheral atherosclerosis. HUA
was predominantly marked by an increase in innate immune
and effector cells, including eosinophils, activated mast cells,
and monocytes, coupled with a relative decrease in regulatory
T cells. Conversely, peripheral atherosclerosis was charac-
terized by an enrichment of memory B cells and MO macro-
phages, alongside a decline in immunoregulatory subsets
such as regulatory T cells and activated NK cells. These dis-
parities illuminate the divergent patterns of inflammatory and
immunoregulatory imbalance intrinsic to the two conditions,
suggesting significant insights into their shared pathogenesis
and potential targets for immunomodulatory therapies.

Our analysis of immune cell infiltration demonstrated notable
remodeling characteristics in the immune microenvironments
of HUA and peripheral atherosclerosis. Moreover, the Spear-
man correlation between hub genes and immune cells (Figures
F, H) further elucidated the regulatory influence of core genes
on immune cell behavior. For instance, the positive correlation
of IL1B with monocytes and activated mast cells in the HUA
group aligns with its role as a pro-inflammatory cytokine that
drives local inflammation. Similarly, the correlation of CD86
with memory B cells and MO macrophages in the peripheral
atherosclerosis group is consistent with its known mechanism
of regulating T cell activation and disrupting immune homeo-
stasis.

These correlations not only substantiate the molecular net-
work of “hub genes-immune inflammatory pathways-disease
comorbidity” but also provide a clear direction for targeted
interventions. For example, targeting CSF1R may potentially
mitigate peripheral atherosclerosis plaque progression by



inhibiting the accumulation of MO macrophages, while regulat-
ing IL1B is anticipated to improve joint inflammation in HUA as
well as vascular inflammation in peripheral atherosclerosis.

Innovations and Future Directions

The core innovation of this study lies in the integration of
Mendelian randomization for causal inference and bioinfor-
matic multi-omics analysis, which not only clarifies the causal
relationship between HUA and atherosclerosis but also elu-
cidates the underlying molecular mechanisms and immune
characteristics. This approach effectively addresses the lim-
itations of traditional observational studies, which are prone to
confounding, and of standalone bioinformatic analyses, which
lack causal validation. Future research should focus on four
key directions: (1) conducting targeted interventions on hub
genes such as IL1B and CD86 to evaluate their therapeutic po-
tential in models of comorbidity; (2) performing multi-popula-
tion GWAS analyses to explore race-specific molecular mech-
anisms; (3) integrating clinical cohorts to develop immune
subtype-based risk prediction models, thereby supporting
personalized diagnosis and treatment; and (4) implementing
clinical intervention studies to assess the effects of urate-low-
ering and anti-inflammatory therapies on core pathways and
immune infiltration profiles.

Study Limitations

This study has several limitations. First, the MR analysis was
based on data from European populations; therefore, the find-
ings may exhibit population specificity and require validation in
other ethnic groups. Second, the bioinformatics analysis relied
solely on transcriptomic data from public databases, and the
functional roles of the identified core genes and pathways lack
experimental validation in vitro or in vivo. Third, the immune in-
filtration results were inferred from transcriptomic predictions
and lack direct experimental corroboration (e.g., flow cytome-
try or immunohistochemistry). Fourth, therapeutic intervention
factors were not incorporated, limiting our ability to assess
their potential effects on disease comorbidity, which warrants
investigation in future studies.

Conclusion

By integrating Mendelian randomization with multi-omics
bioinformatics approaches, this study is the first to reveal a
significant positive genetic causal link between hyperuricemia
and atherosclerosis, and to systematically identify shared hub
genes (e.g., IL1B, CD86, CSF1R) and immune-inflammatory
pathways underlying their comorbidity. These findings provide
a theoretical foundation and potential targets for early risk
stratification and immunomodulatory interventions in patients
with HUA complicated by peripheral atherosclerosis.

Abbreviations

Atherosclerosis: AS; Biological Process: BP; Cell type Identi-
fication By Estimating Relative Subsets Of RNA Transcripts:
CIBERSORT; Cellular Component: CC; Confidence Interval: CI;
Differentially Expressed Genes: DEGs; Gene Expression Om-
nibus: GEO; Gene Ontology: GO; Genome-Wide Association

https://doi.org/10.71321/4w6y6229

Study: GWAS; Hyperuricemia: HUA; Intercellular Adhesion Mol-
ecule 1: ICAM-1; Inverse-Variance Weighted: IVW; Kyoto Ency-
clopedia of Genes and Genomes: KEGG; Linkage Disequilibri-
um: LD; Log2 Fold Change: logFC; Maximal Clique Centrality:
MCC; Mendelian Randomization: MR; Mendelian Randomiza-
tion Pleiotropy Residual Sum and Outlier: MR-PRESSO; Molec-
ular Function: MF; Natural Killer: NK; NOD-Like Receptor Family
Pyrin Domain Containing 3: NLRP3; Odds Ratio: OR; Peripheral
Blood Mononuclear Cells: PBMCs; Protein-Protein Interaction:
PPI; Regulatory T Cell: Treg; Single Nucleotide Polymorphism:
SNP; Vascular Cell Adhesion Molecule 1: VCAM-1; Weighted
Median Estimator: WME.

Author Contributions

Mengmeng Sun: Conceptualization, Methodology, Formal
analysis, Writing — original draft. Haoran Wang: Data curation,
Investigation, Validation. Zhigong Zhang: Supervision, Project
administration, Writing — review & editing.
Acknowledgements

Not Applicable.

Funding information

Not Applicable.

Ethics Approval and Consent to Participate

Not Applicable.

Competing Interests

The authors declare that they have no existing or potential
commercial or financial relationships that could create a con-
flict of interest at the time of conducting this study.

Data Availability

All data needed to evaluate the conclusions in the paper are
present in the paper or the Supplementary Materials. Addi-
tional data related to this paper may be requested from the
authors.

References

[1] Ouyang VY, Sun L, Yu D, Li Q, Du S, Wang X, et al. (2025).
Exogenous chemical exposures and metabolic disrup-
tions in hyperuricemia: a multi-omics mediation study.
Environ Int, 204, 109832. https://doi.org/10.1016/j.en-
vint.2025.109832

[2] ChenY, Luo L, HuS, Gan R, & Zeng L. (2023). The chemis-
try, processing, and preclinical anti-hyperuricemia poten-

31


https://doi.org/10.1016/j.envint.2025.109832
https://doi.org/10.1016/j.envint.2025.109832
https://doi.org/10.1016/j.envint.2025.109832
https://doi.org/10.1016/j.envint.2025.109832
https://doi.org/10.1016/j.envint.2025.109832
https://doi.org/10.1080/10408398.2022.2040417
https://doi.org/10.1080/10408398.2022.2040417

Cell Conflux

tial of tea: a comprehensive review. Crit Rev Food Sci Nutr,
63(24), 7065-7090. https://doi.org/10.1080/10408398.20
22.2040417

[38] zhang Y, Li F, Liu L, An Z, Luo H, Zhang H, et al. (2025).
Nanoparticle Drug Delivery Systems for Atherosclerosis:
Precision Targeting, Inflammatory Modulation, and Plaque
Stabilization. Adv Sci (Weinh), 12(36), €04990. https://doi.
org/10.1002/advs.202504990

[4] Criqui MH, & Aboyans V. (2015). Epidemiology of peripher-
al artery disease. Circ Res, 116(9), 1509-1526. https://doi.
org/10.1161/circresaha.116.303849

[5] Shubietah A, Awashra A, Milhem F, Ghannam M, Hattab M,
Rajab |, et al. (2025). Hyperuricemia and Cardiovascular
Risk: Insights and Implications. Crit Pathw Cardiol, 24(3),
€0388. https://doi.org/10.1097/hpc.0000000000000388

[6] He B, Nie Q, Wang F, Wang X, Zhou Y, Wang C, et al. (2023).
Hyperuricemia promotes the progression of atherosclero-
sis by activating endothelial cell pyroptosis via the ROS/
NLRP3 pathway. J Cell Physiol, 238(8), 1808-1822. https://
doi.org/10.1002/jcp.31038

[7]1 Burgess S, & Thompson SG. (2015). Multivariable Mende-
lian randomization: the use of pleiotropic genetic variants
to estimate causal effects. Am J Epidemiol, 181(4), 251-
260. https://doi.org/10.1093/aje/kwu283

[8] Sakaue S, Kanai M, Tanigawa Y, Karjalainen J, Kurki M,
Koshiba S, et al. (2021). A cross-population atlas of ge-
netic associations for 220 human phenotypes. Nat Genet,
53(10), 1415-1424. https://doi.org/10.1038/s41588-021-
00931-x

[9] VanderWeele TJ, Tchetgen Tchetgen EJ, Cornelis M, &
Kraft P. (2014). Methodological challenges in mendelian
randomization. Epidemiology, 25(3), 427-435. https://doi.
org/10.1097/ede.0000000000000081

[10] Palmer TM, Lawlor DA, Harbord RM, Sheehan NA, Tobi-
as JH, Timpson NJ, et al. (2012). Using multiple genetic
variants as instrumental variables for modifiable risk fac-
tors. Stat Methods Med Res, 21(3), 223-242. https://doi.
org/10.1177/0962280210394459

[11] Polito L, Bortolotti M, Battelli MG, & Bolognesi A. (2022).
Chronic kidney disease: Which role for xanthine oxidore-
ductase activity and products? Pharmacol Res, 184,
106407. https://doi.org/10.1016/j.phrs.2022.106407

[12] Burlina S, Dalfra MG, Chilelli NC, & Lapolla A. (2016). Ges-
tational Diabetes Mellitus and Future Cardiovascular Risk:
An Update. Int J Endocrinol, 2016, 2070926. https://doi.
org/10.1155/2016/2070926

[13] Zhou Y, Chen M, Zheng J, Shui X, He Y, Luo H, et al. (2024).
Insights into the relationship between serum uric acid and
pulmonary hypertension (Review). Mol Med Rep, 29(1).
https://doi.org/10.3892/mmr.2023.13133

[14] Chen Q, Wang Z, Zhou J, Chen Z, Li Y, Li S, et al. (2020).
Effect of Urate-Lowering Therapy on Cardiovascular and
Kidney Outcomes: A Systematic Review and Meta-Analy-
sis. Clin J Am Soc Nephrol, 15(11), 1576-1586. https://doi.
org/10.2215/cjn.05190420

[15] Mirbolouk F, Arami S, Gholipour M, Khalili Y, Modallalkar
SS, & Naghshbandi M. (2021). Is there any association be-
tween contrast-induced nephropathy and serum uric acid
levels? J Cardiovasc Thorac Res, 13(1), 61-67. https://doi.
org/10.34172/jcvtr.2021.20

[16] Zheng J, Yi Y, Tian T, Luo S, Liang X, & Bai Y. (2025). ICI-in-

32

duced cardiovascular toxicity: mechanisms and immune
reprogramming therapeutic strategies. Front Immunol, 16,
1550400. https://doi.org/10.3389/fimmu.2025.1550400

[17] Liu S, Zhong Z, & Liu F. (2022). Prognostic value of hyper-
uricemia for patients with sepsis in the intensive care unit.
Sci Rep, 12(1), 1070. https://doi.org/10.1038/s41598-022-
04862-3

[18] Li Y, Arai S, Kato K, Iwabuchi S, Iwabuchi N, Muto N, et al.
(2023). The Potential Immunomodulatory Effect of Bi-
fidobacterium longum subsp. longum BB536 on Healthy
Adults through Plasmacytoid Dendritic Cell Activation
in the Peripheral Blood. Nutrients, 16(1). https://doi.
org/10.3390/nu16010042

[19] Nitz K, Herrmann J, Lerman A, & Lutgens E. (2024). Co-
stimulatory and Coinhibitory Immune Checkpoints in
Atherosclerosis: Therapeutic Targets in Atherosclero-
sis? JACC Basic Transl Sci, 9(6), 827-843. https://doi.
0rg/10.1016/j.jachts.2023.12.007

[20] Tan H, Zhang S, Zhang Z, Zhang J, Wang Z, Liao J, et al.
(2024). Neutrophil extracellular traps promote M1 mac-
rophage polarization in gouty inflammation via targeting
hexokinase-2. Free Radic Biol Med, 224, 540-553. https:/
doi.org/10.1016/j.freeradbiomed.2024.09.009

[21] Kienhorst L, Janssens H, Radstake T, van Riel P, Jacobs J,
van Koolwijk E, et al. (2017). A pilot study of CXCLS8 levels
in crystal proven gout patients during allopurinol treat-
ment and their association with cardiovascular disease.
Joint Bone Spine, 84(6), 709-713. https://doi.org/10.1016/
j.jbspin.2016.10.013

[22] Thayaparan D, Emoto T, Khan AB, Besla R, Hamidzada H,
El-Maklizi M, et al. (2025). Endothelial dysfunction drives
atherosclerotic plaque macrophage-dependent abdominal
aortic aneurysm formation. Nat Immunol, 26(5), 706-721.
https://doi.org/10.1038/s41590-025-02132-8

[23] Charo IF, & Peters W. (2003). Chemokine receptor 2 (CCR2)
in atherosclerosis, infectious diseases, and regulation
of T-cell polarization. Microcirculation, 10(3-4), 259-264.
https://doi.org/10.1038/sj.mn.7800191


https://doi.org/10.1080/10408398.2022.2040417
https://doi.org/10.1080/10408398.2022.2040417
https://doi.org/10.1080/10408398.2022.2040417
https://doi.org/10.1002/advs.202504990
https://doi.org/10.1002/advs.202504990
https://doi.org/10.1002/advs.202504990
https://doi.org/10.1002/advs.202504990
https://doi.org/10.1002/advs.202504990
https://doi.org/10.1161/circresaha.116.303849
https://doi.org/10.1161/circresaha.116.303849
https://doi.org/10.1161/circresaha.116.303849
https://doi.org/10.1097/hpc.0000000000000388
https://doi.org/10.1097/hpc.0000000000000388
https://doi.org/10.1097/hpc.0000000000000388
https://doi.org/10.1097/hpc.0000000000000388
https://doi.org/10.1002/jcp.31038
https://doi.org/10.1002/jcp.31038
https://doi.org/10.1002/jcp.31038
https://doi.org/10.1002/jcp.31038
https://doi.org/10.1002/jcp.31038
https://doi.org/10.1093/aje/kwu283
https://doi.org/10.1093/aje/kwu283
https://doi.org/10.1093/aje/kwu283
https://doi.org/10.1093/aje/kwu283
https://doi.org/10.1038/s41588-021-00931-x
https://doi.org/10.1038/s41588-021-00931-x
https://doi.org/10.1038/s41588-021-00931-x
https://doi.org/10.1038/s41588-021-00931-x
https://doi.org/10.1038/s41588-021-00931-x
https://doi.org/10.1097/ede.0000000000000081
https://doi.org/10.1097/ede.0000000000000081
https://doi.org/10.1097/ede.0000000000000081
https://doi.org/10.1097/ede.0000000000000081
https://doi.org/10.1177/0962280210394459
https://doi.org/10.1177/0962280210394459
https://doi.org/10.1177/0962280210394459
https://doi.org/10.1177/0962280210394459
https://doi.org/10.1177/0962280210394459
https://doi.org/10.1016/j.phrs.2022.106407
https://doi.org/10.1016/j.phrs.2022.106407
https://doi.org/10.1016/j.phrs.2022.106407
https://doi.org/10.1016/j.phrs.2022.106407
https://doi.org/10.1155/2016/2070926
https://doi.org/10.1155/2016/2070926
https://doi.org/10.1155/2016/2070926
https://doi.org/10.1155/2016/2070926
https://doi.org/10.3892/mmr.2023.13133
https://doi.org/10.3892/mmr.2023.13133
https://doi.org/10.3892/mmr.2023.13133
https://doi.org/10.3892/mmr.2023.13133
https://doi.org/10.2215/cjn.05190420
https://doi.org/10.2215/cjn.05190420
https://doi.org/10.2215/cjn.05190420
https://doi.org/10.2215/cjn.05190420
https://doi.org/10.2215/cjn.05190420
https://doi.org/10.34172/jcvtr.2021.20
https://doi.org/10.34172/jcvtr.2021.20
https://doi.org/10.34172/jcvtr.2021.20
https://doi.org/10.34172/jcvtr.2021.20
https://doi.org/10.34172/jcvtr.2021.20
https://doi.org/10.3389/fimmu.2025.1550400
https://doi.org/10.3389/fimmu.2025.1550400
https://doi.org/10.3389/fimmu.2025.1550400
https://doi.org/10.3389/fimmu.2025.1550400
https://doi.org/10.1038/s41598-022-04862-3
https://doi.org/10.1038/s41598-022-04862-3
https://doi.org/10.1038/s41598-022-04862-3
https://doi.org/10.1038/s41598-022-04862-3
https://doi.org/10.3390/nu16010042
https://doi.org/10.3390/nu16010042
https://doi.org/10.3390/nu16010042
https://doi.org/10.3390/nu16010042
https://doi.org/10.3390/nu16010042
https://doi.org/10.3390/nu16010042
https://doi.org/10.1016/j.jacbts.2023.12.007
https://doi.org/10.1016/j.jacbts.2023.12.007
https://doi.org/10.1016/j.jacbts.2023.12.007
https://doi.org/10.1016/j.jacbts.2023.12.007
https://doi.org/10.1016/j.jacbts.2023.12.007
https://doi.org/10.1016/j.freeradbiomed.2024.09.009
https://doi.org/10.1016/j.freeradbiomed.2024.09.009
https://doi.org/10.1016/j.freeradbiomed.2024.09.009
https://doi.org/10.1016/j.freeradbiomed.2024.09.009
https://doi.org/10.1016/j.freeradbiomed.2024.09.009
https://doi.org/10.1016/j.jbspin.2016.10.013
https://doi.org/10.1016/j.jbspin.2016.10.013
https://doi.org/10.1016/j.jbspin.2016.10.013
https://doi.org/10.1016/j.jbspin.2016.10.013
https://doi.org/10.1016/j.jbspin.2016.10.013
https://doi.org/10.1016/j.jbspin.2016.10.013
https://doi.org/10.1038/s41590-025-02132-8
https://doi.org/10.1038/s41590-025-02132-8
https://doi.org/10.1038/s41590-025-02132-8
https://doi.org/10.1038/s41590-025-02132-8
https://doi.org/10.1038/s41590-025-02132-8
https://doi.org/10.1038/sj.mn.7800191
https://doi.org/10.1038/sj.mn.7800191
https://doi.org/10.1038/sj.mn.7800191
https://doi.org/10.1038/sj.mn.7800191

