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Abstract

Introduction

The association between epigenetic clocks and intracerebral hemorrhage (ICH) remains poorly
understood. This study investigated whether specific brain imaging phenotypes play a mediating role
in the causal pathway from epigenetic aging to ICH.

Material and methods

We utilized genome-wide association study (GWAS) summary statistics for four epigenetic clocks and
two related biomarkers (from a large-scale meta-analysis), 20 brain functional imaging phenotypes,
and ICH (FinnGen R12). A two-sample Mendelian randomization (MR) analysis was performed to
estimate the total causal effect, followed by a two-step mediation analysis to explore potential neural
mediators. The inverse variance weighted (IVW) method was employed as the primary analysis.
Comprehensive sensitivity analyses, including MR-Egger, weighted median, and RadialMR, were
conducted to ensure result robustness and correct for horizontal pleiotropy.

Results

Genetically predicted accelerated PhenoAge was causally associated with an increased risk of ICH
(OR =1.08, 95% CI: 1.03—-1.13). While an exploratory association was identified between PhenoAge
and a frontal network phenotype (pheno16) after outlier removal, pheno16 showed no causal effect on
ICH. Consequently, the hypothesized mediating pathway (PhenoAge — frontal network function —
ICH) was not supported. Furthermore, a supplementary analysis revealed no causal link between
PhenoAge and white matter hyperintensities, a marker of cerebral small vessel disease.

Conclusions

The study provides genetic evidence that the acceleration of the epigenetic clock PhenoAge may be
causally associated with ICH. However, the hypothesized mediating pathway via changes in frontal
network function (pheno16) was not supported, suggesting that other biological mechanisms may be
involved.
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ABSTRACT

Introduction: The association between epigenetic clocks and intracerebral
hemorrhage (ICH) remains poorly understood. This study investigated whether
specific brain imaging phenotypes play a mediating role in the causal pathway from
epigenetic aging to ICH.

Methods: We utilized genome-wide association study (GWAS) summary statistics for
four epigenetic clocks and two related biomarkers (from a large-scale meta-analysis),
20 brain functional imaging phenotypes, and ICH (FinnGen R12). A two-sample
Mendelian randomization (MR) analysis was performed to estimate the total causal
effect, followed by a two-step mediation analysis to explore potential neural
mediators. The inverse variance weighted (IVW) method was employed as the
primary analysis. Comprehensive sensitivity analyses, including MR-Egger, weighted
median, and RadialMR, were conducted to ensure result robustness and correct for
horizontal pleiotropy.

Results: Genetically predicted accelerated PhenoAge was causally associated with an
increased risk of ICH (OR =1.08, 95% CI: 1.03-1.13). While an exploratory
association was identified between PhenoAge and a frontal network phenotype
(phenol6) after outlier removal, phenol16 showed no causal effect on ICH.
Consequently, the hypothesized mediating pathway (PhenoAge — frontal network
function — ICH) was not supported. Furthermore, a supplementary analysis revealed
no causal link between PhenoAge and white matter hyperintensities, a marker of
cerebral small vessel disease.

Conclusion: The study provides genetic evidence that the acceleration of the

epigenetic clock PhenoAge may be causally associated with ICH. However, the



hypothesized mediating pathway via changes in frontal network function (phenol6)
was not supported, suggesting that other biological mechanisms may be involved.
Keywords: Mendelian randomization, intracerebral hemorrhage, epigenetic clocks,

aging markers, genome-wide association studies.



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Introduction

Intracerebral hemorrhage (ICH), a devastating subtype of stroke, accounts for 10-20%
of all strokes and is associated with extremely high rates of mortality and morbidity [1,
2]. Although hypertension and advanced age are well-established major risk factors, a
substantial portion of ICH risk cannot be fully explained by traditional factors,
suggesting the existence of other, under-recognized pathophysiological mechanisms
[1, 3]. Therefore, identifying novel causal risk factors is crucial for the prevention and
risk stratification of ICH.

In recent years, the discrepancy between biological age and chronological age has
been recognized as a more precise indicator of an individual’s health status and
disease susceptibility [4]. Epigenetic clocks, particularly age estimators based on
DNA methylation (DNAm), have emerged as powerful tools for quantifying the
biological aging process [4]. First-generation epigenetic clocks, such as HorvathAge
and HannumAge, primarily reflect intrinsic cellular aging processes [5-7]. In contrast,
second-generation clocks like GrimAge and PhenoAge, which integrate blood
biochemical markers associated with morbidity and mortality risk (such as
smoking-related DNAm sites or C-reactive protein), have been shown to more
accurately predict the risk of various age-related diseases, including cardiovascular
disease and all-cause mortality [5, 8, 9].

Observational studies have provided preliminary evidence of a potential association
between epigenetic age acceleration and stroke risk [10, 11]. However, these studies
are susceptible to confounding factors (e.qg., lifestyle, socioeconomic status) and
reverse causation, preventing the establishment of a causal link [4, 10]. Furthermore,
the precise mechanism through which epigenetic aging increases ICH risk remains an

unresolved scientific question [10, 12]. A plausible hypothesis is that systemic
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biological aging processes may mediate their pathogenic effects by compromising the
structural and functional integrity of the brain itself [12, 13]. Emerging evidence
indicates that systemic inflammation and endothelial dysfunction associated with
aging and vascular risk factors preferentially affect highly connected,
energy-demanding brain hubs, such as the default mode network (DMN) and the
central executive network (CEN) [14-16]. Early alterations in the function of these
networks, which can be quantified using resting-state functional magnetic resonance
imaging (fMRI), may occur before overt structural damage and serve as sensitive
indicators of brain physiological vulnerability [17-19]. Therefore, it can be
hypothesized that epigenetic aging may increase the risk of ICH under stressors like
blood pressure fluctuations by disrupting the functional stability of these critical
cognitive networks, thereby serving as an intermediate link connecting epigenetic
aging and ICH [12, 20, 21].

The Mendelian randomization (MR) method, which utilizes genetic variants as
instrumental variables, can effectively emulate a randomized controlled trial, thereby
minimizing the confounding and reverse causation biases prevalent in traditional
observational studies [22-24]. Accordingly, this study leverages a two-sample MR
framework to systematically investigate the causal pathway from epigenetic aging to
ICH. Our primary objective was to determine the causal effect of accelerated
epigenetic aging on ICH risk. Subsequently, we performed a mediation analysis to
formally test whether this effect is mediated by specific alterations in frontal lobe
network function. This research aims to provide novel genetic evidence for the
etiology of ICH and to clarify the role of neuroimaging phenotypes in its

pathogenesis.
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Materials and Methods

Study design

In this study, single-nucleotide polymorphisms (SNPs) identified from GWAS served
as genetic instrumental variables (IVs). As presented in Figure 1, our bidirectional
two-sample MR analysis was founded on three assumptions [25]: 1) Relevance
assumption: The Vs were significantly associated with the exposure. 2)
Independence assumption: The IVs were uncorrelated with variables influencing both
exposure and outcome. 3) Exclusion assumption: The 1Vs influenced the outcome
exclusively through their impact on the exposure. Modern MR approaches, which
accommaodate correlated pleiotropy, have examined bidirectional causation. Ethical
approval for this study was not required, given that the GWAS data had already been
ethically approved. Our study adheres to the STROBE-MR guidelines for enhancing
the reporting of observational studies that utilize MRI.

A three-step MR framework was employed [26]. Step 1: A standard MR analysis to
test the causal relationship between each epigenetic marker (exposure) and ICH
(outcome). Step 2: For any epigenetic marker found to have a causal effect on ICH in
Step 1, its causal effect on each of the 20 brain imaging phenotypes (as outcomes)
was evaluated. Step 3: For any brain imaging phenotype found to be causally
influenced by the epigenetic marker in Step 2, its causal effect (as an exposure) on
ICH (as the outcome) was assessed to test the full mediation pathway. In addition to
the three-step mediation analysis, an exploratory MR analysis was conducted to test
the direct causal effect of PhenoAge on a key structural brain phenotype (WMH).
Data sources

GWAS summary statistics for ICH were obtained from the FinnGen consortium

(Release 12). Trait: Intracerebral hemorrhage. GWAS ID: 19_ICH. Sample size: 5112
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cases and 450,016 controls. Number of SNPs: Not specified in source, obtained from
full summary data. The brain imaging data were obtained from the GWAS summary
statistics for 20 brain imaging phenotypes (node-based functional connectivity) in a

publicly available dataset (https://zenodo.org/records/5775047). The 20 brain imaging

phenotypes are node-based functional connectivity metrics derived from resting-state
fMRI, with detailed anatomical locations and network affiliations as described by the
original GWAS study (e.g., phenol6 is a node in the frontal lobe belonging to the
Salience and Central Executive networks) (Supplementary Table S1).

Following a previous MR study [27], four epigenetic clocks (PhenoAge, GrimAge,
HannumAge, and HorvathAge) and two related biomarkers (granulocyte proportions
and plasminogen activator inhibitor-1 [PAI-1]) were selected as exposures. To avoid
population stratification bias, GWAS data from European ancestry populations were
used, obtained from a large-scale meta-analysis [28] via

https://datashare.ed.ac.uk/handle/10283/3645. Specific sample sizes were confirmed

from recent publications [29, 30].
GWAS summary statistics for WMH were obtained from

https://hugeamp.org/phenotype.html?phenotype=WMH, covering 34,467 individuals.

Instrumental variable selection

For exposures in steps 1 and 2, SNPs were selected at the genome-wide significance
threshold of P <5 x 10°® [31]. However, for granulocyte proportions and GrimAge,
this strict threshold yielded an insufficient number of 1Vs. Therefore, to ensure a
sufficient number of instruments for a robust MR analysis, a more permissive
threshold (P <5 x 107¢) was employed for these two exposures. For step 3, SNPs
associated with the brain imaging phenotypes were selected at P <5 x 10°® (with the

exception of pheno19, which used P <5 x 107¢) [31]. To ensure instrument validity,
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several quality control steps were applied. SNPs with a minor allele frequency
(MAF) > 0.01 were included, and those in linkage disequilibrium (LD) were pruned
based on R? < 0.001 within a 10,000 kb window [32]. If an IV was unavailable in the
outcome GWAS, a proxy SNP with high LD (R? > 0.8) was substituted. Finally, the
F-statistic for each IV was calculated as F = R? x (N—2) / (1-R?), where R? is the
proportion of variance in the exposure explained by the SNP. Only Vs with F > 10
were retained to mitigate weak instrument bias [33], especially for exposures for
which a relaxed selection threshold had to be used (i.e., granulocyte proportions and
GrimAge). To mitigate the risk of weak instrument bias potentially arising from this
relaxed threshold, we ensured that the F-statistic for every selected IV was
substantially greater than the conventional threshold of 10.

MR analysis

The primary method employed in this analysis was the inverse variance weighted
(IVW) approach, which estimates the causal association between exposure and
outcome by calculating the odds ratio (OR) and its 95% confidence interval (Cl). The
IVW method [34], pivotal for interpreting MR results, computes a weighted average
of effect sizes, with weights assigned as the inverse of the variance of each SNP. To
ensure the robustness of our findings, we complemented the VW method with
additional analyses, including MR-Egger, weighted median, and weighted mode
methods. The MR-Egger approach accounts for the potential presence of a horizontal
pleiotropy intercept, providing an accurate estimation of the causal association even in
the presence of pleiotropy bias [35]. The weighted median method assumes that half
of the instrumental variables are valid, thereby examining the causal association
between exposure and outcome [36]. All analyses were conducted using the

“TwoSampleMR” package in R version 4.0.5, with visualization facilitated through
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scatter plots and sensitivity analysis plots. The Benjamini-Hochberg method was used
to apply a false discovery rate (FDR) correction for multiple testing, with Prpr < 0.05
considered statistically significant [37].

Sensitivity analysis

Sensitivity analysis was conducted to detect potential pleiotropy in the MR study.
Cochran’s Q test was used to assess heterogeneity among the Vs [38], with a P-value
greater than 0.05 indicating low heterogeneity, suggesting that the valuations among
IVs vary randomly and have minimal impact on the IVW results. Considering the
influence of genetic pleiotropy on the estimation of the association effect, the
MR-Egger regression method was employed to explore the presence of horizontal
pleiotropy. A non-significant intercept in the MR-Egger regression indicates the
absence of pleiotropy. Additionally, the MR pleiotropy residual sum and outlier
(MR-PRESSO) method was utilized to identify and exclude potential outliers (SNPs
with P < 0.05) [39], followed by re-estimation of the causal association to correct for
horizontal pleiotropy. Leave-one-out analysis was performed to test the robustness
and consistency of the results, ensuring that no single SNP disproportionately
influenced the overall findings [40]. For analyses showing significant heterogeneity, a
radial MR analysis was performed to identify and manually remove outlier IVs. The

MR analysis was then repeated [41].

Results

Causal Association Between Epigenetic Clocks and ICH

Instrumental Variable Selection for Epigenetic Clocks

Granulocyte proportions: 19 IVs were selected. The mean F-statistic was 26.51 (range:

19.84-75.93). GrimAge: 27 1Vs were selected. The mean F-statistic was 25.19 (range:
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21.10-45.49). HannumAge: 9 IVs were selected. The mean F-statistic was 48.31
(range: 30.82-98.89). HorvathAge: 24 IVs were selected. The mean F-statistic was
55.47 (range: 31.08-239.73). PAI-1: 5 IVs were selected. The mean F-statistic was
85.83 (range: 49.50-162.55). PhenoAge: 11 1Vs were selected. The mean F-statistic
was 51.16 (range: 31.77-89.39). For the analysis with ICH as the outcome, one SNP
was not found in the summary data, and no suitable proxy was available. One
palindromic SNP was removed during data harmonization.

PhenoAge Shows a Robust Causal Association with Increased ICH Risk
Genetically predicted acceleration of PhenoAge was causally associated with an
increased risk of ICH (IVW OR =1.08, 95% CI: 1.03-1.13, P=6.0 x 10 %, PFDR =
0.0035). No other epigenetic clock or biomarker showed a statistically significant
causal association with ICH risk (Table 1 and Figure 2). For the association between
PhenoAge and ICH, the MR-Egger intercept test did not indicate directional
pleiotropy (P = 0.11).

Cochran’s Q test showed no evidence of heterogeneity (P = 0.73). The MR-PRESSO
global test did not detect any significant outliers (P = 0.76). Detailed results are
provided in Supplementary Tables S2 and S3.

Causal Association Between PhenoAge and Brain Imaging Phenotypes
Instrumental Variables for PhenoAge

As PhenoAge was the only significant exposure from Step 1, it was carried forward as
the exposure for Step 2. All 11 1Vs for PhenoAge were available in the brain imaging
GWAS datasets, and no SNPs were removed during harmonization.

Exploratory analysis suggests a potential association between PhenoAge and
phenol6 after outlier removal

In the primary Mendelian randomization analysis, genetically predicted PhenoAge

10
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acceleration was not causally associated with any of the 20 tested brain imaging
phenotypes after applying FDR correction for multiple testing (all PFDR > 0.05,
Table 2).

However, we observed significant heterogeneity in the analyses for several
phenotypes, including phenol, pheno3, pheno5, phenol3, phenol4, and phenol6
(Cochran’s Q P < 0.05, Supplementary Table S4-S5), suggesting the potential
influence of outlier instrumental variables. To investigate this, we conducted an
exploratory sensitivity analysis using the RadiaMR method to identify and remove
these outliers. After outlier removal, heterogeneity was resolved for all
aforementioned associations (all P > 0.05, Supplementary Table S6).

Notably, for the phenol6 outcome (a functional connectivity node located in the
frontal lobe and integral to both the salience and central executive networks), after
removing three influential 1Vs (rs11253338, rs1990053, rs6531114), a nominally
significant association with PhenoAge emerged (IVW OR = 1.02, 95% CI:
1.003-1.04, P = 0.0227). However, this finding should be interpreted with
considerable caution, as it was not present in the primary analysis and became
apparent only after a data-driven correction. The subsequent sensitivity analyses for
this corrected PhenoAge-phenol6 association showed no evidence of directional
pleiotropy (MR-Egger intercept P = 0.182) or remaining outliers (MR-PRESSO
global test P > 0.05) (Supplementary Tables S7-S8).

Causal Association Between Brain Imaging Phenotype phenol6 and ICH
Instrumental Variable Selection for brain imaging

As phenol6 was the only significant outcome from Step 2, it was carried forward as
the exposure for Step 3. Seventeen IVs were selected for phenol6. The mean

F-statistic was 70.75 (range: 31.35-215.2), and the R? was 0.0361. All IVs were

11
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available in the ICH GWAS, with two SNPs (rs225644 and rs12424773) being
replaced by proxies (rs225647 and rs4842318, respectively). No SNPs were removed
during harmonization.

Brain Imaging Phenotype phenol6 Is Not Causally Associated with ICH

There was no statistically significant causal association between a genetic
predisposition to altered phenol6 and the risk of ICH (IVW OR = 0.91, 95% ClI:
0.71-1.17, P = 0.475) (Table 3).

The initial analysis showed evidence of both heterogeneity (Cochran’s Q P = 0.0011)
and directional pleiotropy (MR-Egger intercept P = 0.041). MR-PRESSO also
identified one outlier (rs429358). After removing three outliers identified by
RadialMR (rs225644, rs429358, rs9426785), both heterogeneity (P = 0.529) and
pleiotropy (MR-Egger intercept P = 0.072) were no longer significant. The null causal
estimate remained unchanged (IVW OR after correction = 0.93, 95% CI: 0.78-1.10, P
=0.369) (Supplementary Tables S9-S13).

Exploratory Analysis of the Causal Effect of PhenoAge on White Matter
Hyperintensities

A supplementary analysis was performed to examine a possible causal association
between PhenoAge and WMH. The IVW showed no causal association between
PhenoAge and WMH (OR = 1.0171, 95%CI: 0.9838-1.0516, P = 0.3181)
(Supplementary Table S14). No heterogeneity (P = 0.1112), horizontal pleiotropy (P =
0.4930), or outliers (P = 0.1297) were observed (Supplementary Table S15-S16). The
results showed no evidence of a causal association between genetically predicted

PhenoAge and WMH.

Discussion

12
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In this study, a systematic three-step MR framework was employed to investigate the
causal relationship between epigenetic aging and ICH, as well as its potential
neuroimaging-mediated mechanisms. The study yielded several key findings. First,
among multiple epigenetic markers, only the genetically predicted acceleration of
PhenoAge demonstrated a robust causal association with an increased risk of ICH.
Second, after a rigorous sensitivity analysis corrected for the distorting effects of
outlier SNPs, we uncovered a possible causal association between accelerated
PhenoAge and phenol6, a functional connectivity node located in the frontal lobe and
integral to both the salience and central executive networks. Third, and importantly,
we found no causal effect of PhenoAge on WMH, a major structural brain phenotype.
Finally, this brain imaging phenotype itself had no causal effect on ICH risk. This
indicates that while PhenoAge impacts both brain network function and ICH risk, the
specific tested pathway is not the primary mechanism, suggesting other factors
mediate the association.

The core finding of this study was that genetically predicted PhenoAge acceleration
was causally associated with ICH (OR = 1.08). This result was consistent across
multiple MR methods and withstood sensitivity analyses, with no evidence of
interference from horizontal pleiotropy or heterogeneity, thus supporting its reliability.
Notably, other epigenetic clocks, including HorvathAge, HannumAge, and GrimAge,
as well as aging-related biomarkers like PAI-1 and granulocyte proportions, did not
show causal associations with ICH. The specificity of this finding has important
biological implications [42-44]. Unlike first-generation clocks, PhenoAge was
developed by incorporating various clinical biochemical indicators that reflect
physiological function, such as albumin, creatinine, C-reactive protein (CRP), and

lymphocyte percentage [45]. Consequently, PhenoAge is not merely a marker of

13
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intrinsic cellular aging but a comprehensive indicator of systemic physiological
dysregulation, chronic inflammation, and metabolic stress [43, 45]. The pathology of
ICH, particularly hypertension-related deep ICH, is rooted in lipohyalinosis of deep
penetrating arteries, a process closely related to chronic inflammation, endothelial
dysfunction, and vascular wall remodeling [46-48]. Our findings strongly suggest that
it is this state of systemic physiological decline captured by PhenoAge, rather than
cellular aging alone, that constitutes an upstream causal driver of ICH [48], offering a
new perspective that ICH may be a manifestation of accelerated systemic biological
aging within the cerebrovascular system [47, 48].

To elucidate the biological mechanism linking PhenoAge to ICH, we investigated the
potential mediating role of brain imaging phenotypes [49, 50]. In our exploratory
analysis, after excluding several outlier SNPs with potential horizontal pleiotropy, we
identified a nominally significant causal association between accelerated PhenoAge
and the frontal functional phenotype (phenol6). This observation should be viewed as
an exploratory signal rather than a definitive finding, as it did not reach significance
in the primary analysis and depends on a data-driven adjustment that may increase the
risk of false positives. Moreover, although we conducted extensive sensitivity
analyses, residual horizontal pleiotropy cannot be fully excluded, particularly for
associations that depend on post hoc outlier exclusion. Although the removal of
outliers is a standard procedure in MR studies to assess heterogeneity, it cannot
substitute for the robustness of the primary analysis. Consequently, this potential
association requires rigorous replication and validation in larger, independent cohorts
to confirm its reliability. Nevertheless, it has been reported that accelerated biological
aging, as captured by PhenoAge, does exert a causal influence on the functional

integrity of higher-order cognitive networks involving the frontal lobe [51, 52]. This
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is a biologically plausible finding, as these networks are known to be vulnerable to
vascular risk factors and aging. Rather than being a weak or uncertain signal, this
result highlights the importance of robust sensitivity analyses in MR studies to
identify true biological effects that might otherwise be obscured by complex genetic
architectures. The observed potential association between PhenoAge and phenol6 is
compelling because it implicates two higher-order cognitive networks, the Salience
Network and the Central Executive Network, which play essential roles in attention,
executive function, and decision-making. Both networks are especially vulnerable to
age-related and vascular changes, contributing to cognitive impairment in aging
populations. Thus, these findings support the hypothesis that epigenetic aging may
adversely impact brain health by disrupting key frontal-lobe hubs responsible for
cognitive control and adaptive behaviors [53-55].

More critically, despite establishing a potential link between PhenoAge and phenol6,
our study found no evidence that this brain phenotype itself increases the risk of ICH.
This decisive null result breaks the hypothesized mediation chain and suggests a
crucial pathophysiological distinction: the systemic effects of biological aging on
brain network function may represent an earlier and separate process from the specific
vascular pathologies that lead to hemorrhage. There are several possible explanations
for this finding. Our findings, which do not support a mediating role of frontal
network function, lead us to hypothesize that the pathogenic effect of PhenoAge on
ICH may be transmitted predominantly through more direct vascular and molecular
mechanisms. However, this interpretation remains speculative and requires empirical
validation. Specifically, emerging evidence suggests that epigenetic aging influences
vascular health via pathways such as enhanced inflammation, oxidative stress, and

endothelial dysfunction, rather than through alterations in large-scale brain networks.

15
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Future MR studies incorporating genetic instruments for endothelial function,

inflammation, or blood - brain barrier integrity are needed to directly test these

hypotheses and clarify the mechanistic pathways linking epigenetic aging to ICH. The
systemic inflammation and metabolic stress captured by PhenoAge can induce
endothelial dysfunction and compromise blood-brain barrier integrity. These early
microvascular changes can disrupt neurovascular coupling and the delicate energy
metabolism of high-demand brain hubs, manifesting as altered functional connectivity
long before structural failure. This aligns with the idea that the effect is primarily
vascular rather than a consequence of altering macroscopic brain functional network
structures [42, 56]. Second, ICH is fundamentally a structural event—the physical
rupture of a vessel. As a macroscopic imaging indicator of network synchrony;,
phenol6 inherently lacks the sensitivity and specificity to capture the microscopic
structural changes, such as lipohyalinosis or arteriolosclerosis, that are directly related
to vascular rupture [57, 58]. Third, the possibility that other brain regions or networks
not tested in our study act as mediators cannot be excluded [59, 60]. Therefore, our
results suggest that future research into the pathogenic mechanisms of PhenoAge
should shift its focus from macro-level brain structures to the vascular biology and
molecular pathways that precipitate cerebrovascular rupture. To evaluate these
hypotheses, future research could construct Mendelian randomization models using
genetic instruments specifically associated with endothelial function, blood-brain
barrier integrity, or defined inflammatory pathways. In addition, leveraging functional
genomics data to annotate PhenoAge-linked SNPs may help elucidate their molecular
roles within vascular cells and underlying biological mechanisms.

To elucidate the pathways connecting PhenoAge with intracerebral hemorrhage (ICH),
the mediation analysis systematically examined two complementary aspects of brain

16
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alterations: the functional integrity of frontal networks (captured by phenol16) and
structural damage associated with cerebral small vessel disease (indicated by WMH).
Both traits represent biologically credible intermediates. Nonetheless, the Mendelian
randomization results revealed no evidence that either functional network disruption
(phenol6) or structural lesions (WMH) mediate the relationship between PhenoAge
and ICH. This consistent pattern of null findings is itself highly informative, implying
that PhenoAge may influence ICH risk through more proximal mechanisms that
precede or bypass macroscopic brain changes detectable with fMRI or conventional
MRI [49, 61-63]. Instead, PhenoAge may directly heighten the likelihood of vascular
rupture by impairing microvascular integrity through processes such as endothelial
dysfunction, compromised blood-brain barrier permeability, inflammation, or
oxidative stress. This inference shifts the emphasis of future investigations from
large-scale imaging phenotypes toward fundamental vascular biology, marking an
important conceptual advance arising from the present study [63, 64].

The main strength of this study lies in its use of an MR design, which effectively
overcomes the limitations of traditional observational studies and provides stronger
evidence for causal inference [65, 66]. Multiple epigenetic markers and an innovative
three-step mediation analysis approach were systematically evaluated. Furthermore,
comprehensive sensitivity analyses ensured the robustness of our main conclusions.
However, this study also has some limitations. First, a major limitation of this study is
that all GWAS summary statistics analyzed were derived exclusively from individuals
of European ancestry. Given potential differences in genetic architecture, linkage
disequilibrium patterns, and environmental exposures across ethnic groups, allele
frequencies and the effect sizes of gene-outcome associations may vary accordingly.

Consequently, the generalizability of our findings is restricted, and the conclusions
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regarding the causal relationship between PhenoAge and ICH may not be directly
generalizable to Asian, African, or other non-European populations. This is an
important caveat that should be considered when interpreting our results.
Confirming the robustness of these associations in multi-ethnic cohorts represents an
important direction for future research. Nonetheless, the current unavailability of
sufficiently large GWAS datasets for epigenetic aging and ICH in non-European
populations constrained the scope of this analysis. Secondly, although our
investigation incorporated both a functional connectivity marker (phenol6) and a
critical structural indicator (WMH), we recognize that these two phenotypes do not
fully capture the entire spectrum of brain alterations potentially implicated in ICH.
Therefore, the absence of evidence for mediation in our study should not be
interpreted as definitive evidence against neural mediation more broadly. Other
relevant brain imaging metrics, including cerebral microbleeds or reductions in gray
matter volume, remain unmeasured in our study and could plausibly serve as
mediating factors. Comprehensive future studies employing a broader, multimodal
neuroimaging strategy are essential to systematically delineate the neural substrates
that bridge systemic aging processes with cerebrovascular outcomes. Third, the brain
imaging phenotypes were based on resting-state fMRI functional connectivity nodes,
whose biological interpretation is still evolving, and they do not fully represent all
structural and functional changes in the brain. Additionally, our mediation analysis
focused exclusively on a single brain imaging phenotype, phenol6. The limited
statistical power of our mediation analysis necessitates a cautious interpretation of the
null result regarding phenol6. Rather than constituting definitive evidence against
mediation, this negative finding should be viewed as inconclusive, reflecting an

inability to confirm a mediating role for pheno16 under current analytic constraints.
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Moreover, we cannot exclude the possibility that mediation may occur through
alternative, unexamined brain networks or via subtler pathways not captured by the
present analysis. Finally, we applied multiple complementary sensitivity analyses
(including MR-Egger and MR-PRESSO) to identify and adjust for horizontal
pleiotropy; the potential for residual, unmeasured pleiotropy remains an intrinsic
limitation of Mendelian randomization studies and cannot be fully excluded. This
concern is particularly pertinent for the PhenoAge-phenol6 association, which
became evident only after outlier removal. The SNPs excluded might influence brain
function through biological mechanisms unrelated to epigenetic aging, introducing
possible confounding and biasing our causal inference. Therefore, this finding should

be interpreted with specific caution.

Conclusion

In conclusion, this study provides strong genetic evidence that accelerated biological
aging, as measured by PhenoAge, is a causal risk factor for ICH. It also suggests
that this systemic aging process may influence frontal lobe network function, although
this pathway does not mediate the increased risk of ICH. These findings advance our
etiological understanding by highlighting systemic biological aging as a key upstream
driver of ICH, distinct from specific brain network changes.

Beyond its mechanistic insights, this work carries direct implications for prevention
and prediction. By establishing PhenoAge acceleration as a causal, rather than merely
correlative, risk factor, it provides a rationale for targeting the biological aging
process itself in ICH prevention strategies. In clinical practice, PhenoAge could serve
as a biomarker complementary to chronological age, helping to identify high-risk

individuals for earlier and more intensive management of modifiable factors such as
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hypertension. Ultimately, this research shifts the focus from managing downstream
events to addressing upstream systemic decline, opening new avenues for risk
stratification and preventive medicine in cerebrovascular disease. Future studies
should further elucidate the molecular and vascular mechanisms linking epigenetic

aging to cerebrovascular rupture.
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FIGURE LEGENDS

Figure 1. The flow diagram of the process in this Mendelian randomization analysis
Figure 2. The association between PhenoAge and the risk of ICH is presented in (A)
a forest plot, (B) a leave-one-out sensitivity analysis, (C) a scatter plot, and (D) a

funnel plot, as part of a forward analysis.
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Table 1. Genetics predicts associations between epigenetic clocks and ICH (no outlier removal)

Outcome Exposure N.SNP Methods OR (CI) P-value FDR

ICH PhenoAge 11 Inverse variance weighted 1.07932 (1.0333-1.1273) 6e-04  0.0035
ICH PhenoAge 11 MR Egger 1.20894 (1.0583-1.381) 0.0209 0.1253
ICH PhenoAge 11 Weighted median 1.09097 (1.0271-1.1588) 0.0047 0.0279
ICH PhenoAge 11 Weighted mode 1.11490 (1.0105-1.2301) 0.0553 0.3316
ICH PAIL 5 Inverse variance weighted 0.99993 (0.9998-1) 0.2242 0.416

ICH PAI1 5 MR Egger 1.00007 (0.9998-1.0003) 0.6136 0.6136
ICH PAI1 5 Weighted median 0.99991 (0.9998-1) 0.1783 0.3566
ICH PAIL 5 Weighted mode 0.99990 (0.9998-1) 0.2644 0.5289
ICH HorvathAge 24 Inverse variance weighted 0.99710 (0.9577-1.0381) 0.8877 0.8877
ICH HorvathAge 24 MR Egger 1.03384 (0.9396-1.1376) 0.5022 0.6027
ICH HorvathAge 24 Weighted median 1.00868 (0.9542-1.0663) 0.7603 0.9123
ICH HorvathAge 24 Weighted mode 1.01374 (0.9386-1.0949) 0.7314 0.7448
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HannumAge
HannumAge
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Weighted median

Weighted mode

0.97403 (0.9112-1.0411)
0.84595 (0.6571-1.0891)
0.97358 (0.8895-1.0656)
0.98102 (0.8775-1.0967)
0.96649 (0.9197-1.0156)
0.94895 (0.8527-1.056)
0.95008 (0.8898-1.0144)
0.93749 (0.8518-1.0318)
0.24818 (0.0201-3.0675)
0.00574 (0-6.072)

0.89585 (0.0281-28.5738)

3.22353 (0.0072-1437.3218)

0.4389

0.2354

0.5611

0.7448

0.1778

0.3459

0.1257

0.1982

0.2773

0.167

0.9504

0.7118

0.5267

0.4709

0.8416

0.7448

0.416

0.5189

0.3566

0.5289

0.416

0.4709
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Table 2. Genetics predicts associations between epigenetic clocks and brain imaging phenotypes (before outlier removal)

outcome exposure N.SNP Methods OR_CI P-value FDR

pheno9 PhenoAge 11 Inverse variance weighted 1.007 (0.988-1.03) 0.4803 0.8769
pheno9 PhenoAge 11 MR Egger 1.039 (0.984-1.10) 0.1991 0.9571
pheno9 PhenoAge 11 Weighted median 1.016 (0.994-1.04) 0.1558 0.4037
pheno9 PhenoAge 11 Weighted mode 1.018 (0.991-1.05) 0.2258 0.6783
pheno8 PhenoAge 11 Inverse variance weighted 1.012 (0.996-1.03) 0.145 0.7932
pheno8 PhenoAge 11 MR Egger 1.011 (0.966-1.06) 0.6579 0.9571
pheno8 PhenoAge 11 Weighted median 1.013 (0.993-1.03) 0.1998 0.4037
pheno8 PhenoAge 11 Weighted mode 1.012 (0.985-1.04) 0.407 0.6783
pheno7 PhenoAge 11 Inverse variance weighted 1.001 (0.982-1.02) 0.9391 0.9762
pheno7 PhenoAge 11 MR Egger 0.989 (0.934-1.05) 0.6999 0.9571
pheno7 PhenoAge 11 Weighted median 1.002 (0.980-1.03) 0.8528 0.9005
pheno7 PhenoAge 11 Weighted mode 0.999 (0.967-1.03) 0.9382 0.9405
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1.008 (0.938-1.08)
1.026 (1.002-1.05)
1.033 (0.993-1.07)
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Table 3. Genetics predicts associations between brain imaging phenotypes and ICH (before outlier removal)

outcome exposure N.SNP Methods OR_CI P-value FDR

ICH phenol6 17 Inverse variance weighted 0.913 (0.712-1.171) 0.4753 0.4753
ICH phenol6 17 MR Egger 0.405 (0.192-0.855) 0.0315 0.0315
ICH phenol6 17 Weighted median 0.863 (0.694-1.074) 0.1869 0.1869

ICH phenol6 17 Weighted mode 0.883 (0.683-1.143) 0.3601 0.3601

39



Instrumental variables (SNPs)
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