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The Global Burden of Disease Study 2021 reports that stroke remains a leading cause of death, with
ischemic stroke (IS) presenting significant challenges in screening, prevention, and treatment. We
explored the causal effects of 1,400 plasma metabolites on IS outcomes using a two-sample Mendelian
randomization (MR) framework. We assessed causal relationships between IS and 11 common clinical
risk factors and further examined these relationships for metabolites. Mediation analysis identified
mechanisms for metabolites affecting both IS and its risk factors. Finally, a phenome-wide association
study (PheWAS) MR analysis evaluated the side effects and additional indications of 1S-associated
metabolites across 3,948 phenotypes from the UKBB GWAS. Nineteen metabolites showed a causal
relationship with IS. MR analysis confirmed body mass index (BMI), high-density lipoprotein (HDL),
systolic blood pressure (SBP), diastolic blood pressure (DBP), and type 2 diabetes (T2D) as risk factors
for IS. Among 136 metabolites associated with at least one IS risk factor, 132 were linked to risk factors
but not directly to IS. BMI, DBP, and coffee intake mediated the causal relationship between IS and the
levels of 1-stearoyl-GPG (18:0), 1-oleoyl-2-linoleoyl-GPE (18:1/18:2), Octadecadienedioate (C18:2-DC),
and X-24,951. Phe-MR analysis indicated that these metabolites were protective and affected other
indications similarly to IS. Our findings reveal causal pathways and identify four potential biomarkers
for IS, providing new insights for its screening, prevention, and treatment.
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DBP Diastolic blood pressure

T2D Type 2 diabetes

CHD Coronary heart disease
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GBD Global burden of disease

DALYs Disability-adjusted life years

CIRI Cerebral ischemia-reperfusion injury

CKB China Kadoorie Biobank

GWAS Genome-wide association studies

CLSA Canadian longitudinal study on aging

SNPs Single nucleotide polymorphisms

MR-PRESSO MR pleiotropy residual sum and outlier

PheWAS Phenome-wide association study

STROBE-MR  Strengthening the reporting of observational studies in epidemiology using mendelian rand-
omization

IEU Integrative epidemiology unit

FDR False discovery rate

SE Standard error

CI Confidence interval

1A Inverse-variance weighted

Phe-MR Phenome-wide MR

ETS Environmental tobacco smoke

ACS Acute coronary syndrome

Ischemic stroke (IS) remains a leading cause of death globally, accounting for 70-80% of all stroke cases!~.

According to the Global Burden of Disease Study (GBD 2021), approximately 7.63 million individuals were
diagnosed with IS in 2019, leading to an economic loss of approximately $96.451 billion, placing a significant
burden on the global economy®®. The “China Stroke Report 2020” identified stroke as the primary cause
of premature death in China, with a notable increase in IS cases. Furthermore, 41% and 17% of IS patients
experience recurrence within five years and one year, respectively®®. According to the 2019 GBD data, stroke
is the leading cause of disability-adjusted life years (DALYs) in China, surpassing heart disease and cancers
of the respiratory and digestive systems”!°. In 2019, China recorded 4.33 million hospitalizations for IS, with
hospital costs quadrupling since 2010, posing a significant health burden and prevention challenge!!. Given the
high burden of IS and the limitations of secondary prevention, identifying modifiable risk factors and upstream
molecular mechanisms has become increasingly important.

Key modifiable risk factors for IS prevention include hypertension, diabetes, dyslipidemia, heart disease,
smoking, alcohol intake, diet, overweight/obesity, physical inactivity, and psychological factors*!>13,
Hypertension is the most significant risk factor for stroke, with persistent hypertension after IS increasing the risk
of poor outcomes and recurrence within one year!4-'6. Diabetes affects approximately 14% of adult stroke patients
in China and significantly increases stroke-related mortality!”'%. Dyslipidemia independently contributes to
stroke risk; each 1 mmol/L increase in total cholesterol and low-density lipoprotein cholesterol significantlyly
raises IS risk!?. A study with a 34-year follow-up found that age-adjusted stroke incidence was over double
for patients with coronary heart disease compared to those without?!. Smoking increases stroke occurrence
and worsens prognosis, whereas quitting smoking substantially reduces recurrence and mortality?2. Alcohol
consumption proportionally increases stroke-related mortality®®. Excess weight and obesity significantly elevate
stroke risk, with metabolic abnormalities further amplifying this risk?*?. Clarifying the genetic underpinnings
of these modifiable risk factors is essential for identifying precise biomarkers and therapeutic targets, promoting
personalized prevention and clinical intervention strategies.

The rapidly evolving field of metabolomics plays a pivotal role in elucidating IS mechanisms, facilitating the
systematic identification of metabolites and pathways essential in IS prevention and treatment, and highlighting
potential therapeutic targets. Compared to proteomics or transcriptomics, metabolomics uniquely detects small-
molecule metabolites capable of crossing the blood-brain barrier, offering distinct advantages for IS biomarkers
discoveryZG. Metabolites, as intermediate or final products of metabolic reactions, influence disease risk and
therapeutic targets. Mendelian randomization (MR), which leverages genetic variation from genome-wide
association studies (GWAS), investigates causal relationships between exposures and diseases while minimizing
confounding and reverse causality?”-?32, In 2023, a large-scale GWAS published in Nature Genetics analysed
1,091 metabolites and 309 metabolite ratios from 8,299 individuals in the Canadian Longitudinal Study on
Aging (CLSA), providing insights into their genetic architecture and relevance to IS, presenting opportunities
for therapeutic target discovery”. A systematic search revealed only one study exploring the correlation
between 1,400 plasma metabolites and IS*’. No study has systematically explored potential metabolite targets
demonstrating a causal relationship with IS and IS-related risk factors among these 1,400 plasma metabolites or
conducted mediation effects and MR analysis across the entire phenome.To systematically investigate the causal
pathways and potential therapeutic targets between the human plasma metabolome and IS, we conducted a
two-sample MR analysis involving 1,400 plasma metabolites. Genetic instrumental were derived from GWAS
data from 8,299 participants, and summary statisticsfor IS and 11 established risk factors were obtained from
the Integrated Epidemiology Unit database. We further examined the mediating roles of these risk factors in
the metabolite-IS associations and explored the disease implication of IS-associated metabolites through a
phenome-wide MR analysis across 3,948 phenotypes from the UKBB GWAS>!.

Materials and methods

Study design

In this study, we initially conducted a two-sample MR analysis on 1,400 metabolites and IS to investigate their
causal relationship. Subsequently, we employed two-sample MR to identify the causal relationships between
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IS and 11 common clinical risk factors: body mass index (BMI), low-density lipoprotein (LDL), high-density
lipoprotein (HDL), non-high-density lipoprotein (non-HDL), systolic blood pressure (SBP), diastolic blood
pressure (DBP), smoking, alcohol consumption, coffee intake, type 2 diabetes (T2D), and coronary heart
disease (CHD). Additionally, we performed two-sample MR analyses to determine the causal relationships
between metabolites and each positive risk factor. We conducted mediation analysis on metabolites with causal
relationships to both IS and IS-related risk factors, aiming to elucidate the underlying mechanisms through
which these metabolites affect IS by influencing IS risk factors. Finally, we carried out a PheWAS MR analysis to
comprehensively explore metabolites with causal regulatory relationships with IS, assessing potential side effects
and additional indications for IS-associated metabolites across 3,948 phenotypes. The overall study design is
illustrated in Fig. 1. The STROBE-MR (Strengthening the Reporting of Observational Studies in Epidemiology
using Mendelian Randomization) checklist was completed for this observational study*>%.

Data sources

We obtained summary data for 1,091 plasma metabolites and 309 metabolite ratios from a large genome-wide
association study (GWAS) involving 8,299 European individuals in the Canadian Longitudinal Study on Aging
(CLSA) cohort?. The data is accessible on the GWAS Summary Statistics. For ischemic stroke (34,217 cases and
406,111 controls) and 11 risk factors (BMI, LDL, HDL, non-HDL, SBP, DBP, smoking, alcohol consumption,
coffee intake, T2D, and CHD), we retrieved GWAS data (ebi-a-GCST005843) from the Integrative Epidemiology
Unit (IEU) database (https://gwas.mrcieu.ac.uk/). The search keywords included: ischemic stroke/IS, body
mass index/BMI, low-density lipoprotein/LDL, high-density lipoprotein/HDL, non-high-density lipoprotein/
non-HDL, systolic blood pressure/SBP, diastolic blood pressure/DBP, smoking, alcohol, coffee, type 2 diabetes,
and coronary heart disease/CHD. The search covered the database’s entire duration up to February 9, 2024.
Samples for MR analysis were prioritized based on their sample size. We utilized summary data from the
UK BiobanK’s online repository for PheWAS analysis. The data, curated in the IEU database, includes 3,948
phenotypes encompassing diagnoses, current health status, treatment records, biochemical analyses, body and
anthropometric measurements, family history, lifestyle factors, and mental health. Detailed information about
the sources, original questionnaires, or measurements can be found on the UK Biobank. Detailed information
on the GWAS datasets used for ischemic stroke and its risk factors is summarized in Table 1.

Identification of causal plasma metabolites for IS

We extracted exposure data for 1,400 plasma metabolites and conducted SNP selection based on on a genome-
wide significance threshold of p <1e-05. SNPs with linkage disequilibrium (kb=10,000, r* = 0.001) and weak
instruments (F-statistic <10) were removed. The causal effects of each metabolite on IS were evaluated using
five MR methods: MR Egger, weighted median, inverse variance weighted, simple mode, and weighted mode,
as described in the Statistical Analysis section. To ensure the directionality of the causal relationship, we further
performed reverse MR analysis by treating IS as the exposure and positive metabolites as the outcome to rule
out reverse causality.

Identification of causal risk factors for IS

Based on stroke risk factors outlined in the 2021 Guideline for the Prevention of Stroke in Patients With Stroke
and Transient Ischemic Attack’®, we selected 11 common clinical risk factors for IS: BMI, LDL, HDL, non-HDL,
SBP, DBP, smoking, alcohol consumption, coffee intake, T2D, and CHD, to establish causal inferences with
IS. GWAS summary data for these exposure factors were obtained, and SNPs were selected using p<5x10~*
as the significance threshold. Instrumental variables with linkage disequilibrium or weak instrument strength
were excluded. MR analysis was performed to assess the causal effects of each risk factor on IS,, following the
procedures detailed in the Statistical Analysis section.

Identification of causal metabolites for IS risk factors

We conducted MR analysis to explore the causal effects of 1,400 metabolites on the 11 IS-related risk factors.
SNPs were selected using the same criteria as described above. MR analysis procedures and filtering criteria were
consistent with those described in the Statistical Analysis section.

Mediation analysis for metabolites, risk factors, and IS

For metabolites causally associated with both IS and risk factors, we performed mediation analysis to quantify
indirect through the identified risk factors. Inclusion criteria were: (a) positive MR results for metabolites and
risk factors; (b) positive MR results for risk factors and IS; (c) positive causal association between metabolites
and IS without reverse causation. To distinguish between direct and indirect effects, we employed two-step MR
results. The Product method was used to estimate the beta of the indirect effect, while the Delta method was used
to calculate the standard error (SE) and confidence interval (CI)**.

Phenome-wide MR (Phe-MR) analysis of 3948 phenotypes for metabolites causally
associated with IS

Phenome-Wide Association Study (PheWAS) is a method that examines associations between a specific SNP
or phenotype and all phenotypes within a phenome. To extend the exploration of side effects and additional
indications for the nineteen IS-associated metabolites to non-IS phenotypes, we conducted Phe-MR analyses
across a broad spectrum of diseases. Using metabolites with positive MR results for IS and leveraging summary
data from the IEU database encompassing 3,948 phenotypes in the UK Biobank, we performed PheWAS-MR
analyses. Genetic instruments for the 19 significant metabolites were selected using the same criteria as described
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Fig. 1. Overall study design. IS ischemic stroke, MR Mendelian randomization, SNPs single nucleotide
polymorphisms, GWAS genome-wide association studies, CLSA Canadian Longitudinal Study on Aging, BMI
body mass index, LDL low-density lipoprotein, HDL high-density lipoprotein, non-HDL non-high-density
lipoprotein, SBP systolic blood pressure, DBP diastolic blood pressure, T2D type 2 diabetes, CHD coronary
heart disease, MR-PRESSO MR pleiotropy residual sum and outlier, FDR false discovery rate, OR odds ratio,
IVs instrumental variables, PheMR phenome-wide MR.

previously. MR analyses were performed as detailed in the Statistical Analysis section. Associations with p <0.05
were considered suggestive.

Statistical analysis

MR estimates were based on five methods (MR Egger, weighted median, inverse variance weighted, simple
mode, and weighted mode). The primary MR estimates were calculated using the inverse-variance weighted
(IVW) method under multiplicative random effects. Instrumental variables (SNPs) were selected using
genome-wide significance thresholds (p <1x107° for metabolites and p<5x 107® for risk factors), with linkage
disequilibrium (LD) pruning (kb=10,000, r*> = 0.001) and exclusion of weak instruments (F-statistic < 10). The
Benjamini-Hochberg method that controls the FDR was applied to correct for multiple testing. The association
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Trait / Exposure Abbreviation | GWAS source Sample size (Cases / Controls or total) | Ancestry | ID

Ischemic stroke IS IEU/GWAS catalog 34,217 / 406,111 European | ebi-a-GCST005843
Body mass index BMI GIANT /IEU 681,275 European | ieu-b-40

LDL cholesterol LDL IEU 431,167 European | ebi-a-GCST90002412
HDL cholesterol HDL UK Biobank / IEU 403,943 European | ieu-b-109

Non-HDL cholesterol | non-HDL IEU 115,078 European | met-d-Remnant_C
Systolic BP SBP IEU/GWAS catalog 810,865 European | ebi-a-GCST90000062
Diastolic BP DBP IEU/GWAS catalog 810,865 European | ebi-a-GCST90000059
Smoking status Smoking Within family GWAS consortium / IEU | 99,996 European | ieu-b-4858

Alcohol consumption | Alcohol UK Biobank / IEU 112,117 European | ieu-a-1283

Coffee intake Coffee MRC-IEU / IEU 428,860 European | ukb-b-5237

Type 2 diabetes T2D IEU/GWAS catalog 1,178 /61,714 European | ebi-a-GCST006867
Coronary heart disease | CHD GWAS catalog 8,192 European | GCST90199621

Table 1. Summary of GWAS datasets for ischemic stroke and its clinical risk factors.

with a Benjamini-Hochberg adjusted p-value < 0.2 3>3¢ was deemed statistically significant. The MR results were
filtered based on p<0.05, FDR<0.2, consistent OR direction across five MR methods, and pleiotropy > 0.05.
Sensitivity analysis was conducted to validate the robustness of MR results, including MR-Egger, MR-PRESSO,
pleiotropy, and heterogeneity. The mediation effect was calculated by the formula: 1- direct effect (the estimate
after adjusting for the mediator)/total effect (the estimate in the univariable MR analysis). All analyses were
two-sided and performed using the Two Sample MR, Mendelian Randomization, and MRPRESSO R packages
in R software 4.2.1.

Results

Identification of IS-associated metabolites

We obtained GWAS data for 1,400 metabolites and IS GWAS data (ebi-a-GCST005843) from the CLSA
cohort and IEU databases®. We conducted an association analysis on the metabolite data, excluding SNPs in
linkage disequilibrium. Five MR methods were applied to determine the causal relationships between these
metabolites and IS, estimating ORs, heterogeneity, and pleiotropy. Additionally, scatter plots, forest plots, funnel
plots, and leave-one-out sensitivity analysis forest plots were generated. We summarized the overall results
in a circular clustering heatmap (Fig. 2). We identified 19 IS-associated metabolites based on p-value, FDR,
and OR values, excluding those with pleiotropy. Using MR-PRESSO, we identified 19 metabolites causally
associated with IS, including levels of 1-linoleoylglycerol (18:2), 1-stearoyl-GPG (18:0), S-methylcysteine
sulfoxide, 4-methylcatechol sulfate, 1-oleoyl-GPG (18:1), glycodeoxycholate 3-sulfate, 1-linoleoyl-GPG (18:2),
1-oleoyl-2-linoleoyl-GPE (18:1/18:2), 1-linoleoyl-2-linolenoyl-GPC (18:2/18:3), octadecenedioate (C18:1-
DC), octadecadienedioate (C18:2-DC), N-succinyl-phenylalanine, 1-palmitoyl-2-linoleoyl-GPC (16:0/18:2),
X-11,299, X-24,546, X-24,951, the arginine to phosphate ratio, the aspartate to mannose ratio, and the cholesterol
to linoleoyl-arachidonoyl-glycerol (18:2 to 20:4) ratio. The integrated results are presented in a forest plot (Fig. 3).
Among these metabolites, levels of 1-linoleoylglycerol (18:2), S-methylcysteine sulfoxide, and the aspartate to
mannose ratio showed positive associations with IS, indicating them as risk factors. The remaining metabolites
were negatively associated with IS, suggesting their roles as protective factors.

Identification of likely causal IS risk factors

We investigated the association between SNPs from 11 risk factors (BMI, LDL, HDL, non-HDL, SBP, DBP,
smoking, alcohol, coffee, T2D, and CHD), accounting for linkage disequilibrium to obtain instrumental variables.
Five MR methods were used to analyze the causal relationships between these 11 risk factors and IS. The results
are depicted in forest plots, funnel plots, scatter plots, and leave-one-out sensitivity analysis forest plots. The
analysis suggests a causal relationship between all 11 risk factors and IS. BMI, HDL, SBP, DBP, and T2D showed
positive correlations with IS, identifying them as risk factors (Fig. 4). In contrast, LDL, non-HDL, smoking,
alcohol, coffee, and CHD demonstrated negative correlations with IS, indicating their roles as protective factors.

Identification of IS risk factors associated metabolites

We conducted MR analysis on all 1,400 plasma metabolites with the eleven identified IS risk factors, calculating
OR values, heterogeneity, and pleiotropy. The overall results are visualized with circular cluster heatmaps.
Metabolites associated with the eleven risk factors were filtered based on p-values, FDR, OR values, and
pleiotropy. After multiple testing correction, 136 metabolites were found to be associated with at least one IS
risk factor.

We identified 44 metabolites associated with BMI, with 28 showing positive correlations and 16 showing
negative correlations. For LDL-associated metabolites, 24 were identified, with 8 showing positive correlations
and 16 showing negative correlations. For HDL, 42 metabolites were associated, with 17 positive correlations and
25 negative correlations. Twenty metabolites were associated with non-HDL, with an equal split of 10 positive
and 10 negative correlations. Five metabolites were linked to SBP, with 3 positive correlations and 2 negative
correlations. For DBP, 25 metabolites were associated, with 5 positive correlations and 20 negative correlations.
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Fig. 2. Circular clustering heatmap of the causal relationship between 1,400 metabolites and IS based on five
MR methods. MR Mendelian randomization, IVW inverse variance weighted. GWAS data for 1400 metabolites
from the CLSA cohort (Supplementary Table S1). IS GWAS data from the IEU databases (ebi-a-GCST005843).

Smoking was associated with 2 metabolites, both showing positive correlations. Only one metabolite was
associated with alcohol, showing a negative correlation. Coffee was linked to 9 metabolites, with 5 positive
correlations and 4 negative correlations. For T2D, 10 associated metabolites were found, with 6 positive and 4
negative correlations. Lastly, 5 metabolites were associated with CHD, with 3 positive correlations and 2 negative
correlations. There was no evidence of horizontal pleiotropy, and sensitivity analyses provided consistent causal
effect estimates. Among the 19 IS-associated metabolites, 4 were identified as being associated with one of the IS
risk factors (Fig. 5). Of the 136 metabolites associated with at least one IS risk factor, 132 were associated with
the risk factors but not with the IS outcome.

Mediation effect of four metabolites on IS outcomes via risk factors

To investigate the indirect effects of metabolites on IS outcomes via risk factors, we conducted a mediation
analysis using effect estimates from two-step MR and the total effect from primary MR. This analysis focused
on four metabolites that showed evidence of an effect in both MR analyses on risk factors and IS outcomes:
1-stearoyl-GPG (18:0), 1-oleoyl-2-linoleoyl-GPE (18:1/18:2), octadecadienedioate (C18:2-DC), and X-24,951.
Indirect effects were estimated using the product method, with standard errors (SE) and confidence intervals
(CI) calculated using the delta method. The mediation effect of 1-stearoyl-GPG (18:0) via DBP accounted for
9.82% (Fig. 6a), while that of 1-oleoyl-2-linoleoyl-GPE (18:1/18:2) via DBP accounted for —12.4% (Fig. 6b). The
indirect effect of octadecadienedioate (C18:2-DC) through coffee intake on IS risk accounted for —2.97% of the
total effect (Fig. 6¢). Similarly, the mediation effect of X-24,951 through BMI on IS was —2.85% (Fig. 6d).
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exposure nsnp method pval OR(95% CI) heterogeneity_Q_pval pleiotropy_pval
1-linoleoylglycerol (18:2) levels 13 MR Egger 0.062 —_—— 1.233 (1.012 t0 1.503) 0.85042910 0.2917683
1-linoleoyliglycerol (18:2) levels 13 Inverse variance weighted 0.005 = ol 1.112(1.032 t0 1.199) 0.81874258 0.2917683
1-stearoyl-GPG (18:0) levels 18 MR Egger 0.022 — 0.837 (0.729 to 0.960) 0.13268314 0.1706455
1-stearoyl-GPG (18:0) levels 18 Inverse variance weighted 0.004 L 2 0.917 (0.865 10 0.973) 0.09013318 0.1706455
S-methylicysteine sulfoxide levels 16 MR Egger 0.019 —_—— 1.246 (1.059 to 1.465) 0.81381665 0.1109043
S-methylcysteine sulfoxide levels 16 Inverse variance weighted 0.005 a2l 1.094 (1.027 t0 1.164) 0.66694363 0.1109043
4-methylcatechol sulfate levels 17 MR Egger 0172 @— 0.844 (0.669 to 1.064) 0.61838502 0.4659682
4-methylcatechol sulfate levels 17 Inverse variance weighted 0.006 [ 2 0.919 (0.866 t0 0.976) 0.64691706 0.4659682
1-oleoyl-GPG (18:1) levels 3 MR Egger 0.507 (o o 0.960 (0.885 to 1.042) 0.74835022 0.4655338
1-oleoyl-GPG (18:1) levels 3 Inverse variance weighted 0.001 o 0.925 (0.882 t0 0.969) 0.51036852 0.4655338
Glycodeoxycholate 3-sulfate levels 3 MR Egger 0.595 —@— 0.957 (0.851 to 1.076) 0.20921963 0.8544872
Glycodeoxycholate 3-sulfate levels 3 Inverse variance weighted 0.003 L 0.945 (0.909 to 0.981) 0.43557971 0.8544872
1-linoleoyl-GPG (18:2) levels 14 MR Egger 0.059 s o 0.921 (0.852 to 0.995) 0.21926608 0.7912082
1-linoleoyl-GPG (18:2) levels 14 Inverse variance weighted 0.001 ) 0.929 (0.889 10 0.971) 0.27636033 0.7912082
1-oleoyl-2-linoleoyl-GPE (18:1/18:2) levels 3 MR Egger 0350 00— 0.896 (0.785 to 1.022) 0.21926608 0.5763587
1-oleoyl-2-linoleoyl-GPE (18:1/18:2) levels 3 Inverse variance weighted 0.002 » 0.942 (0.908 t0 0.978) 0.27636033 0.5763587
1-linoleoyl-2-linolenoyl-GPC (18:2/18:3) levels 17 MR Egger 0.006 o ol 0.883 (0.818 0 0.953) 0.41199975 0.5763587
1-linoleoyl-2-linolenoyl-GPC (18:2/18:3) levels 17 Inverse variance weighted 0.005 L 0.943 (0.905 t0 0.982) 0.52490867 0.5763587
Octadecenedioate (C18:1-DC) levels 3 MR Egger 0.682 —— 0.970 (0.868 to 1.083) 0.30699159 0.6213972
Octadecenedioate (C18:1-DC) levels 3 Inverse variance weighted 0.003 ) 0.936 (0.897 0 0.978) 0.46742761 0.6213972
Octadecadienedioate (C18:2-DC) levels 4 MR Egger 0.495 o 0.969 (0.898 to 1.045) 0.59504798 0.4972319
Octadecadienedioate (C18:2-DC) levels 4 Inverse variance weighted <0.001 » 0.942 (0.909 to 0.976) 0.63364859 0.4972319
N-succinyl-phenylalanine levels 23 MR Egger 0.069 o 0.944 (0.889 to 1.001) 0.78834380 0.6408596
N-succinyl-phenylalanine levels 23 Inverse variance weighted 0.004 @ 0.955 (0.926 to 0.985) 0.82151234 0.6408596
1-palmitoyl-2-linoleoyl-gpc (16:0/18:2) levels 4 MR Egger 0140 00— 0.874 (0.782 10 0.976) 0.99839642 0.6872128
1-palmitoyl-2-linoleoyl-gpc (16:0/18:2) levels 4 Inverse variance weighted <0.001 o 0.894 (0.846 to 0.945) 0.97428086 0.6872128
X-11299 levels 13 MR Egger 0293 r—@—+ 0.924 (0.803 to 1.063) 0.49687927 0.8053095
X-11299 levels 13 Inverse variance weighted 0.003 L 2 0.909 (0.853 t0 0.969) 0.57740325 0.8053095
X-24546 levels 3 MR Egger 0.590 —e— 0.946 (0.817 to 1.094) 0.21192402 0.7668777
X-24546 levels 3 Inverse variance weighted 0.004 HH 0.922 (0.873 10 0.974) 0.40914173 0.7668777
X-24951 levels 3 MR Egger 0779 < @——> 0.892 (0.479 to 1.660) 0.18265348 0.7788717
X-24951 levels 3 Inverse variance weighted 0006 ®— 0.800 (0.683 t0 0.937) 0.36629090 0.7788717
Arginine to phosphate ratio 17 MR Egger 0.420 —0— 1.062 (0.921 t0 1.224) 0.52438195 0.8448350
Arginine to phosphate ratio 7 Inverse variance weighted 0.004 L 1.076 (1.023 t0 1.132) 0.59463252 0.8448350
Aspartate to mannose ratio 17 MR Egger 0.092 ——> 1.190 (0.985 to 1.438) 0.13654088 0.3867345
Aspartate to mannose ratio 7 Inverse variance weighted 0.004 [ ol 1.098 (1.030 to 1.170) 0.13928907 0.3867345
Cholesterol to linoleoyl-arachidonoyl-glycerol (18:2 to 20:4) [2] ratio 3 MR Egger 0343 e0—h 0.867 (0.733 t0 1.025) 0.59483653 0.7356641
Cholesterol to linoleoy! ly I (18:2 to 20:4) [2] ratio 3 Inverse variance weighted <0.001 o 0.898 (0.848 10 0.951) 0.78772914 0.7356641

I
1

Fig. 3. Effects of 19 potential causal metabolites on IS outcomes. Primary MR estimates were calculated using
the inverse-variance weighted method under multiplicative random effects. Using MR-PRESSO, we identified
19 metabolites that were causally associated with IS.

Phenome-wide MR (Phe-MR) analysis of IS-associated metabolites

To evaluate the effects of the nineteen IS-associated metabolites on other conditions, we conducted an extensive
MR screen of 3,948 diseases and traits in the UK Biobank. Metabolites are classified as “deleterious” if their effect
direction on a disease aligns with their effect on IS, and “beneficial” if the direction is opposite.

Notably, several metabolites showed significant associations with diseases known to be comorbid or
mechanistically linked with IS. For instance, 1-stearoyl-GPG (18:0), a metabolite positively associated with
IS, also showed risk associations with coronary atherosclerosis, heart disease, and hypercholesterolemia,
indicating shared vascular-metabolic pathways. Similarly, 1-linoleoylglycerol (18:2) was positively associated
with heart failure, asthma, and type 2 diabetes—all recognized IS risk factors—supporting its deleterious role
in cerebrovascular health. In contrast, Octadecadienedioate (C18:2-DC) exhibited protective effects against
hypertension, heart disease, and type 2 diabetes, suggesting its potential as a systemic cardiometabolic modulator.
X-24,951 was linked to hypertrophic cardiomyopathy and depression, implying a role in heart-brain axis
pathology, while also being inversely associated with hypercholesterolemia and valvular disease. Furthermore,
1-oleoyl-2-linoleoyl-GPE (18:1/18:2) demonstrated risk associations with hypertension and gastric ulcers but
protected against respiratory conditions like bronchitis and allergic rhinitis. Finally, S-methylcysteine sulfoxide,
although associated with digestive diseases, showed inverse associations with coronary atherosclerosis, asthma,
and musculoskeletal conditions. Together, these findings highlight that IS-associated metabolites often influence
diseases beyond stroke, particularly within cardiovascular, metabolic, and neuropsychiatric domains, offering
insights into comorbidity mechanisms and translational implications.

Discussion

This study is the first large-scale analysis employing GWAS data on 1,400 plasma to systematically identify
IS biomarkers. Using GWAS data on 1,091 plasma metabolites and 309 metabolite ratios, we provide robust
evidence of nineteen causal metabolites for IS. Elevated levels of 1-linoleoylglycerol (18:2), S-methylcysteine
sulfoxide, and the aspartate to mannose ratio were positively associated with IS, indicating risk factors. The
remaining sixteen metabolites show negative associations, suggesting they act as protective factors. A prior
study reported thirteen causal metabolites that did not overlap with ours, despite also focusing on a European
population, which may reflect differences in recruitment, outcome definitions, and overall study design. In
addition, we employed a lower significance threshold for instrument selection, enabling the detection of more
subtle associations that might have been excluded under stricter criteria. Importantly, all 19 metabolites in
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exposure nsnp method pval OR(95% CI) heterogeneity Q_pval pleiotropy_pval
BMI 74 MR Egger 0.985 - — 1.003 (0.725 to 1.388) 1.482431e-04 0.21144496
BMI 74 Weighted median <0.001 P 1.288 (1.122 to 1.480) NA 0.21144496
BMI 74 Inverse variance weighted <0.001 ) 1.220 (1.089 to 1.366) 1.072164e-04 0.21144496
BMI 74 Simple mode 0.041 —o— 1.352(1.018 0 1.796) NA 0.21144496
BMI 74 Weighted mode 0.041 o= 1.279 (1.014 t0 1.614) NA 0.21144496
DBP 188 MR Egger <0.001 00— 2.147 (1.594 t0 2.893) 9.582816e-21 0.04784356
DBP 188 Weighted median <0.001 = = 1.680 (1.443 t0 1.956) NA 0.04784356
DBP 188 Inverse variance weighted <0.001 o 1.632(1.437 10 1.852) 1.086207e-21 0.04784356
DBP 188 Simple mode 0.285 —— 1.266 (0.823 to 1.946) NA 0.04784356
DBP 188 Weighted mode <0.001 —— 2.047 (1.494 to0 2.804) NA 0.04784356
HDL 196 MR Egger <0.001 —— 2.207 (1.634 to 2.980) 3.102399e-23 0.22547913
HDL 196 Weighted median <0.001 = = 1.948 (1.690 to 2.246) NA 0.22547913
HDL 196 Inverse variance weighted <0.001 - 1.864 (1.641 10 2.116) 1.737056e-23 0.22547913
HDL 196 Simple mode <0.001 —— 2.094 (1.384 10 3.167) NA 0.22547913
HDL 196 Weighted mode <0.001 —— 2.246 (1.655 t0 3.046) NA 0.22547913
SBP 196 MR Egger <0.001 —0— 2.207 (1.634 to0 2.980) 3.102399e-23 0.22547913
SBP 196 Weighted median <0.001 = ol 1.948 (1.684 to 2.254) NA 0.22547913
SBP 196 Inverse variance weighted <0.001 o 1.864 (1.641 10 2.116) 1.737056e-23 0.22547913
SBP 196 Simple mode 0.002 — 2.094 (1.328 10 3.301) NA 0.22547913
SBP 196 Weighted mode <0.001 —— 2.246 (1.665 t0 3.028) NA 0.22547913
Type 2 diabetes 114 MR Egger 0.002 1.124 (1.046 to 1.209) 9.978073e-04 0.64795109
Type 2 diabetes 114 Weighted median <0.001 ’ 1.119 (1.067 to 1.174) NA 0.64795109
Type 2 diabetes 114 Inverse variance weighted <0.001 :b 1.107 (1.074 to 1.141) 1.166420e-03 0.64795109
Type 2 diabetes 114 Simple mode 0.086 b 1.090 (0.989 to 1.200) NA 0.64795109
Type 2 diabetes 114 Weighted mode <0.001 i 1.116 (1.062 to 1.174) NA 0.64795109
I I I I
0 1 2 3

Fig. 4. Causal effects of five risk factors on IS outcomes. MR analyses of the effect of risk factors on stroke
outcomes. GWAS data of IS risk factors from the IEU databases. Primary MR estimates were calculated using
the inverse-variance weighted method under multiplicative random effects. BMI, HDL, SBP, DBP, and T2D
demonstrated positive correlations with IS, identifying them as risk factors. BMI body mass index, HDL high-
density lipoprotein, SBP systolic blood pressure, DBP diastolic blood pressure, T2D type 2 diabetes.
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Fig. 5. Among the nineteen IS-associated metabolites, four were identified as being associated with one of the
IS risk factors. MR analyses of the effect of metabolites on IS and IS risk factors. The leftmost column shows
19 IS-associated metabolites. X-24,951 was identified as being associated with BMI. 1-stearoyl-GPG (18:0)
and 1-oleoyl-2-linoleoyl-GPE (18:1/18:2) were identified as being associated with DBP. Octadecadienedioate
(C18:2-DC) was identified as being associated with coffee intake. *Indicates that the causal association is
significant, which passed p <0.05, false discovery rate (FDR) < 0.2, consistent OR direction across five MR
methods, and pleiotropy >0.05. BMI body mass index, LDL low-density lipoprotein, HDL high-density
lipoprotein, non-HDL non-high-density lipoprotein, SBP systolic blood pressure, DBP diastolic blood
pressure, T2D type 2 diabetes, CHD coronary heart disease.
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Fig. 6. Mediation effects of metabolites on IS via risk factors. Mediation analyses to quantify the effects of four
metabolites on IS outcomes via risk factors. (a) 1-stearoyl-GPG (18:0) levels effect on IS mediated by DBP.

(b) 1-oleoyl-2-linoleoyl-GPE (18:1/18:2) effect on IS mediated by DBP. (¢) Octadecadienedioate (C18:2-DC)
effect on IS mediated by coffee intake. (d) X-24,951 effect on IS mediated by BML. B, : effects of exposure

on mediator, effects of mediator on outcome, B, effects of exposure on outcome. IVs instrumental
variables.

Buor

our study met the screening criteria of p<0.05, FDR<0.2, consistent OR direction in five MR methods, and
pleiotropy>0.05, underscoring the reliability of our findings. We identified eleven risk factors causally related
to IS, including BMI, HDL, SBP, DBP, and T2D, indicating their crucial role in IS pathogenesis, consistent with
classical epidemiological data®*”-3°. Conversely, LDL, non-HDL, smoking, alcohol consumption, coffee intake,
and CHD were negatively associated with IS, acting as protective factors, which contrasts with epidemiological
data. Our analysis indicates that the associations between 1-stearoyl-GPG (18:0), 1-oleoyl-2-linoleoyl-GPE
(18:1/18:2), octadecadienedioate (C18:2-DC), and X-24,951 levels with IS may be mediated by risk factors like
BMI, DBP, and coffee intake. Additionally, we identified 132 other metabolites with causal relationships to these
risk factors. The Phe-MR analysis highlighted the bidirectional effects of the 19 IS-associated metabolites on
other conditions.

BMI, HDL, SBP, DBP, and T2D were causally associated with increased IS risk. Previous studies have shown
that increased BMI significantly elevates stroke risk. Reducing BMI through lifestyle changes and dietary
control can significantly lower this risk?’. Changes in HDL composition appear to correlate with the severity and
outcomes of acute ischemic stroke, potentially serving as biomarkers for risk stratification and management?*!.
The China Hypertension Cohort Study revealed that elevated blood pressure (DBP/SBP) is positively associated
with stroke incidence, supporting our results*2. Other studies also support the causal relationship between T2D
and IS risk, indicating that genetic susceptibility to T2D and higher HbAIc levels are linked to increased risk of
large-artery and small-vessel ischemic strokes®>. Conversely, LDL, non-HDL, smoking, alcohol consumption,
coffee intake, and CHD were negatively associated with IS. Studies have shown that LDL is negatively associated
with 1S*, consistent with our findings. Most previous studies investigating the relationship between elevated
non-HDL cholesterol levels and IS risk have found correlations, suggesting that elevated non-HDL cholesterol
might be a better marker for IS risk?>*, In this study, we found for the first time that non-HDL cholesterol is
negatively associated with IS risk, a result warranting further investigation. Smoking is a well-established risk
factor for stroke occurrence and poor prognosis. The correlation between a family history of stroke and IS risk
is more pronounced among smokers but is not observed among those who have quit smoking for over ten years
or never smoked*’. Recent data indicate that active smoking or exposure to environmental tobacco smoke (ETS)
is linked to increased risks for all types of strokes, including their major pathological and etiological subtypes®:.
Despite our contrary findings showing that smoking is negatively associated with IS, we still encourage younger
individuals to avoid smoking, promote quitting, and support smoke-free environments. Traditional observational
epidemiological studies have found that, compared to non-drinkers, moderate alcohol consumers have a
slightly reduced risk of IS, aligning with our findings. However, a recent study indicated that increased alcohol
consumption consistently raises blood pressure levels and subsequently increases stroke risk?®. This research,
derived from the CKB project, included prospective follow-up and genetic data from 160,000 adults, suggesting
that moderate alcohol consumption does not protect against stroke and that even low levels of alcohol intake
may increase stroke risk. Large-scale cohort studies have previously found that drinking coffee may be linked to
reduced risks of stroke, dementia, and post-stroke dementia®. This study showed that compared to non-coffee
drinkers, people who consume 2-3 cups of coffee daily have a 32% reduced risk of stroke and a 28% reduced
risk of dementia. Coffee contains polyphenols and other bioactive compounds with potentially beneficial health
effects, such as neuroprotection, antioxidative stress, anti-inflammation, inhibition of B-amyloid accumulation,
and anti-apoptotic properties®. Previous research has demonstrated that age-adjusted stroke incidence rates
more than doubled among patients with CHD, including acute coronary syndrome (ACS), compared to those
without CHD?!. This contrasts with our findings. Our results partially contradict the existing literature. Possible
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reasons for identifying LDL and smoking as “protective factors” include the broad phenotype definitions in
GWAS, which may overlook details such as smoking intensity or LDL subtypes; a “survivor bias” that excludes
high-risk individuals from the final sample; unaddressed heterogeneity among stroke subtypes; and the inability
to fully eliminate residual pleiotropy. Moreover, MR captures lifetime genetic exposure, differing from short-
term or behavior-based effects. Future research employing larger cohorts, delineated stroke subtypes, and
functional validation will be crucial to reconciling these discrepancies and strengthening causal inferences.

Metabolomics represents a highly promising approach for biomarker identification. Unlike other analytical
techniques, its advantage lies in providing a comprehensive spectrum of low molecular weight metabolites
rather than focusing on a single molecular profile. Alterations in metabolite concentrations during cerebral
ischemia can profoundly affect primary neuronal function®’.. MR analysis of 1,400 plasma metabolites with
IS revealed that 1-linoleoylglycerol (18:2), S-methylcysteine sulfoxide, and the aspartate-to-mannose ratio
are positively correlated with IS, serving as risk factors. In contrast, the following metabolites were negatively
associated with IS, acting as protective factors: 1-stearoyl-GPG (18:0), 4-methylcatechol sulfate, 1-oleoyl-GPG
(18:1), glycodeoxycholate 3-sulfate, 1-linoleoyl-GPG (18:2), 1-oleoyl-2-linoleoyl-GPE (18:1/18:2), 1-linoleoyl-
2-linolenoyl-GPC (18:2/18:3), octadecenedioate (C18:1-DC), octadecadienedioate (C18:2-DC), N-succinyl-
phenylalanine, 1-palmitoyl-2-linoleoyl-GPC (16:0/18:2), X-11,299, X-24,546, X-24,951, arginine to phosphate
ratio, and cholesterol-to-linoleoyl-arachidonoyl-glycerol (18:2 to 20:4) [2]. Among the 19 metabolites causally
associated with IS, we identified two—1-stearoyl-GPG (18:0) and 1-oleoyl-2-linoleoyl-GPE (18:1/18:2)—that
are potentially negatively associated with IS risk by modulating DBP. Notably, 1-stearoyl-GPG (18:0) was also
identified in a study distinguishing elite and non-elite athletes, indicating genetic tendencies for elite athletic
performance®. This metabolite might reduce IS risk by influencing DBP after intense exercise. 1-oleoyl-2-
linoleoyl-GPE (18:1/18:2), known as PE (18:1(9Z)/18:2(9Z,12Z)), plays an essential regulatory role in central
nervous system diseases like Parkinson’s and Alzheimer’s diseases, with DBP being a known risk factor for these
conditions®*>. Additionally, we identified that octadecadienedioate (C18:2-DC) and X-24,951 are potentially
negatively associated with IS risk by regulating coffee intake and BMI, respectively. Further research is needed
to understand the relationship and mechanisms of these metabolites with IS. It is noteworthy that some analyses
revealed a “negative mediation effect;” meaning the metabolite’s influence on the mediator opposes the mediator’s
effect on IS. Rather than amplifying risk, this suggests the mediator may buffer or suppress the causal pathway. Such
findings imply complex biological processes, possibly involving pleiotropy or compensatory responses. Further
research, including functional assays or refined stratification by IS subtype, could clarify these mechanisms and
inform targeted interventions. For metabolites identified in the MR analysis as positively associated with IS,
we performed a multitrait colocalization analysis using the Hyprcoloc package®. Unfortunately, the positive
metabolites identified through our MR analysis weren't replicated through colocalization. Recent research
indicates that a lack of colocalization evidence does not invalidate findings, as colocalization methods have a
high false-negative rate, often around 60%>’. Therefore, despite the absence of the same positive metabolites in
our multitrait colocalization analysis, it does not undermine the robustness of our study results. However, we
acknowledge that our colocalization findings require validation in independent datasets, limiting the robustness
of causal interpretations. Current methods (e.g., coloc, Hyprcoloc) assume a single causal variant and rely on
accurate LD estimation, potentially introducing biases in regions with complex LD or small samples. Future
work should confirm these results in larger cohorts, employ multiple-signal tools (e.g., SuSiE, eCAVIAR), and
integrate functional assays to strengthen causal inferences.

The results of the phenome-wide MR analysis underscore the systemic influence of IS-associated metabolites,
revealing interconnected pathways that extend beyond the cerebrovascular domain. Several metabolites, including
1-stearoyl-GPG (18:0) and 1-linoleoylglycerol (18:2), demonstrated consistent risk profiles for both IS and
other cardiovascular, metabolic, or respiratory conditions, suggesting shared pathophysiological mechanisms.
Conversely, metabolites such as octadecadienedioate (C18:2-DC) displayed protective effects against conditions
frequently comorbid with IS, including hypertension and type 2 diabetes. These cross-disease associations
emphasize the need to view IS not as an isolated entity but as part of a broader cardiometabolic continuum,
wherein specific metabolites could serve as key mediators. In addition, the linkage of certain metabolites, like
X-24,951, with both cardiovascular and neuropsychiatric conditions signals a heart-brain interplay that may
inform future research on integrative preventive strategies. Protective or deleterious roles observed across
multiple disease phenotypes highlight potential therapeutic targets, enabling a more personalized approach to
intervention. Overall, this Phe-MR analysis advances our understanding of how IS-related metabolites influence
a wide spectrum of disorders, providing valuable insights into shared molecular pathways and offering avenues
for novel diagnostic, prognostic, and therapeutic developments.

Conclusion

In conclusion, we identified four human plasma metabolites with causal relationships to both IS and its risk
factors. Our analysis revealed their mediating effects on IS through one or more risk factors. Using Phe-MR
analysis of 3,948 phenotypes associated with the target metabolites, we found that these four metabolites
influenced other conditions in the same direction as IS, all of which were protective. These findings provide
new insights into screening, prevention, and treatment of IS using these metabolites as biomarkers. However, it
is important to acknowledge the current lack of sufficient evidence supporting the associations between these
metabolites and IS risk. We advocate for rigorously designed, large-sample, prospective cohort studies to confirm
whether these metabolites can serve as definitive biomarkers for IS. Future research should focus on elucidating
the pathways and biological processes involving these biomarkers to better understand the specific mechanisms
by which they mediate IS.
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Data availability

The datasets used in this study are publicly available summary datasets and can be found in cited papers, in the
IEU OpenGWAS Project repository [https://gwas.mrcieu.ac.uk/], in the GWAS Catalogue repository [http://ftp
.ebi.ac.uk/pub/databases/gwas/summary_statistics/], or in the UK Biobank website [https://biobank.ndph.ox.a
c.uk/showcase/search.cgi]. There are no restrictions on data availability other than those imposed by the corre-
sponding data committee.
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