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Abstract

Background and purpose: Previous observational studies have identified correlations
between liver enzyme levels and stroke risk. However, the strength and consistency of
these associations vary. To comprehensively evaluate the relationship between liver en-
zymes and stroke risk, we conducted meta-analyses complemented by Mendelian rand-
omization (MR) analyses.

Methods: Following the PRISMA guidelines, we performed meta-analyses of prospec-
tive studies and conducted subgroup analyses stratified by sex and stroke subtype.
Subsequently, adhering to the STROBE-MR guidelines, we performed two-sample bi-
directional univariable MR (UVMR) and multivariable MR (MVMR) analyses using the
largest genome-wide association studies summary data. Finally, the single-nucleotide
polymorphisms associated with liver enzymes on sex differences underwent gene an-
notation, gene set enrichment, and tissue enrichment analyses.

Results: In the meta-analyses of 17 prospective studies, we found the relative risks for
serum y-glutamyl transferase (GGT) and alkaline phosphatase (ALP) were 1.23 (95% ClI:
1.16-1.31) and 1.3 (95% ClI: 1.19-1.43), respectively. Subgroup analyses revealed sex and
stroke subtype differences in liver enzyme-related stroke risk. Bidirectional UVMR analy-
ses confirmed that elevated GGT, alanine aminotransferase, and aspartate aminotrans-
ferase levels were associated with increased stroke occurrence. The primary results from
the MVMR analyses revealed that higher ALP levels significantly increased the risk of
stroke and ischemic stroke. Gene set and tissue enrichment analyses supported genetic
differences in liver enzymes across sexes.

Conclusions: Our study provides evidence linking liver enzyme levels to stroke risk, sug-
gesting liver enzymes as potential biomarkers for early identification of high-risk indi-
viduals. Personalized, sex-specific interventions targeting liver enzymes could offer new

strategies for stroke prevention.
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INTRODUCTION

Stroke is a prominent contributor to early mortality and enduring
incapacitation on a global scale [1]. The fatalities, cognitive decline,
and impairments induced by stroke worldwide obviously diminish
life quality and burden economies and societies, rendering it a sub-
stantial public health concern [2]. The increasing burden and costs
associated with stroke management underscore the urgent need
for effective stroke prevention strategies. It is noteworthy that
over 90% of stroke cases arise from potentially modifiable risk fac-
tors, with more than 75% of this burden being potentially reducible
through the management of metabolic and behavioral risk factors
(3.

Serum liver enzymes, encompassing y-glutamyl transferase
(GGT), alkaline phosphatase (ALP), alanine aminotransferase (ALT),
and aspartate aminotransferase (AST), are commonly utilized as clin-
ical indicators for evaluating liver function. However, these enzymes
are not exclusively indicative of liver pathology [4]. Isoenzyme GGT1
primarily participates in the metabolism of glutathione and the reg-
ulation of redox balance, while GGT5 is expressed in various tis-
sues and additionally plays a crucial role in inflammatory responses
through the conversion of leukotrienes [5]. ALP is differentiated into
placental, intestinal, germ cell, and tissue-nonspecific isoenzymes
based on tissue types, with tissue-nonspecific ALP essential for bone
mineralization and neuronal differentiation [6]. ALT, or glutamate-
pyruvate transaminase (GPT), exists as GPT1 in serum and GPT2 in
mitochondria [7]. AST, known as glutamate-oxaloacetate transam-
inase (GOT), is widely distributed and functions in both the serum
(GOT1) and mitochondria (GOT2) [7]. Therefore, serum liver en-
zyme levels may indicate broader multi-tissue biological processes.
Multiple studies have found associations between liver enzyme lev-
els and the risk of stroke; nonetheless, the results remain controver-
sial and inconclusive [8, 9].

In observational studies, inevitable confounding factors af-
fect the causal inference of liver enzyme levels in stroke risk.
Consequently, genetic analyses independent of external factors
and disease progression might mitigate confounding effects and re-
verse causality. Mendelian randomization (MR), an epidemiological
method, aids in establishing causal relationships in exposure-out-
come associations by employing genetic variation as instrumental
variables for exposure [10]. Here, we conducted meta-analyses to
summarize existing evidence from traditional observational stud-
ies and performed two-sample bidirectional univariable Mendelian
randomization (UVMR) and multivariable Mendelian randomization
(MVMR) analyses to investigate the association between four liver
enzyme levels and stroke risk. Our aim was to provide a compre-
hensive evaluation of these associations, thereby contributing to the
foundation for stroke prevention strategies.

alanine transaminase, alkaline phosphatase, aspartate aminotransferase, gamma-
glutamyltransferase, ischemic stroke

METHODS
Study registration and methodological compliance

The meta-analyses conducted in this study were registered under
PROSPERO (ID: CRD42024525733), and strictly followed the
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) [11] guidelines (Supporting Information File 1).
The MR methods were compliant with the STROBE-MR checklist
[12]; further details can be found in Supporting Information File
2. Figure 1 illustrates the PRISMA flow diagram and MR analyses

workflow.

Meta-analyses of observational studies

We searched electronic databases (PubMed, Embase, and Scopus)
for prospective studies, cohort studies, follow-up studies, and real-
world studies from inception to February 26, 2024. The search strat-
egy included a combination of MeSH (Medical Subject Headings)
terms and free-text terms, as well as a comprehensive set of key-
words related to exposures (e.g., “gamma-glutamyl transferase,”
“alkaline phosphatase,” “alanine aminotransferase,” “aspartate
aminotransferase,” etc.) and outcome (stroke). We also manually
checked reference lists to identify additional potential studies and
restricted the search to studies conducted on humans. There were
no language or publication date restrictions. Detailed records of
the search conducted for all databases are listed in the Supporting
Information File 3.

Studies meeting the following criteria were included: (i) baseline
levels of liver enzymes (GGT, ALP, ALT, AST) were measured in a
general adult population, encompassing both individuals with nor-
mal and slightly elevated enzyme levels; (ii) a follow-up period of at
least 1year; (iii) provision of effect size for stroke outcomes; and (iv)
exclusion of participants with a history of stroke or liver disease.
Two researchers (C.L. and L.G.) independently screened the titles
and abstracts of the literature and obtained the full-text articles of
potentially relevant studies. The quality of the included studies was
evaluated using the Newcastle-Ottawa Scale [13], assigning each
study a “star rating.” Quality was classified as good (27 stars), fair
(4-6 stars), or poor (<4 stars). The extracted data comprised the first
author's surname, publication year, duration of follow-up, number of
participants, demographic characteristics (age, sex, body mass index
[BMI], smoking and drinking status, population), metabolic param-
eters (blood glucose, blood pressure, lipid profile, liver enzymes),
number of stroke cases, stroke subtypes and incidence, as well as
adjusted relative risks (RRs) and 95% confidence intervals (Cls), and
adjusted risk factors. For odds ratios (ORs), the data was transformed
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FIGURE 1 PRISMA flow diagram for study selection for the systematic review (a) and workflow for Mendelian randomization analyses
(b). ALP, alkaline phosphatase; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, y-glutamyl transferase; MR, Mendelian
randomization; MVMR, multivariable Mendelian randomization; PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-
Analyses; SNP, single-nucleotide polymorphism; UVMR, univariable Mendelian randomization.

into RR using the formula: RR=0R/([1-pRef] +[pRefx OR]), where
pRef is the prevalence of the outcome in the reference group [14].
Any discrepancies were resolved by consensus of a third author
(F.-Y.S.).

After data extraction, subsequent meta-analyses were con-
ducted by stratifying based on four specific liver enzymes. Given the
clinical and methodological variations among the included studies,
such as variances in baseline characteristics of subjects, duration of
follow-up, and adjustment for confounding factors, the DerSimonian
and Laird random-effects model was employed to present the find-
ings, regardless of the presence of heterogeneity [15]. In instances
where heterogeneity is absent in the pooled data, the results of both
the random-effects and fixed-effects models are similar; never-
theless, if substantial heterogeneity is present, the random-effects
model is deemed more conservative [14]. To validate the findings
further, both fixed and random-effects models were applied in forest
plots. Heterogeneity among studies was assessed using Cochran's Q
test and the I” statistic. A P e 20-10 and 1> <50% indicated non-
significant heterogeneity among the included studies [16]. Subgroup
analyses were conducted based on sex, stroke subtype, and the in-
teraction between stroke subtype and sex. We also conducted sub-
group comparisons between different populations, where data were
available. Publication bias was evaluated via funnel plots alongside
Egger and Begg tests [14]. Sensitivity analyses were conducted to

evaluate the influence of individual studies on the estimated RR. The

analyses were performed using Stata (version 15.0).

MR analyses

Summary data for serum levels of three liver enzymes (ALT,
ALP, GGT) were collected from genome-wide association stud-
ies (GWASs) including 437,438 individuals of European ancestry
[17]. Serum AST data was obtained from the GWAS data including
436,275 individuals of European ancestry from the UK Biobank
(UKB) [18]. GWAS summary data related to stroke were acquired
from the GIGASTROKE consortium, including 73,652 stroke
cases and 1,234,808 controls of European ancestry [19]. The
GIGASTROKE study encompasses 62,100 cases of ischemic stroke
(1S), systematically identified according to the Trial of ORG 10172
in Acute Stroke Treatment (TOAST) criteria, and three distinct IS
subtypes were classified: large vessel atherosclerosis stroke (LVS,
n=6399), small vessel occlusion stroke (SVS, n=6811), and cardi-
oembolic stroke (CES, n=10,804). GWAS data for subarachnoid
hemorrhage (SAH) and intracerebral hemorrhage (ICH) were de-
rived from FinnGen [20], with SAH comprising 3532 cases and
371,753 controls, and ICH comprising 7040 cases and 374,631
controls. Additionally, GWAS summary data for total cholesterol
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levels (TC), hypertension (HT), smoking initiation (Sl), drinks per
week (DPW), type 2 diabetes mellitus (T2DM), and BMI were ob-
tained for adjusting confounding factors [21-25].

We rigorously uphold the three key assumptions: relevance,
exchangeability, and exclusion restriction principle, during the
execution of our MR analyses. Single-nucleotide polymorphisms
(SNPs) closely associated with serum enzyme activity of individ-
ual liver enzymes were identified using a significance threshold
of 5e-8. This threshold was chosen to ensure strong instrument
relevance while minimizing the risk of false-positives, a standard
practice in large-scale GWAS-based MR analyses [19]. Linkage dis-
equilibrium (LD) among SNPs was alleviated (r? <0.001, kb =1000)
to ensure the independence of instrumental variables. Each SNP
was examined using the online tools LDtrait [26] and Ensembl
[27] to evaluate its correlation with confounding variables. This
additional step was critical to ensure that the selected SNPs were
not associated with potential confounders, thus addressing the
exchangeability assumption in MR analysis. SNPs related to con-
founding factors were removed, and MR-PRESSO was used for
outlier detection (p <0.05) [28]. After estimating the phenotypic
variance explained by instrumental variables (R?) and calculating
the F-statistics to assess their strength, we conducted UVMR
analyses following the removal of weak instrument bias (F-value
<10) for SNPs [29].

To address potential pleiotropy, we employed several sensi-
tivity analyses, including tests for heterogeneity, MR-Egger re-
gression, and the weighted median method. These methods are
specifically designed to detect and adjust for pleiotropy, ensur-
ing that any observed associations are not driven by pleiotropic
effects of the SNPs. MR-Egger, for example, can test for direc-
tional pleiotropy, while the weighted median method can provide
reliable estimates even when up to 50% of the SNPs are invalid.
Additionally, we performed pleiotropy tests, constructed funnel
plots, and conducted leave-one-out analyses to ensure the ful-
fillment of the key assumptions of MR. These steps allowed us
to further confirm the robustness of our results, accounting for
any potential violations of the MR assumptions. In the reverse MR
analyses, a screening threshold of p<1x 107> was applied due to
limited SNP availability.

Since MR assesses the “total” effect of exposure on the out-
come, while MVMR evaluates the “direct” effect of each expo-
sure on the outcome [30], we utilized MVMR analyses to further
evaluate the causal relationship between each liver enzyme and
stroke. To alleviate markedly multicollinearity issues resulting
from excessive exposure variables, each liver enzyme underwent
bidirectional UVMR analyses, utilizing common adjustment fac-
tors from observational studies including TC, HT, SI, DPW, T2DM,
and BMI. The significant adjustment factors identified were sub-
sequently incorporated as covariates in MVMR analyses model 1.
This approach ensured that key confounding variables, known to
influence both liver enzyme levels and stroke risk, were appropri-
ately accounted for. To mitigate the mutual influence among liver
enzymes, we performed model 2 MVMR analyses, which included

additional adjustment for the other three liver enzymes. By adjust-
ing for the other liver enzymes in model 2, we aimed to isolate the
independent effects of each enzyme on stroke risk, thus strength-
ening the validity of our findings.

Analyses were performed using R packages TwoSampleMR
(version 0.5.8) [31], MR-PRESSO (version 1.0), and LDIlinkR (ver-
sion 1.3.0) [26] in R version 4.2.3. A P-threshold of 0.05/3 (num-
ber of stroke subtypes or IS subtypes) was defined as statistical

significance.

Enrichment analyses

FUMA was employed to conduct gene annotation and tissue enrich-
ment analyses for significant SNPs (p <5e-8) associated with liver
enzymes based on sex differences [32]. Furthermore, gene set en-
richment analyses were carried out using clusterProfiler (version
4.5.1) [33].

RESULTS
Meta-analyses of observational studies

The study retrieved 1069 publications from electronic databases
and other sources. After evaluating these studies and their refer-
enced reviews, we included 17 studies investigating the correla-
tion between serum GGT (n=13), ALP (n=5), ALT (n=6), and AST
(n=4) levels and stroke risk (Supporting Information File 3). These
studies involved a combined population of 2,365,837 individuals,
with 35,484 stroke patients and 2,330,353 controls. Detailed in-
formation for each study can be found in Table 1. The average
Newcastle-Ottawa Scale score was 8.3 (range: 6-9), suggesting
a relatively high quality of the included studies, as described in
Table S1.

The meta-analyses revealed a significant association between
elevated serum GGT and ALP levels and an increased risk of stroke,
whereas heightened ALT and AST levels showed no significant al-
teration in stroke risk (Figure 2). Compared with the low GGT level
group, the high GGT level group had a 23% increased risk of stroke
(RR: 1.23, 95% Cl: 1.16-1.31). Likewise, individuals with elevated
serum ALP levels had a 30% increased risk of stroke (RR: 1.3, 95%
Cl: 1.19-1.43) compared with those with lower serum ALP levels.
Sensitivity analyses revealed that all studies, except for Baek 2023
in the GGT group, passed sensitivity testing, as shown in Figure S1.
However, after excluding the study by Baek et al., the result of
meta-analysis did not reveal any changes in directional consistency
or significance of the overall effect (RR: 1.19, 95% Cl: 1.14-1.25;
Figure S2).

In the subgroup analyses related to GGT, no heterogeneity
was observed within any subgroup based on sex or stroke subtype
(Figure 3). Thus, it is postulated that the heterogeneity observed
in the total meta-analysis associated with GGT (Figure 2) may be
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Kim 2005 78.62 1.03 (0.95-1.11)
Yang 2020 3.96 1.02 (0.66-1.58)
Wang 2022 8.75 1.00 (0.75-1.34)
Arafa 2023 8.67 1.35(1.01-1.81)
D+L Overall (I-squared = 6.1%, p = 0.363) 100 1.05 (0.96-1.15)
1-V Overall 1.04 (0.97-1.12)

FIGURE 2 Forest plot for the associations of serum y-glutamyl transferase (n=13), alkaline phosphatase (n=>5), alanine aminotransferase
(n=6), and aspartate aminotransferase (n=4) with risk of stroke. Squares represent the estimate of relative risk for each study; the
horizontal lines represent the 95% confidence interval (95% Cl), and diamonds represent the overall estimate and its 95% ClI. ALP, alkaline
phosphatase; ALT, alanine aminotransferase; AST, aspartate aminotransferase; Cl, confidence interval; D +L, DerSimonian and Laird random
effects model; GGT, y-glutamyl transferase; |-V, inverse variance fixed effects model; RR, relative risk.

attributed to sex or stroke subtype. As shown in Figure 3, the RR an increased risk of IS and ICH, with RRs (95% Cl) of 1.26 (1.17-1.35)
(95% ClI) for IS, ICH, and hemorrhagic stroke (HS) in individuals with and 1.31 (1.05-1.64), respectively. Conversely, among females, the
high GGT levels were 1.21 (1.11-1.33), 1.13 (1.05-1.21), and 1.98 risk of IS increased (RR: 1.36, 95% Cl: 1.28-1.45) without an in-
(1.72-2.28), respectively. Males with high baseline GGT levels had creased risk of ICH (RR: 0.97, 95% Cl: 0.90-1.04).

FIGURE 3 Subgroup analyses on the associations of serum y-glutamyl transferase level with stroke stratified by sex, stroke subtype, and
stroke subtype-sex. Squares represent the estimate of relative risk for each study; the horizontal lines represent the 95% confidence interval
(95% Cl), and the diamonds represent the overall estimate and its 95% Cl. Cl, confidence interval; D +L, DerSimonian and Laird random
effects model; GGT, y-glutamyl transferase; HS, hemorrhagic stroke; ICH, intracerebral hemorrhage; IS, ischemic stroke; |-V, inverse variance
fixed effects model; RR, relative risk; SAH, subarachnoid hemorrhage.
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SAH

Jousilahti 2000 I
Stroke Subtype-Sex
IS-male
Jousilahti 2000
Wang 2022
Arafa 2023
D+L Subtotal (I-squared = 0.0%, p = 0.501)
1-V Subtotal
IS-female
Jousilahti 2000
Wang 2022
Arafa 2023
D+L Subtotal (I-squared = 0.0%, p = 0.885)
1-V Subtotal
ICH-male
Jousilahti 2000
Wang 2022
D+L Subtotal (I-squared = 256.5%, p = 0.247)
1-V Subtotal
ICH-female
Jousilahti 2000 }

Wang 2022
D+L Subtotal (I-squared = 0.0%, p = 0.581)
1-V Subtotal
SAH-male
Jousilahti 2000 |

SAH-female
Jousilahti 2000

Weight% RR (95%Cl)

6.74
8.33
11.12
3.51
7.68
43.34
1.18
81.9

497
1.1
8.46
2.33
1.23
18.1

13.27
14.73
11.06
16.01
6.29
61.37

13.76
5.1
18.86

2.33
15.88
18.21

1.56

10.71
16
3.41
30.13

9.23
16.36
277
28.36

3.43
16
19.43

16.1
17.71

1.41

2.97

1.24 (1.03-1.50)
1.12 (0.93-1.30)
1.10 (0.94-1.25)
1.56 (1.20-2.04)
1.11 (0.93-1.32)
1.25 (1.18-1.32)
1.76 (1.11-2.81)
1.21 (1.12-1.32)
1.23 (1.17-1.28)

1.33 (1.06-1.65)
1.45 (0.90-2.34)
1.17 (0.99-1.38)
1.15 (0.83-1.60)
1.26 (0.80-1.98)
1.23 (1.10-1.38)
1.23 (1.10-1.38)

1.34 (1.14-1.58)
1.11 (0.99-1.25)
1.06 (0.84-1.33)
1.24 (1.17-1.33)
1.65 (1.09-2.50)
1.21 (1.11-1.33)
1.22 (1.16-1.28)

2.02 (1.74-2.34)
1.56 (0.96-2.54)
1.98 (1.72-2.28)
1.98 (1.72-2.28)

1.23 (0.55-2.74)
1.13 (1.05-1.21)
1.13 (1.05-1.21)
1.13 (1.05-1.21)

1.18 (0.43-3.21)

1.29 (1.04-1.60)
1.25 (1.16-1.35)
1.74 (1.00-3.04)
1.26 (1.17-1.35)
1.26 (1.17-1.35)

1.42 (1.10-1.84)
1.36 (1.27-1.44)
1.54 (0.82-2.90)
1.36 (1.28-1.45)
1.36 (1.28-1.45)

1.74 (1.00-3.03)
1.25 (1.16-1.35)
1.31 (1.05-1.64)
1.26 (1.17-1.36)

0.76 (0.32-1.80)
0.97 (0.90-1.04)
0.97 (0.90-1.04)
0.97 (0.90-1.04)
0.66 (0.26-1.66)

1.85 (1.01-3.39)
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In the subgroup analyses concerning ALP, significant differences
in stroke risk linked to elevated ALP levels were apparent across
sexes (Figure 4). Stroke risk was higher in males, with an RR (95%
Cl) of 1.47 (1.25-1.72), whereas females did not exhibit an elevated
stroke risk, with an RR (95% CI) of 1.21 (0.98-1.49). Subgroup anal-
ysis based on stroke subtype revealed that high ALP levels were
associated with an increased risk of IS and HS in the general pop-
ulation, with RRs (95% CI) of 1.26 (1.07-1.48) and 1.80 (1.33-2.44),

respectively. Additional analysis based on stroke subtype and sex
revealed that heightened ALP levels correlated with a higher risk of
both IS and HS in males, with RRs (95% Cl) of 1.45 (1.16-1.81) and
1.76 (1.17-2.65). However, females displayed an increased risk of HS,
indicated by an RR (95% Cl) of 1.88 (1.13-3.12), while not experienc-
ing a corresponding increase in IS risk (RR: 1.04, 95% CI: 0.81-1.33).

In subgroup analyses of ALT, we found no association between

elevated ALT levels and stroke risk across sexes or stroke subtypes

_Stwdy bl ______ Weight’s _RR (95%Cl)
Sex
Male
Shimizu 2013 I L | 9.96 1.79 (1.20-2.68)
Wannamethee 2013 H— 10.67  1.36 (0.92-2.00)
Liu 2023 —a— 4395 1.43(1.18-1.73)
D+L Subtotal (I-squared = 0.0%, p = 0.561) i 64.58 1.47 (1.25-1.72)
1=V Subtotal i 1.47 (1.25-1.72)
Female
Shimizu 2013 A 9.22 1.29 (0.85-1.96)
Liu 2023 H—a— 26.2 1.18 (0.92-1.51)
D+L Subtotal (I-squared = 0.0%, p = 0.719) —— 35.42  1.21(0.98-1.49)
1-V Subtotal e 1.21 (0.98-1.49)
Stroke Subtype
1S
Shimizu 2013 I L { 3.74 1.23 (0.56-2.74)
Liu 2023 —a— 3523 1.26 (1.07-1.50)
D+L Subtotal (I-squared = 0.0%, p = 0.954) o 38.97 1.26 (1.07-1.48)
1=V Subtotal ~— 1.26 (1.07-1.48)
HS
Shimizu 2013 [ - | 6.78 2.23 (1.26-3.96)
Liu 2023 [ | 14.88 1.66 (1.16-2.36)
D+L Subtotal (I-squared = 0.0%, p = 0.391) e — 21.67 1.80(1.33-2.44)
1=V Subtotal e —— 1.80 (1.33-2.44)
ICH
Wieberdink 2011 i 39.36  1.20 (1.04-1.39)

Stroke Subtype-Sex

IS-male
Shimizu 2013 I L i 11.25 1.83(1.11-2.99)
Liu 2023 —a— 2576  1.37 (1.11-1.70)
D+L Subtotal (I-squared = 9.6%, p = 0.293) —— 37.01  1.45(1.16-1.81)
1~V Subtotal i 1.43 (1.18-1.74)
HS-male
Shimizu 2013 [ i 4.66 1.80 (0.76-4.28)
Liu 2023 I L { 1224 1.75(1.10-2.79)
D+LSubtotal (I-squared = 0.0%, p = 0.955) e —— 16.91  1.76 (1.17-2.65)
-V Subtotal e — 1.76 (1.17-2.65)
IS-female
Shimizu 2013 A 9.1 0.81 (0.46-1.45)
Liu 2023 —— 21.31 1.10 (0.83-1.45)
D+L Subtotal (I-squared = 0.0%, p = 0.347) 30.4 1.04 (0.81-1.33)
|1~V Subtotal I 1.04 (0.81-1.33)
HS-female
Shimizu 2013 | - 5.73 2.64 (1.23-5.7)
Liu 2023 I | 9.96 1.54 (0.90-2.65)
D+L Subtotal (I-squared = 21.2%, p = 0.260) e —— 15.68 1.88 (1.13-3.12)
1=V Subtotal e ——— 1.84 (1.18-2.86)
T T T T T
0 1 2 3 4

FIGURE 4 Subgroup analyses on the associations of serum alkaline phosphatase level with stroke stratified by sex, stroke subtype,

and stroke subtype-sex. Squares represent the estimate of relative risk for each study; the horizontal lines represent the 95% confidence
interval (95% Cl), and the diamonds represent the overall estimate and its 95% CI. ALP, alkaline phosphatase; Cl, confidence interval; D+L,
DerSimonian and Laird random effects model; HS, hemorrhagic stroke; ICH, intracerebral hemorrhage; IS, ischemic stroke; |-V, inverse

variance fixed effects model; RR, relative risk.
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(Figure S3a,b). However, in sex-stratified subgroup analysis of ALT
for stroke subtype, elevated ALT levels were associated with an
increased risk of ICH in males (Figure S3c), with an RR (95% Cl) of
1.07 (1.05-1.09). In subgroup analyses of AST, no significant asso-
ciation was found between elevated enzyme levels and stroke risk
on sex differences (Figure S4a). However, elevated AST levels were
associated with a higher risk of ICH (RR: 1.12, 95% Cl: 1.05-1.18;
Figure S4b), exclusively observed in males (RR: 1.09, 95% Cl: 1.07-
1.11; Figure S4c). Examination of the symmetry of the funnel plot
and the results of Egger and Begg tests provided assurance of the
absence of publication bias in the aforementioned results (Figure S5).
Moreover, subgroup analyses of stroke risk among different ances-
tral populations based on GGT and ALP did not reveal any significant

differences in their impact on stroke risk (Figure Sé).

MR analyses

Bidirectional UVMR analyses

The sources and relevant information of the GWAS data are provided

in Table S2. Following the initial screening, 251 independent SNPs re-
lated to ALT, 405 to ALP, 356 to GGT, and 264 to AST were identified.

We estimated the phenotypic variance explained by R? and calcu-
lated the F-statistics to assess the strength of instrumental variables
(Table S3). Subsequently, we used LDtrait and Ensembl to exclude 284
SNPs associated with potential risk factors (Table S4). Furthermore,
we employed MR-PRESSO to remove six outliers (Table S5) and
harmonized outcome SNPs before conducting the two-sample MR
analyses. A causal inference was inferred when an effect estimate
achieved statistical significance in the inverse variance weighted anal-
ysis and maintained directional consistency across the other analyti-
cal approaches.

We observed that AST activity levels exhibited a statistical sig-
nificant causal effect on SAH (Figure 5a, nSNPs=189, OR: 1.35,
95% Cl: 1.12-1.64, p=0.002) and ICH (Figure 5b, nNSNPs=189, OR:
1.22, 95% Cl: 1.06-1.40, p=0.005). ALT showed nominal significant
associations with stroke (Figure 5c, nSNPs=130, OR: 1.73, 95%
Cl: 1.10-2.70, p=0.017) and IS (Figure 5d, nSNPs=131, OR: 1.71,
95% Cl: 1.03-2.84, p=0.038). Additionally, the results revealed a
nominal significant causal relationship between GGT and CES risk
(Figure 5e, nSNPs=227, OR: 1.50, 95% Cl: 1.03-2.18, p=0.033).
No nominal significant causal associations were observed between
other outcomes and exposures (Table S6). Additionally, to further
strengthen the causal associations between exposure and out-
comes, we conducted reverse MR enhancing the credibility of our

(a) (b) (c)
0.10
L 02 T [0)
(<,() O 0.1 | | §
c i I @
< I R b —— e 005
3 S 0.0 o S
R & Ayl e 5
(O] b, B .
o o % 0.00
z Z-0.1 a
77} »n 1 zZ
9 -0.05
0.05 0.10 0.05 0.10 0.005 0.010 0.015 0.020
SNP effect on AST SNP effect on AST SNP effect on ALT
(d) (e)
%) 0.10 + & 0.1
s 5] MR Test
5 0.05 | 5 Loy
% 5 =y o O / Inverse variance weighted
[ .
Z 000 ® tH MR E
Z a -0 / gger
z
-0.05 2 Weighted median
0.2
0.005 0.010 0.015 0.020 001 002 003

SNP effect on ALT

SNP effect on GGT

FIGURE 5 Scatterplots assess the effects of aspartate aminotransferase on subarachnoid hemorrhage (a) and intracerebral hemorrhage
(b), the effect of alanine aminotransferase on stroke (c) and ischemic stroke (d), and the effect of y-glutamyl transferase on cardioembolic
stroke (e). ALT, alanine aminotransferase; AST, aspartate aminotransferase; CES, cardioembolic stroke; GGT, y-glutamyl transferase; ICH,
intracerebral hemorrhage; IS, ischemic stroke; MR, Mendelian randomization; SAH, subarachnoid hemorrhage; SNP, single nucleotide

polymorphism.
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results (Table S7). Sensitivity analyses were conducted for all signif-
icant results, including heterogeneity analyses (Table S8), horizontal
pleiotropy analyses (Table S9), funnel plots (Figure S7), and leave-
one-out analyses (Figure S8).

MVMR analyses

Before performing the MVMR analyses, we conducted an initial
screening of risk factors linked to liver enzymes using bidirectional
UVMR. The adjustment factors for each liver enzyme used in model
1 MVMR analyses were confirmed as follows: HT and TC for AST; S,
DPW, HT, and TC for ALP; BMI, T2DM, SI, and TC for ALT; and BMI,
T2DM, SI, HT, DPW, and TC for GGT (Table S10).

Theresults of the MVMR analyses were shown in Figure 6 and de-
tailed in Table S11. Based on model 1, the MVMR analyses unveiled a
notable causal association between AST and ICH (nSNPs=171, OR:
1.17, 95% ClI: 1.02-1.35, p=0.025). Findings from model 2 MVMR

analyses, which included additional adjustments for the other three
liver enzymes, demonstrated significant causal links between ALP
with stroke ((SNPs=88, OR: 2.05, 95% Cl: 1.11-3.78, p=0.021) and
IS (\SNPs=88, OR: 2.11, 95% ClI: 1.09-4.08, p=0.027).

Gene set and tissue enrichment analyses

To explore potential sex disparities in genetic variations of liver
enzymes, we conducted gene annotation (Table S12), gene set en-
richment analyses, and tissue enrichment analyses for significant
SNPs across sexes. The gene set enrichment analyses unveiled vari-
ances in lipid metabolism, immune processes, and protein regulation
(Figure S9). Similarly, tissue enrichment results also highlighted sex
disparities. For instance, SNPs linked to ALP were predominantly
enriched in the spleen, blood, and skin among females, whereas
males exhibited supplementary enrichment in the liver and kidneys
(Figure S10).

subgroup model 1 nSNPs pval OR (95% CI) model 2 nSNPs pval OR (95% CI)
GGT
stroke T 179 037 0.91(0.74t0 1.12) -1 67 0.51 0.90 (0.67 to 1.22)
Ischemic stroke T 179 0.38 0.91(0.73to0 1.13) T 67 0.72 0.94 (0.69 to 1.30)
intracerebral hemorrhage - 178 0.08 0.65(0.39 to 1.06) -7 65 0.17 0.63 (0.33 to 1.22)
subarachnoid hemorrhage -1 178 0.31 0.70(0.35 to 1.39) ™ 65 0.75 0.87 (0.36 to 2.08)
cardioembolic stroke -1 178 0.78 0.94 (0.60 to 1.46) T 67 0.89 0.96 (0.51 to 1.79)
large artery stroke e 175 0.46 0.80(0.44 to 1.45) - 65 060  1.29(0.50 to 3.37)
small vessel stroke T 174 0.66 1.14(0.63 to 2.06) -1 64 0.53 1.31 (0.57 to 2.99)
ALP
stroke i 282 043 1.15(0.82to0 1.61) - 88 0.02 2.05(1.11 to 3.78)
Ischemic stroke T 282 0.39 1.17(0.82to 1.68) — = >88 0.03  2.11 (1.09 to 4.08)
intracerebral hemorrhage I 268 0.35 0.69(0.32to 1.50) ] 84 0.98 0.99 (0.28 to 3.45)
subarachnoid hemorrhage ™ ”268 060 1.35(0.45t04.03) — I 84 0.70 1.41 (0.25 to 7.86)
cardioembolic stroke e 260 049 0.77(0.36to 1.64) 1”79 0.81 1.17 (0.31 to 4.45)
large artery stroke -1 235 0.94 1.04(0.36 to 3.02) T >66 0.08  6.89 (0.79 to 60.26)
small vessel stroke I 23 048 1.43(0.531t03.87) 68 0.58 1.61(0.30 to 8.70)
ALT
stroke ™ 214 0.22 1.20(0.90 to 1.60) - 111 0.70 1.13 (0.61 to 2.08)
Ischemic stroke ™ 214 034 1.16(0.85t0 1.59) T 111 0.70 1.14 (0.59 to 2.21)
intracerebral hemorrhage T 209 0.87 1.06(0.55t02.01) -1 111 0.19  0.44 (0.13 to 1.50)
subarachnoid hemorrhage - 209 0.76 1.15(0.46 to 2.86) ™1 111 0.46 0.55 (0.11 to 2.68)
cardioembolic stroke T 214 0.52 1.22(0.67 to 2.21) 110 0.42 1.63 (0.50 to 5.26)
large artery stroke - 212 0.81 1.11(0.48 to 2.58) 109 0.84 1.20 (0.20to 7.11)
small vessel stroke -1 209 0.79 1.12(0.49to 2.53) —t>105 0.97 1.03 (0.19 to 5.67)
AST
stroke i 177  0.52 1.02(0.96 to 1.09) T 182 0.99 1.00 (0.91 to 1.10)
Ischemic stroke 178 0.93 1.00 (0.93 to 1.08) T 183 0.67 0.98 (0.88 to 1.09)
intracerebral hemorrhage [~ 171 0.03 1.17 (1.02 to 1.35) - 176 0.10 1.19 (0.96 to 1.47)
subarachnoid hemorrhage " 171 0.25 1.12(0.92to0 1.37) ™ 176 0.44 1.12 (0.84 to 1.50)
cardioembolic stroke T 165 0.80 1.02(0.89t0 1.17) T 170 0.90 0.99 (0.81 to 1.21)
large artery stroke T 155 0.78 1.03(0.82t0 1.30) -T 159 022  0.82(0.59to0 1.13)
small vessel stroke T 153 0.69 1.04 (0.87 to 1.23) T 157 0.74 0.96 (0.75 to 1.23)
UEERE A A UEERR A

FIGURE 6 Multivariable Mendelian randomization analyses of the association between liver enzymes and the risk of stroke and its
subtypes. Squares represent the estimate of odds ratio, and the horizontal lines represent the 95% confidence interval. ALP, alkaline
phosphatase; ALT, alanine aminotransferase; AST, aspartate aminotransferase; Cl, confidence interval; GGT, y-glutamyl transferase; MVMR,
multivariable Mendelian randomization; OR, odds ratio; SNP, single-nucleotide polymorphism.
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DISCUSSION

This study investigated an association between liver enzymes and
the risk of stroke based on observational and genetic data. The
observational analyses revealed a significant association between
elevated liver enzyme levels and an increased risk of stroke, with
notable differences observed across sexes and stroke subtypes.
Moreover, the MR analyses provided strong evidence for a causal
relationship, reinforcing the validity of the observed associations.
These findings underscore the potential of liver enzymes as bio-
markers for stroke risk stratification, highlighting their value in guid-
ing early intervention strategies.

A previous meta-analysis, comprising 5707 cases and 926,497
participants, has identified a notable association between elevated
GGT levels and heightened stroke risk [34]. In our expanded meta-
analyses, comprising 35,484 cases and 2,330,353 controls, this as-
sociation was further corroborated. As a regulator of glutathione
metabolism, GGT plays a crucial role in maintaining antioxidant ho-
meostasis by recycling extracellular glutathione, which is essential
for metabolic processes [5]. Elevated serum GGT levels are indica-
tive of enhanced inflammatory states and increased oxidative stress
[35]. Consequently, GGT may accelerate atherosclerosis progression
via oxidative and inflammatory mechanisms [36]. Additionally, sev-
eral studies have reported an association between GGT and atrial
fibrillation, attributed to oxidative stress, chronic low-grade inflam-
mation, and metabolic syndrome [36, 37]. This suggests a potential
overlap between elevated GGT levels and the underlying mech-
anisms of stroke occurrence, which could help elucidate how ele-
vated GGT contributes to an increased stroke risk. In our stratified
analyses, sex disparities were observed in the correlation between
GGT levels and HS risk, particularly indicating a correlation with ICH
risk in males rather than females. Several factors may contribute to
this observation. First, ICH is more prevalent in males [38]. Second,
a combination of genetic and environmental factors substantially in-
fluences the biological effects of liver enzyme levels, encompassing
metabolic risk factors, inflammatory markers, alcohol consumption,
smoking habits, and coffee intake [39]. In our two-sample bidirec-
tional UVMR analyses, we found an association between GGT and
CES risk; however, this association was attenuated in MVMR analy-
ses. The discrepancy with previous findings [36] may be attributed
to our more stringent selection of covariates. The risk associated
with GGT levels predominantly affected CES and was bolstered by
mechanisms through which GGT fostered atherosclerosis. Overall,
the influence of GGT on stroke risk was noticeable, albeit geneti-
cally, and its risk was mainly linked to CES.

ALP is a widely expressed enzyme, yet it has received relatively
less attention. Elevated ALP levels may indicate increased bone
metabolic activity, which can accelerate vascular calcification, po-
tentially promoting atherosclerosis progression, vascular aging, and
even vascular rupture [40]. Increased bone metabolism activity
and the promotion of vascular homeostasis are mechanisms that
may elucidate why elevated ALP levels could pose a risk factor for
stroke, particularly IS [41]. Previous studies indicate that serum ALP

levels typically elevate with age, especially among postmenopausal
women [42, 43]. Therefore, the sex differences observed in our find-
ings might be linked to several factors contributing to heightened
ALP levels, including age, female, bone disorders, chronic kidney dis-
ease (CKD), and inflammation [43]. Interestingly, females exhibited
a higher incidence of SAH but a lower incidence of IS. The elevated
prevalence of SAH in females may have contributed to elucidating
the result [44].

The results from the MVMR analysis, consistent with our meta-
analysis findings, emphasize the role of ALP as arisk factor for stroke.
The sex specificity of stroke etiology and the multiple tissue sources
of ALP isoenzymes may be the primary determinant of sex-specific
differences. Gene set enrichment analyses and tissue enrichment
analyses of SNPs significantly associated with ALP confirmed the
presence of genetic effects contributing to sex differences in ALP
activity. Furthermore, a newly developed method for quantifying
ALP activity and isoenzyme composition in blood provides a robust
tool for future ALP research, enabling rapid and accurate identifica-
tion of various health conditions in patients [45].

ALT and AST are primary serum aminotransferases and sensitive
indicators of liver damage. Consistent with prior studies [46], our
meta-analyses did not reveal a significant association between these
enzymes and the overall risk of stroke. The discrepancies observed
in the stratified analysis of ALT may be attributed to our sample size,
which was more than twice that of previous studies, resulting in more
robust conclusions. The Atherosclerosis Risk in Communities (ARIC)
study, involving 12,588 participants aged 45-64 years, reported that
elevated AST levels were associated with an increased risk of HS, but
not IS, while elevated ALT levels were not linked to stroke risk [47].
Compared with the results, we additionally identified new evidence
linking ALT to an increased risk of ICH in males. This association may
be attributed to several risk factors that predispose individuals to
ICH, including age, male, Asian ancestry, CKD, cerebral amyloid an-
giopathy, and cerebral microbleeds [48]. Both ALT and AST catalyze
the transfer of amino groups from amino acids to a-ketoglutarate,
and due to the importance of their substrates and products in nu-
merous cellular processes, they play vital physiological roles be-
yond amino acid metabolism [7]. Notably, they are also essential for
maintaining energy homeostasis [7]. Elevated serum ALT has been
identified as an independent marker of systemic inflammation and
increased oxidative stress, which may contribute to vascular fragil-
ity and the occurrence of hemorrhagic events [35]. Serum measure-
ments do not differentiate between these isoforms, which may be a
key factor contributing to the inconsistencies observed across stud-
ies. In our UVMR analyses, we identified an association between
ALT levels and the risks of stroke and IS, aligning with previous MR
results [17]. However, no association was discovered in MVMR anal-
yses, echoing the outcomes of our meta-analyses, indicating a com-
paratively weaker correlation between ALT and stroke risk.

Our study has several highlights. Firstly, in the meta-analyses, we
analyzed data from over 2 million individuals and extended earlier
findings through comprehensive stratification based on sexes and
stroke subtypes [46]. Secondly, in our MR analyses, we employed the
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largest publicly available GWAS dataset to minimize the likelihood
of insufficient statistical power, and conducted both UVMR and
MVMR analyses to explore the direct genetic causal relationships
between liver enzymes and stroke risk. Finally, and most impor-
tantly, this study offers notable public health and clinical guidance.
Previous studies have mostly focused on exploring the potential bio-
marker of ALP as prognostic tools, noting an association between
elevated ALP levels and increased mortality in stroke patients, or
identifying a correlation between ALP and stroke incidence among
high-risk individuals [49, 50]. However, our study underscores the
prospective role of ALP as a predictive biomarker for stroke risk in
the general population, which could assist clinicians in identifying
and intervening in high-risk groups.

However, several limitations should be noted. (i) The included
studies did not adequately consider potential confounding factors
that could affect liver enzyme levels, such as sleep duration and
quality, medication use, and diet, which may have introduced bias
into the results. (ii) Subgroup analyses in the meta-analyses are hin-
dered by limited statistical power due to the few studies in each
stratum, necessitating further research to confirm result robust-
ness. (iii) Lack of sex-specific causal evidence is due to limitations in
stroke GWAS data stratified by sex. (iv) MR analyses are restricted
to European populations, potentially limiting the generalizability of
the study findings. Furthermore, our exposure discovery cohort is
derived from the UKB, which restricts the inclusion of data from
European ancestral populations in other countries. However, these
datasets represent the largest sample of European ancestry avail-
able in liver enzymes GWAS analyses. We anticipate that the sub-
stantial sample size here could partially compensate for the lack of
population diversity. Future GWAS meta-analyses on liver enzymes
and sex-stratified stroke GWAS data analyses in populations from
additional countries and regions will contribute to further validating

our findings.

CONCLUSIONS

The study employed a comprehensive research design integrating
meta-analyses and MR analyses to enhance causal inference regard-
ing liver enzymes and stroke risk, considering population-based and
genetic perspectives. Through rigorous updating, validation, and ex-
ploration, our study confirmed the link between liver enzymes and
stroke risk, emphasizing the imperative for heightened attention to
ALP. In the future, further elucidation of the mechanisms linking liver
enzyme levels to stroke risk may benefit the identification and inter-

vention of high-risk populations.
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GWAS summary statistics for SAH and ICH are accessible through
the FinnGen R10 release (https://www.finngen.fi/en/access_re-
sults), with phenocodes 19_SAH and I19_INTRACRA, respectively.
Other GWAS data sources are detailed in Table S2.
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