ACCSCIENCE
PUBLISHING

Eurasian Journal of Medicine
and Oncology

tThese authors contributed equally
to this work.

*Corresponding authors:
Hongli Xian
(649652448@qg.com);

Yan Hu
(Huyan86122319@126.com);
Minghua Zhang
(gzzhangminghua@163.com)

Citation: Song R, Jin W,

Zheng H, et al. Relationship
between ischemic stroke and
calcific aortic valve stenosis
evaluated using Mendelian
randomization and transcriptomic
analysis. Eurasian J Med Oncol.
2026;10(3):025360375.

doi: 10.36922/EJM0O025360375

Received: September 03, 2025
Revised: December 30, 2025
Accepted: January 15, 2026
Published online: May 12, 2026

Copyright: © 2026 Author(s).
This is an Open-Access article
distributed under the terms of the
Creative Commons Attribution
License, permitting distribution,
and reproduction in any medium,
provided the original work is
properly cited.

Publisher’s Note: AccScience

Publishing remains neutral with

regard to jurisdictional claims in
published maps and institutional
affiliations.

ORIGINAL RESEARCH ARTICLE

Relationship between ischemic stroke and calcific
aortic valve stenosis evaluated using Mendelian
randomization and transcriptomic analysis

Rensheng Song't, Weihong Jin'f, Huiling Zheng'f, Sha He?, Haoda Li?,
Junhui Zhong? Hongli Xian'*, Yan Hu**, and Minghua Zhang'*
'Department of Cardiovascular Medicine, Key Laboratory of Biological Targeting Diagnosis,

Therapy and Rehabilitation of Guangdong Higher Education Institutes, The Fifth Affiliated Hospital,
Guangzhou Medical University, Guangzhou, Guangdong, China

2Key Laboratory of Biological Targeting Diagnosis, Therapy and Rehabilitation of Guangdong Higher
Education Institutes, The Fifth Affiliated Hospital, Guangzhou Medical University, Guangzhou,
Guangdong, China

SDepartment of Nursing, Key Laboratory of Biological Targeting Diagnosis, Therapy and
Rehabilitation of Guangdong Higher Education Institutes, The Fifth Affiliated Hospital, Guangzhou
Medical University, Guangzhou, Guangdong, China

Abstract

Introduction: Aortic valve stenosis (AVS) is clinically associated with an increased
risk of stroke and ischemic cerebrovascular events. However, previous studies on the
relationship between aortic valve calcification and stroke have yielded inconsistent
findings, and the causal link between ischemic stroke (IHS) and calcified AVS (CAVS)
remains unclear due to confounding factors.

Objective: This study aimed to investigate the relationship between IHS and CAVS.
Methods: In the first part of the study, we explored the bidirectional causal relationship
between IHS and CAVS using Mendelian randomization (MR). In the second part, we
identified shared diagnostic biomarkers for the two diseases through differential gene
expression analysis, weighted gene co-expression network analysis, and least absolute
shrinkage and selection operator regression. Based on these biomarkers, an artificial neural
network (ANN) diagnostic model was established to aid the diagnosis of both diseases.
Results: MR analysis suggested that genetically predicted IHS was associated with an
increased risk of CAVS (p=0.0003, odds ratio [OR] = 1.2701, 95% confidence interval
[CI]: 1.1153-1.4465), whereas CAVS did not exert a significant causal effect on IHS
(p=0.2254, OR = 0.9751, 95% Cl: 0.9361-1.0158). FCGR2A, RBMS2, MAP1S, RCN3, HCK,
and SLPI were identified as shared diagnostic biomarkers for IHS and CAVS. Based on
these six genes, an ANN diagnostic model was developed and demonstrated reliable
diagnostic performance for both diseases.

Conclusion: Genetically predicted IHS appears to be associated with an increased
risk of CAVS, while CAVS does not demonstrate a significant causal effect on IHS.
FCGR2A, RBMS2, MAP1S, RCN3, HCK, and SLPI serve as shared diagnostic biomarkers
for IHS and CAVS. The ANN-based diagnostic model incorporating these biomarkers
showed strong predictive capability for both diseases.

Keywords: |schemic stroke; Calcific aortic valve stenosis; Mendelian randomization;
Biomarker; Diagnostic model

Volume 10 Issue 3 (2026)

1 doi: 10.36922/EJM0025360375


https://dx.doi.org/10.36922/EJMO025360375
https://orcid.org/0000-0001-9460-3643
https://dx.doi.org/10.36922/EJMO025360375
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Eurasian Journal of
Medicine and Oncology

Relationship between IHS and CAVS

1. Introduction

The etiology of aortic valve stenosis (AVS) can be
congenital, rheumatic, or calcific, with calcification
being the most common cause."” Calcific AVS (CAVS) is
characterized by progressive inflammation and gradual
calcification of the aortic valve leaflets.’ The prevalence
of calcification increases with age, mainly affecting older
adults, and occurs in 2-7% of individuals over 65 years
of age.* Globally, CAVS has emerged as the third most
prevalent cardiovascular disease among older adults,
following coronary heart disease and hypertension.*®
Individuals with severe symptomatic CAVS face a 50%
mortality risk within 2 years.” Despite advances in clinical
knowledge and technology, the only effective treatment for
severe CAVS remains surgery or transcatheter aortic valve
replacement, which is not suitable for all patients.® To date,
pharmacological interventions have not been shown to
alter the course of CAVS. Therefore, there is an urgent need
for studies to identify additional risk factors for CAVS,
elucidate its pathophysiological mechanisms, and explore
potential therapeutic targets to develop new therapeutic
strategies aimed at slowing disease progression.

Cerebrovascular accidents, or strokes, are the second
leading cause of death worldwide, accounting for
approximately 5.5 million deaths annually.*'® Ischemic
stroke (IHS), caused by interruption of cerebral blood flow,
can lead to neurological impairment. IHS accounts for
70% of all stroke cases and is associated with an extremely
high mortality rate." Each year, over 9 million individuals
are affected by IHS worldwide, imposing substantial
burdens on healthcare systems.'? The risk factors for THS
are diverse and include hypertension, diabetes, smoking
habits, alcohol consumption, obesity, and inflammatory
factors.”” Recent studies indicate that early detection of
IHS, followed by prompt intervention and specialized care
at a dedicated stroke facility, can substantially lower the
incidence of stroke-related complications and mortality."

Stroke can occur in individuals with AVS. Reported
stroke risk may increase after surgical treatment in
patients with AVS.!*'® A Danish retrospective cohort
study found a significantly higher risk of IHS in patients
with AVS compared with age- and sex-matched controls.”
Autopsy studies have revealed that patients with aortic
valve calcification (AVC) exhibit systemic embolization
of calcium deposits in various arteries, including the
brain, heart, kidneys, eyes, and peripheral circulation.'®
AVS is also associated with a high incidence of silent
brain infarction," which is linked to a two- to four-fold
increased risk of future symptomatic stroke.”” However,
findings regarding the association between AVC and
stroke have been inconsistent. Boon et al.?' observed no

significant increase in stroke incidence among patients
with calcified aortic valves relative to those without
calcification, while the Rotterdam Study** suggested that
AVC is not correlated with a heightened risk of stroke.
Observational and prospective clinical studies are often
affected by various confounding factors or covariates, and
the causal relationship between IHS and CAVS remains
insufficiently investigated. Further research is therefore
required to clarify the causal links between IHS and CAVS,
as well as shared gene regulatory mechanisms, to inform
the prevention and diagnosis of both conditions.

Bioinformatics offers an efficient and intuitive means
for elucidating multifaceted molecular mechanisms
underlying diseases and provides valuable information for
fundamental medical research. Mendelian randomization
(MR) is an innovative method increasingly used to
investigate the causal relationships between modifiable
factors and various diseases or traits.”*** This method
overcomes key limitations of observational studies,
particularly in establishing causality when randomized
controlled trials are impractical, and helps mitigate
confounding biases and the potential for reverse causation
inherent in observational research.”? As a component of
artificial intelligence, machine learning has significantly
expanded its applications in healthcare systems.” The
integration of bioinformatics, MR analysis, and machine
learning enhances the efficiency of various healthcare
processes and provides a more sophisticated and reliable
method for identifying potential biomarkers.?® In this
study, we first explored the bidirectional causal relationship
between IHS and CAVS using MR. Next, we examined
the possible connection between these two diseases at the
transcriptomic level and assessed their interactions with
immune cells through bioinformatics analysis.

2. Methods
2.1. Study design and ethical approval

Figure 1 illustrates the overall study design, including
detailed procedures for selecting genetic variants and
analytical methods.

This study used data from existing publicly available
databases and did not involve any patient intervention or
collection of new personal information; therefore, ethics
committee approval was not required.

2.2. Data source

Summary statistics for IHS used in the MR analysis
were obtained from the Integrative Epidemiology
Unit Open Genome-Wide Association Study (GWAS)
database (https://gwas.mrcieu.ac.uk/), which included
22,664 patients with IHS and 152,022 controls. GWAS
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Figure 1. Study design and workflow. (A) MR analysis flowchart. (B) Transcriptome analysis flowchart.

Abbreviations: ANN: Artificial neural network; CAVS: Calcific aortic valve stenosis; DEG: Differentially expressed genes; GO: Gene Ontology;
THS: Ischemic stroke; KEGG: Kyoto Encyclopedia of Genes and Genomes; LASSO: Least absolute shrinkage and selection operator; LD: Linkage
disequilibrium; MR: Mendelian randomization; PPI: Protein-protein interaction; ROC: Receiver operating characteristic; SNPs: Single-nucleotide

polymorphisms; WGCNA: Weighted gene co-expression network analysis

summary statistics for CAVS used in the MR analysis were
obtained from the FinnGen database,” which integrates
genetic data on disease endpoints from the Finnish
biobank and Finnish Health Registry (https://r10.finngen.
fi/), comprising 9,870 patients with CAVS and 402,311
controls. All individuals in the original GWAS were of
European ancestry.

Publicly available datasets for IHS and CAVS were
retrieved from the Gene Expression Omnibus database.
For THS, GSE16561 (GPL6883) and GSE58294 (GPL570)
were selected. GSE16561, used as the training set, included
39 patient blood samples with [HS and 24 healthy controls,
while GSE58294, used as the validation set, comprised 23
controls and 69 cases. GSE83453 (GPL10558) and GSE12644
(GPL570) were selected for CAVS. GSE83453 served as the
training set with 19 cases and eight controls, and GSE12644
as the validation set with 10 cases and 10 controls.

Detailed dataset information, including the number
of patients and controls for both IHS and CAVS, is
summarized in Table A1.

2.3. Selection of instrumental variables (IVs)

The wvalidity of MR analysis hinges on three crucial
prerequisites: first, the IVs must demonstrate a robust
and significant correlation with the exposure variable;
second, the IVs must be independent of any confounders
of the relationship between the exposure and the observed
outcome; and third, the association of IVs with outcomes

should solely be mediated through the specific exposure
being investigated.® For each exposure factor, IVs were
selected according to the following steps:® (i) IVs were
filtered using a significance threshold of p<5x1075
(ii) linkage disequilibrium pruning was performed using
the ieugwasr package’s clump_data function (R* < 0.001
within a 5,000-kb window);® (iii) the exposure and outcome
summary statistics were harmonized through the Harmonize
function; (iv) IVs with F-statistics >10 were calculated and
retained;* (v) single-nucleotide polymorphisms (SNPs)
showing evidence of reverse causation or lacking statistical
significance were excluded using Steiger filtering.’>*

2.4. MR analysis

Bidirectional two-sample MR analyses were performed
using the TwoSampleMR (version 0.6.6)** and MR-PRESSO
to assess the causal relationships between IHS and CAVS.
Specifically, we performed forward MR analysis, treating
IHS as the exposure and CAVS as the outcome, while
reverse MR analysis considered CAVS as the exposure and
IHS as the outcome. We used five evaluation methods for
MR analysis: inverse variance weighted (IVW), MR-Egger,
weighted median, simple mode, and weighted mode. Our
MR findings relied primarily on the IVW algorithm, with
other methods providing complementary validation.*

2.5. Sensitivity analysis

To evaluate the robustness of the MR results, a series of
sensitivity analyses was performed, including assessments
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of heterogeneity, horizontal pleiotropy, and leave-one-
out analysis. Cochran Q test* was applied to assess
heterogeneity, while horizontal pleiotropy was evaluated
based on the intercept term of the MR-Egger regression
model.”” In addition, the MR-PRESSO* method was
employed to identify and correct for outlier SNPs, which
may indicate possible horizontal pleiotropic bias. Leave-
one-out analysis was performed to assess whether any
individual SNP disproportionately influenced the results.

2.6. Identification of differentially expressed genes
(DEGS)

DEGs between the disease and control groups were
identified using the Linear Models for Microarray Data
(limma) package (version 3.50.1).* Differential expression
analysis was conducted on the training datasets, and DEGs
were identified in both the IHS and CAVS datasets using a
significance threshold of p<0.05. To illustrate the expression
levels of these DEGs, volcano plots and heatmaps were
generated utilizing the ggplot2 package (version 3.3.2) and
the heatmaps package (version 1.0.12).

2.7.Screening module genes using weighted gene
co-expression network analysis (WGCNA)

To identify the genetic factors associated with both IHS
and CAVS, disease grouping was used as a clinical trait
in WGCNA to obtain a disease-related gene set. The R
package WGCNA (version 1.70.3)* was used to perform
WGCNA on all genes in the training datasets of both
diseases to identify the key modules. Modules significantly
correlated with disease traits were identified by evaluating
module-trait and inter-module correlations. Key genes
within these disease-associated modules were selected for
further analysis.

2.8. Acquisition of key genes

Genes that were differentially expressed in both IHS and
CAVS were recognized as potential crosstalk genes. Key
genes were identified by intersecting these crosstalk genes
with genes from the disease-associated modules obtained
through WGCNA. These key genes may play critical roles
in the shared pathogenic mechanisms linking IHS and
CAVS.

2.9. Functional enrichment analysis of key genes

Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analyses were
performed on key genes using the R language package
clusterProfiler (version 4.2.2),* with a significance
threshold of p<0.05. The findings were visualized using

ggplot2.

2.10. Protein-protein interaction (PPI) networks of
key genes

PPI analysis of key genes was performed using the
STRING database (version 12.0).*? Cytoscape software
(version3.9.1)** was used to visualize the interaction
network, with the confidence score set at 0.15.

2.11. Screening and identification of biomarkers

Based on the expression levels of key genes in THS and
CAVS, a machine learning algorithm, least absolute
shrinkage and selection operator (LASSO) regression,
was used to identify the candidate biomarkers. LASSO
regression is a widely used data mining method for feature
selection.* Using the glmnet R package (version 4.1.8),"
LASSO regression was performed to select the first part
of feature genes with the optimal tuning parameter
determined through a 10-fold cross-validation based
on the minimum criteria. Candidate biomarkers were
identified by intersecting the LASSO-selected genes from
the IHS and CAVS analyses.

The diagnostic performance of candidate biomarkers
for each disease was assessed by receiver operating
characteristic (ROC) curve analysis using the pROC R
package. Genes with an area under the curve (AUC) >0.7
were considered potential biomarkers.

2.12. Expression of biomarkers

The expression patterns of the identified biomarkers were
evaluated across IHS and CAVS datasets. The differences in
biomarker expression between disease and control groups
were assessed using the Wilcoxon rank-sum test. The results
were visualized using violin plots generated with ggplot2.

2.13. Construction of artificial neural network (ANN)
models

ANN models were constructed for both IHS and CAVS
using the neuralnet R package (version 1.44.2). Biomarkers
identified through the preceding analyses were used as
model inputs. ANNs can derive classification rules from
intricate data, enabling accurate categorization and the
development of efficient and reliable diagnostic models.* In
this study, the ANN architecture consisted of a single hidden
layer containing three neurons. The number of neurons in
the hidden layer was determined through a trial-and-error
approach to balance the model complexity and predictive
performance. Model accuracy was evaluated using ROC
curve analysis for both training and validation datasets.

2.14. Construction of a co-expression network

A comprehensive co-expression network of the identified
biomarkers was constructed using GeneMANIAY
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(http://www.genemania.org/). This analysis aimed to
elucidate the intricate interactions and shared biological
pathways linking the biomarkers with other genes.

2.15. Immune infiltration analysis

Based on the gene signatures representing 28 immune
cell types, single-sample gene set enrichment analysis
(ssGSEA) was performed using the gene set variation
analysis package® to estimate the abundance of immune
cells in THS and CAVS. Spearman’s correlation analysis
was used to investigate the intricate relationships
between biomarker expression and immune cells, using
a comprehensive gene expression matrix and detailed
immune cell abundance data. The results were visualized
using heatmaps. Additionally, the Wilcoxon rank-sum
test was used to examine the disparities in immune cell
infiltration levels across disease groups in the training
datasets, with results displayed as box plots. These analyses
may provide insights into the relationships among immune
cells, biomarker genes, and diseases under investigation.
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2.16. Screening of small-molecule drug candidates

Potential small-molecule drug candidates targeting
the identified six biomarkers were screened using the

DrugBank database (version 6.0).*

3. Results
3.1. Results of MR analysis and sensitivity analysis

IV screening identified 22 significant SNPs for forward
MR analysis. Forward MR results indicated that genetically
predicted THS was associated with an increased risk of
CAVS (IVW: p=0.0003, odds ratio [OR] = 1.2701, 95%
confidence interval [CI]: 1.1153-1.4465) (Figure 2A-D).
Sensitivity analyses revealed no evidence of heterogeneity
or horizontal pleiotropy (p>0.05; Table 1). Leave-one-out
sensitivity analysis demonstrated that exclusion of any
individual SNP did not significantly affect the results,
confirming the robustness and reliability of the findings
(Figure 2E).
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Figure 2. Results of Mendelian randomization (MR) analysis and sensitivity analyses. (A) Forest plot of odds ratio (OR) of forward MR results. (B) Scatter
plot of forward MR analysis results. (C) Funnel plot of forward MR analysis results. (D) Forest plot of forward MR analysis results. (E) Forest plot of leave-
one-out sensitivity analyses for forward MR results. (F) Forest plot of OR for reverse MR results. (G) Scatter plot of reverse MR analysis results. (H) Funnel
plot of reverse MR analysis results. (I) Forest plot of reverse MR analysis results. (J) Forest plot of leave-one-out sensitivity analyses for reverse MR results.
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Table 1. Sensitivity analysis of the association between IHS and CAVS

Exposure  Outcome Method  Heterogeneity Q Q_df Q_p-value Egger_intercept SE p-value MRPRESSO_p-value
IHS CAVS vw 29.729 21 0.0975 0.0249 0.0155 0.1225 0.15
CAVS IHS vw 15.1615 27 0.9671 0.0034 0.0058  0.5605 0.961

Abbreviations: CAVS: Calcific aortic valve stenosis; IHS: Ischemic stroke; IVW: Inverse variance weighted; SE: Standard error.

Additionally, IV screening identified 28 significant
SNPs for reverse MR analysis. The results showed no
significant causal effect of CAVS on IHS (IVW: p=0.2254,
OR = 0.9751, 95% CI: 0.9361-1.0158) (Figure 2F-I).
Consistent with these findings, sensitivity analyses
indicated no heterogeneity or horizontal pleiotropy
(p>0.05; Table 1). Leave-one-out sensitivity analysis
further confirmed the robustness and reliability of the
results, as exclusion of any single SNP did not significantly
alter the estimates (Figure 2J).

3.2. Identification of DEGs

Comprehensive differential expression analysis identified
4,613 DEGs associated with IHS, including 2,322
upregulated and 2,291 downregulated genes, and 3,416
DEGs associated with CAVS, including 410 upregulated and
3,006 downregulated genes (Figure 3A and B). Volcano plots
and heatmaps were generated to visualize the expression
patterns of DEGs in both diseases. The top 10 upregulated
and top 10 downregulated genes with the largest log, fold-
change were selected for further analysis (Figure 3C and D).

3.3. Screening of hub genes using WGCNA

To identify key genes for further analysis, we constructed
a WGCNA network. For the THS dataset, when the power
parameter was setto 5, the resulting network structure closely
mirrored a scale-free network distribution (Figure 3E).
For the CAVS dataset, a scale-free network structure was
achieved when the power parameter was adjusted to 8
(Figure 3F). Using the dynamic tree-cutting algorithm as
the foundation, 10 gene modules were identified in IHS and
seven gene modules in CAVS (Figure 3G and H). Module-
trait correlation analysis revealed that the magenta and
brown modules were most strongly associated with THS
grouping, whereas the blue and red modules showed the
strongest correlations with CAVS grouping (Figure 31 and J).
Accordingly, 2,312 THS-related genes (WGCNALI) from the
magenta and brown modules and 2,296 CAVS-related genes
(WGCNA?2) from the blue and red modules were selected
for subsequent analyses.

3.4. Results of acquisition, functional enrichment
analyses, and PPI network for key genes

Based on consistent expression trends across datasets,
893 DEGs were identified, including 424 upregulated

and 469 downregulated genes (Figure 4A and B). Forty-
one key genes were identified by intersecting common
DEGs with genes derived from the WGCNA module
(Figure 4C). Using these 41 key genes, a PPI network
comprising 35 nodes and 40 edges was constructed using
Cytoscape. Within the PPI network, the top five genes
with the highest connectivity were hemopoietic cell kinase
(HCK), chondroitin sulfate synthase 1, caspase 4, IQ motif
containing GTPase activating protein 1, and recombinant
forkhead box P1 (Figure 4D).

GO functional enrichment analysis of the 41 key
genes identified 213 biological process terms, 22 cellular
component terms, and 43 molecular function terms.
The top five significantly enriched GO terms (p<0.05)
are shown in Figure 4E. GO analysis indicated that these
key genes were primarily localized to the membrane raft,
membrane microdomain, the cell cortex, the lateral plasma
membrane, and caveolae. They were mainly involved in
biological processes such as ameboidal-type cell migration,
regulation of epithelial cell migration, regulation of
cellular component size, epithelial cell migration, and
epithelial migration. Molecular function analysis revealed
enrichment in small GTPase binding, GTPase binding,
actin filament binding, DNA-binding transcriptional
repressor activity, and RNA polymerase II-specific activity.

The KEGG pathway enrichment analysis showed that
the 41 key genes were mainly enriched in the chemokine
signaling pathway, Kaposi sarcoma-associated herpes virus
infection, Fc gamma receptor-mediated phagocytosis,
breast cancer, and glycosaminoglycan biosynthesis-
chondroitin sulfate/dermatan sulfate (Figure 4F).

3.5. Screening and identification of biomarkers

LASSO regression analysis was performed on the 41 key
genes. A total of 22 and eight representative diagnostic
genes were identified for IHS and CAVS, respectively
(Figure 5A-D). Intersection of LASSO-selected genes from
both diseases yielded six candidate biomarkers: Fc gamma
receptor ITa (FCGR2A), RNA-binding motif single-stranded-
interacting protein 2 (RBMS2), microtubule-associated
protein 1S (MAPIS), reticulocalbin 3 (RCN3), HCK, and
secretory leukocyte peptidase inhibitor (SLPI) (Figure 5E).

The diagnostic performance of these six candidate
biomarkers was validated using ROC curve analysis. In the
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Figure 3. Characterization of differentially expressed genes (DEGs) and weighted gene co-expression network analysis (WGCNA) in ischemic stroke (IHS)
and calcific aortic valve stenosis (CAVS). (A) Volcano plot of DEGs in THS. Upregulated and downregulated genes are presented as red and blue dots,
respectively. (B) Volcano plot of DEGs in CAVS. Upregulated and downregulated genes are presented as red and blue dots, respectively. (C) Heatmap of
DEGs in IHS. Red and blue represent high and low relative gene expression levels, respectively. (D) Heatmap of DEGs in CAVS. Red and blue represent
high and low relative gene expression levels, respectively. (E) Scale-free topology analysis for IHS to determine the optimal soft-thresholding power ( = 5)
based on the average connectivity and scale independence. (F) Scale-free topology analysis for CAVS to determine the optimal soft-thresholding power
(B = 8) based on the average connectivity and scale independence. (G) Network heatmap showing the gene dendrogram and module eigengenes in IHS.
(H) Network heatmap showing the gene dendrogram and module eigengenes in CAVS. (I) Heatmap revealing the correlation (top) and p-value (bottom)
between module eigengenes and IHS status. (J) Heatmap revealing the correlation (top) and p-value (bottom) between module eigengenes and CAVS status.
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Figure 4. Acquisition, functional enrichment, and protein—protein interaction (PPI) network analysis of key genes. (A) Venn diagram showing the overlap
between upregulated differentially expressed genes (DEGs) in ischemic stroke (IHS) and upregulated DEGs in calcific aortic valve stenosis (CAVS), and
the number of co-expressed genes. (B) Venn diagram showing the overlap between downregulated DEGs in THS and downregulated DEGs in CAVS, and
the number of co-expressed genes. (C) Venn diagram showing the overlap between key module genes and common DEGs, and the number of key genes.
(D) PPI network of the key genes. (E) Gene Ontology functional enrichment analysis of the key genes. (F) Bubble plots depicting Kyoto Encyclopedia of
Genes and Genomes pathway enrichment of the key genes.

Volume 10 Issue 3 (2026) 8 doi: 10.36922/EJM0O025360375


https://dx.doi.org/10.36922/EJMO025360375

Eurasian Journal of
Medicine and Oncology

Relationship between IHS and CAVS

A
X
:
£
2
c
8
L
]
=
-
T
£
E

Fod

ANKRDI3 = CUSY? FOXPI = MBOAV? — PRKD2 = RNFiG6 — SP§
— ADAH — CORQIC — HCK — NRBP! — PTTGHP — SLC24A3 — STXi2
B2 = CPSE2 = HRY! — PICAIM PYGL = SLO6ALS SULF2
~ BID — CXCLI4 1QGAPY — PLLKIIO2 — RBMS2 — SLPI — ZNT629
- CASPY FOGR2A 1L.RRCEFR PPPIRY = RCN3 - SOX4 — /NF7&5
CHERP — PFLVCRZ = MAPIS — PREX! — RILPLI =— SPI

104,

Tambdamin le OF

7.8 su 25
Log lambda
Quurs <o 1lvors o 16vurs o= 19vars - 2l vars — 4vurs o
- | vars e 13vais - 1T vais 2vars == 22 yars -

10 vars 15vars = 18 vars -

T vars

S vars - 8vars

20vars === 3vars < Hvars <o Dwvarz

Tomlxkamin fe M
Gene number: 22

7.5 5.0 25
Log lambda
LASSO1 LASS02
16 6 2
(66.7%)  (25.0%)  (8.3%)

Sensitivity

1.0

0.8

w6

0.0

— ANKRDIF — CHSYI — FOXPI — MBOAJ? =— PRKD2 — RNFI66 sp8
— AOAH  — COROIC — HCK ~ — NRBPI  — PTTGHP — SLC24AT — STXI2
— Bo2 — CPSE2 — HEYI — PICALM PYGL = SLC6AIT — SULF2
— Bip — CXCLi4 — IQGAP{ — PLEKIIO? — RIMS? — SLPI ~ — ZNT629
— CASPS = FCGR2A — LRRCSE — PPPAR] RONF = SOXI  — ZNK785
— CIERP  — [LYCRZ — MAPIS PREXS = RILPLI — SPI
i
I
1
i
¢ Lambdamin Q005
M| =Gene rumber: B
1
—
2
2 ]
]
g |
O =3 :
1
1
i
1
'
i
-0’
5 3 2 1
Log lambda
- Ovars - 3wurs < 6vars
- | vars o= 4 vus = 7yars
< 2vars - Svars - §vars
0.6 H
v
3
=
Zos
B
-
<
b3
2
5
g
Lambxha senn: 1 QO3S
>
Loz o0 pumser: §

T
A
08
1

-
£ =
il 2
7
5
4 v = |
s
FUGR2A AUC 0803
- 5 a- RBMS2 AUC 0.852
— —— MAPISALC 0803
| RONT AUC 11812
HCK AUC 0.666 HCK AUC 0855
[ SLPIAUC 0.706 g SLPTAUC 0.993
T T T T T T
00 02 04 0.6 08 10 0.0 02 04 0.6 08 [
1 Specilicity 1~ Specilicity

Figure 5. Screening and identification of diagnostic biomarkers for ischemic stroke (IHS) and calcific aortic valve stenosis (CAVS). (A) Least absolute
shrinkage and selection operator (LASSO) coefficient profiles of candidate genes for IHS. (B) LASSO coefficient profiles of candidate genes for CAVS. (C)
Optimal lambda (A) values for diagnostic biomarkers in IHS identified by LASSO logistic regression. (D) Optimal A values for diagnostic biomarkers in
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curves of candidate biomarkers in the CAVS training set.
Abbreviation: AUC: Area under the curve.
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IHS training dataset, all six genes exhibited AUC values
>0.6 (AUC,,,, = 0.754, AUC,, ., = 0.703, AUC, ,,
= 0.717, AUC,, = 0.832, AUC,, = 0.666, and AUC_,
= 0.706) (Figure 5F). In the corresponding validation
dataset, all six genes demonstrated AUC values exceeding
0.7 (AUC,,, = 0.73, AUC, ., = 0.708, AUC, .= 0.888,
AUC,,, = 0.804, AUC, , = 0.749, and AUC, = 0.858)
(Figure A1A). Similarly, in the CAVS training dataset, all
six biomarkers achieved AUC values above 0.8 (AUC
= 0.803, AUC,,, ., = 0.882, AUC,,,, . = 0.803, AUC,,, =
0.842, AUC,,, = 0.855, and AUC,, = 0.993) (Figure 5G).
Consistently, AUC values in the validation set were also
all >0.8 for all six genes (AUC, ., = 0.8, AUC,, . =
0.84, AUC, , . = 0.93, AUC,, = 0.8, AUC, = 0.9, and
AUC,,, = 0.85) (Figure A1B). Collectively, FCGR2A,
RBMS2, MAPIS, RCN3, HCK, and SLPI were identified as
diagnostic biomarkers for both THS and CAVS. Figure A2
shows the expression patterns of these six biomarkers, all
of which were significantly differentially expressed across
training and validation datasets for both IHS and CAVS.

FCGR2A

3.6. ANN models and co-expression networks for
biomarkers

Based on the six identified biomarkers, we constructed
ANN models and categorized gene expression data into
case and control groups (Figure 6A and B). Our prediction
model, which utilized six biomarkers, exhibited good
discrimination based on ROC curve analysis. Specifically,
for THS, the AUC values were 0.974 in the training dataset
and 0.888 in the validation dataset. Similarly, for CAVS,
the AUC was 1.00 in the training dataset and 0.95 in the
validation dataset (Figure 6C and D).

To obtain a deeper understanding of the interactions
among the six biomarkers, genes with established
associations with these biomarkers were examined. Analysis
of the biomarker co-expression network constructed
using GeneMANIA revealed that these genes were mainly
associated with immunomodulatory cell surface receptor
signaling pathways involved in phagocytosis, the Fc
receptor signaling pathway, Fc-gamma receptor signaling
pathway, and Fc receptor-mediated stimulatory signaling
pathway (Figure 6E).

3.7. Analysis of the immune characteristics of IHS
and CAVS

Pathway exploration analysis revealed that the immune
system plays a crucial role in both IHS and CAVS. To
quantitatively assess immune cell infiltration, ssGSEA was
used to estimate the relative abundance of 28 immune cell
phenotypes in IHS and CAVS samples. In both IHS and
CAVS, we observed notable variations in most immune
cell subsets when comparing disease samples with normal

controls (Figure 7A and B). Particularly, activated B cells,
activated CD8 T cells, activated dendritic cells, central
memory CD8 T cells, effector memory CD8 T cells,
eosinophils, gamma delta T cells, macrophages, natural
killer cells, plasmacytoid dendritic cells, and regulatory T
cells were identified as common differentially infiltrated
immune cell types in both diseases. Figure 7C and D
illustrate the correlation between the 28 immune cells
and six biomarkers in both IHS and CAVS. Among the
11 immune cell types commonly differentiated in both
diseases, activated dendritic cells were significantly and
positively correlated with all six biomarkers in both THS
and CAVS.

3.8. Screening results for small-molecule drugs

Potential therapeutic agents targeting FCGR2A and HCK
were screened using the DrugBank database. Drug-gene
interaction analysis revealed that FCGR2A and HCK were
associated with multiple candidate drugs (Table A2).
Drugs corresponding to FCGR2A included cetuximab,
etanercept, human immunoglobulin G, abciximab,
alemtuzumab, daclizumab, sarilumab, catumaxomab, and
bevacizumab. Drugs associated with HCK included 1-Tert-
butyl-3-P-tolyl-1h-pyrazolo [3,4-D] pyrimidin-4-ylamine,
phosphonotyrosine, quercetin, fostamatinib, bosutinib,
doramapimod, and PP-121.

4, Discussion

In this study, we first examined the bidirectional causal link
between THS and CAVS using MR analysis. Our results
suggest that IHS causally promotes the development of
CAVS, whereas CAVS does not exert a significant causal
effect on IHS. We further explored shared mechanisms
and potential diagnostic biomarkers for both diseases
using bioinformatics analyses. Our results showed
that multiple immune-related pathways may represent
common pathogenic mechanisms underlying IHS and
CAVS. Moreover, FCGR2A, RBMS2, MAP1S, RCN3, HCK,
and SLPI were identified as shared diagnostic biomarkers
for both IHS and CAVS. Based on these six biomarkers,
an ANN-based diagnostic model was developed to ensure
an accurate diagnosis for both diseases. The identified
pathways and biomarkers offer valuable insights into
the shared pathogenesis of these diseases and establish a
theoretical foundation for future research.

Previous clinical investigations examining the
relationship between IHS and CAVS have yielded conflicting
results.'”?»* Clinical studies reported no significant increase
in stroke incidence among patients with CAVS,****! which
is consistent with our findings. In contrast, other studies
indicated that patients with AVS are at a significantly
higher risk of developing IHS.'**** However, conclusions
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Figure 6. Construction of artificial neural network (ANN) models and co-expression network of biomarkers. (A) ANN models for ischemic stroke (IHS).
(B) ANN models for calcific aortic valve stenosis (CAVS). (C) Receiver operating characteristic (ROC) curves of the ANN model in the IHS training and
validation sets. (D) ROC curves of ANN models in the CAVS training and validation sets. (E) Biomarker co-expression network using GeneMANIA analysis.

drawn from observational and prospective clinical studies
may be influenced by confounding factors or covariates
and do not necessarily imply causality. Variations in study
outcomes may be attributable to differences in race, age,
sex, and comorbid conditions. By leveraging MR analysis,
we confirmed that THS is a risk factor for CAVS with no
evidence supporting a reverse causal relationship between

the two diseases. This MR approach reduces confounding
and reverse causation relative to conventional observational
analyses and provides complementary evidence when
randomized controlled trials are impractical.

Immune and inflammatory responses appear to play a
pivotal role in linking IHS and CAVS. Pathophysiological
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Figure 7. Immune infiltration analysis in ischemic stroke (IHS) and calcific aortic valve stenosis (CAVS). (A) Box plot showing the expression levels
of distinct immune cell subsets in THS. (B) Box plot showing the expression levels of different immune cell subsets in CAVS. (C) Correlation heatmap
illustrating the relationships between biomarkers and immune cell subsets in IHS. (D) Correlation heatmap illustrating the relationships between

biomarkers and immune cell subsets in CAVS.

Notes: ns denotes p > 0.05; * denotes p<0.05; ** denotes p<0.01; *** denotes p<0.001; and **** denotes p<0.0001.

changes encompass ionic imbalance, neuroinflammation,
and abnormal immune cell activation. Interleukins
(ILs) play dual roles in IHS by facilitating the activation,
proliferation, differentiation, and inflammatory response
of T and B cells by transmitting information and regulating
immune cell activity.”® Elevated levels of IL-1f3, IL-6, IL-8,
and IL-17 have been reported in patients with THS,* and
inflammatory mediators have been extensively studied as
potential prognostic indicators and therapeutic targets.™
Inflammatory cytokines are key drivers of AVC disease,*
while the inflammatory response plays a primary role
in the early stages of CAVS.* Increased levels of specific
inflammatory proteins have been associated with AVC
severity and progression.””*® MR analyses suggested
that the elevated levels of some inflammatory proteins
are associated with an increased risk of CAVS.> For
example, IL-8 promotes valvular calcification through
CXC motif chemokine receptor 2-dependent and matrix
metalloproteinase 12-dependent mechanisms.” IL-17A
triggers inflammation in the endothelial lining of the
aortic valve,” and IL-1f promotes the expression of matrix
metalloproteinases and cellular proliferation in CAVS.®!
In addition, localized inflammation also causes abnormal

blood vessel formation, further accelerating CAVS
progression.® In this study, 41 key genes shared by IHS
and CAVS were predominantly enriched in immune- and
inflammation-related pathways, reinforcing the notion
that immune-inflammatory mechanisms underlie IHS-
related CAVS.

Alterations in immune cell populations appear to
significantly influence the association between IHS and
CAVS. Our results showed that several immune cells,
such as activated dendritic cells, central memory CD8*
T cells, gamma delta T cells, macrophages, natural killer
cells, plasmacytoid dendritic cells, and regulatory T cells,
were highly expressed in IHS and CAVS. Macrophages, in
particular, have emerged as the predominant immune cell
type involved in numerous valvular heart diseases.”” Upon
tissue infiltration, macrophages secrete inflammatory
cytokines, including tumor necrosis factor-o, IL-1P, and
transforming growth factor-, resulting in inflammation
of the cardiac valves. Additionally, tumor necrosis
factor-at and transforming growth factor-f} also activate
valve interstitial cells and stimulate alkaline phosphatase
synthesis, ultimately promoting valvular calcification.***°
Activated local macrophages and T lymphocytes (CD4+
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and CD8+) within the calcified valve further increased
the production of proinflammatory factors.®® In patients
with CAVS, inflammatory macrophages promote valve
interstitial cell calcification in a cathepsin-S-dependent
manner.”  Monocytes and macrophages undergo
calcification by secreting tumor necrosis factor.®® We also
explored the correlations between immune cell subsets
and the six identified biomarkers to gain insights into the
immune-related mechanisms underlying IHS and CAVS
pathogenesis.

We identified six biomarker genes, FCGR2A, RBMS2,
MAPIS, RCN3, HCK, and SLPI, and determined the
association of these biomarkers with IHS and CAVS. The
expression levels of FCGR2A, RBMS2, MAPIS, RCN3,
HCK, and SLPIwere significantly higher in both theIHSand
CAVS groups compared with those in the control groups.
The diagnostic model incorporating these six biomarkers
demonstrated strong predictive performance for both
conditions. FCGR2A encodes a protein belonging to the
immunoglobulin Fc receptor family.*” Genetic variations in
FCGR2A have been shown to correlate with susceptibility
to inflammation-related diseases,”*”" including IHS">”* and
CAVS.*RBMS2isassociated with tumor suppressor activity
and participates in essential cellular mechanisms related
to cell growth and programmed cell death (apoptosis).”
MAPIS functions as a linker between mitochondria and
microtubules, facilitating intracellular transport and
connecting autophagy mechanisms with microtubules
and mitochondria, thereby influencing the biogenesis and
degradation of autophagosomes.”® RCN3 plays a crucial
role in protein biosynthesis and has emerged as a target for
various cancer-related treatment interventions.” In RCN3
knockdown cells, genes involved in translation, ribosomal
function, and cytokine signaling are downregulated,
whereas genes associated with immune response, stem cell
differentiation, and extracellular matrix are upregulated.”
HCK, a member of the SRC family of cytoplasmic tyrosine
kinases, is recognized as a therapeutic target for immune
and cancer cells.” Qiao et al. identified HCK as a potential
candidate biomarker for AVC, which is consistent with
our findings.” SLPI, a member of the whey acidic protein
family, plays an important role in suppressing human
neutrophil-derived serine proteases®® and is involved
in host defense, inflammatory regulation, and cell fate
determination.’' Zhu et al.** reported that SLPI may serve
as a potential diagnostic biomarker for AVC. In conclusion,
FCGR2A, RBMS2, MAPIS, RCN3, HCK, and SLPI are
suitable biomarkers for distinguishing calcific pathology.
Furthermore, we screened potential small-molecule drugs
targeting these biomarkers, providing further insight into
the diagnosis and treatment of IHS and CAVS.

This study has several strengths. First, using MR
analysis, we confirmed that IHS is a risk factor for CAVS
and found no evidence of reverse causality, thereby
providing a robust causal framework for future clinical
investigations. Second, we identified six shared biomarkers
between IHS and CAVS, and a diagnostic model based on
these biomarkers exhibited strong predictive performance
for both conditions. Finally, our findings highlight the
central role of inflammation and immune responses in
the pathogenesis of IHS and CAVS, providing a deeper
understanding of their shared molecular mechanisms and
pathways.

Nevertheless, this study has several limitations.
The MR analysis was based exclusively on data from
populations of European ancestry, without stratification by
sex, race, or other demographic factors, which may limit
the generalizability of the findings to other populations.
Furthermore, the conclusions were derived primarily from
computational predictions of publicly available datasets
related to IHS and CAVS. Further experimental and
clinical validation is imperative to ascertain the biological
functions of the investigated biomarkers and delineate
their underlying signaling pathways.

5. Conclusion

We conducted MR analysis to investigate the causal link
between IHS and CAVS. MR analysis suggested that
genetically predicted THS is associated with increased risk
of CAVS, whereas CAVS does not exert a significant causal
effect on IHS. In addition, we identified six biomarkers
shared by both THS and CAVS. The diagnostic model
incorporating these biomarkers demonstrated strong
predictive performance for both conditions. IHS and CAVS
were associated with multiple immune-inflammatory
pathways, providing a mechanistic foundation for future
research and warranting further evaluations in both
experimental and clinical settings.
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Appendix

Table A1. Summary of the datasets used for IHS and CAVS research

Disease Dataset ID (Platform) Cases Controls Type

IHS GWAS - 22,664 152,022 Exposure
CAVS FinnGen - 9,870 402,311 Outcome

IHS GEO GSE16561 (GPL6883) 39 24 Training set
IHS GEO GSE58294 (GPL570) 69 23 Validation set
CAVS GEO GSE83453 (GPL10558) 19 8 Training set
CAVS GEO GSE12644 (GPL570) 10 10 Validation set

Abbreviations: CAVS: Calcific aortic valve stenosis; GEO: Gene Expression Omnibus; GWAS: Genome-Wide Association Study; IHS: Ischemic stroke.

Table A2. Drug prediction results targeting the identified biomarkers

Symbol ProteinID Drug Drug group Pharmacological action

FCGR2A P12318 Cetuximab Approved Unknown
Etanercept Approved, investigational Unknown
Human immunoglobulin G Approved, investigational Yes
Abciximab Approved Unknown
Alemtuzumab Approved, investigational Unknown
Daclizumab Investigational, withdrawn Unknown
Sarilumab Approved, investigational Unknown
Catumaxomab Approved, investigational, withdrawn Yes
Bevacizumab Approved, investigational Unknown

HCK P08631 1-(ter-Butyl)-3-(p-tolyl)-1H-pyrazolo®,4-d] Experimental Unknown
pyrimidin-4-ylamine
Phosphonotyrosine Experimental Unknown
Quercetin Experimental, investigational Unknown
Fostamatinib Approved, investigational Unknown
Bosutinib Approved Yes
Doramapimod Investigational Yes
PP-121 Experimental Yes
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Figure Al. Validation of the diagnostic efficacy of candidate biomarkers in the validation set. (A) Receiver operating characteristic (ROC) curves of
candidate biomarkers in the ischemic stroke set. (B) ROC curves of candidate biomarkers in the calcific aortic valve stenosis set. The area under the curve
values for each biomarker are indicated in the legend
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Figure A2. The expression patterns of the six biomarkers. (A) Expression patterns of six biomarkers in the ischemic stroke (his) training set. (B) Expression
patterns of six biomarkers in the calcific aortic valve stenosis (CAVS) training set. (C) Expression patterns of six biomarkers in the IHS validation set.
(D) Expression patterns of six biomarkers in the CAVS validation set. Blue represents the control group, and orange represents the disease group

Note: *p<0.05; *p<0.01; ***p <0.001; ****p<0.0001
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