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ARTICLE INFO ABSTRACT

Section editor: Christiaan Leeuwenburgh Anderson-Fabry disease (AFD) is a rare X-linked lysosomal storage disorder characterized by marked clinical
heterogeneity and incompletely understood genotype-phenotype correlations. While X-chromosome inactivation

Keywords: has been extensively investigated, the contribution of autosomal epigenetic mechanisms to phenotypic vari-

Anderson-Fabry disease ability remains poorly defined. Here, we performed an exploratory genome-wide DNA methylation analysis in 32

DNA methylation

Epigenetic aging

Epigenome-wide association study
Lysosomal storage disorders
Epigenetic clock

AFD patients (22 females and 10 males; mean age 51.7 years) recruited within a multicenter regional research
project in Calabria (Italy). DNA methylation profiling was conducted using the Infinium MethylationEPIC v2.0
array. The analysis integrated two complementary approaches: differential methylation analysis and evaluation
of biological aging through multiple epigenetic clocks, including Horvath, Hannum, PhenoAge, Skin & Blood,
GrimAge, and DunedinPACE.

Exploratory methylome-wide analysis identified a limited set of CpG loci showing nominal evidence of
methylation differences between carriers of pathogenic and non-pathogenic variants; however, none remained
statistically significant after correction for multiple testing. Annotation of the top-ranking nominal CpG associ-
ations highlighted genes involved in biological processes including vascular regulation, intracellular trafficking,
cytoskeletal organization, immune signaling, and lipid metabolism. No significant differences between groups
were observed for the conventional epigenetic age-acceleration measures examined. In contrast, carriers of
pathogenic variants showed significantly higher DunedinPACE values (p = 0.0328), indicating a faster estimated
pace of biological aging. This finding suggests that DunedinPACE may capture aspects of the cumulative systemic
burden associated with pathogenic GLA variants, although confirmation in larger independent cohorts is
required.

Overall, this pilot epigenomic study provides preliminary evidence that autosomal epigenetic remodeling and
biological aging acceleration may contribute to phenotypic heterogeneity in AFD.

1. Introduction Xq22, which encodes the enzyme a-galactosidase A (a-Gal A) (Germain
et al., 2022). This enzyme catalyses the intracellular hydrolysis of ter-
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(Schiffmann, 2024). Mutations in GLA lead to reduced or absent a-Gal A
activity, resulting in progressive accumulation of globotriaosylceramide
(Gb3) and other glycosphingolipids within lysosomes, ultimately
affecting multiple organ systems, including the kidneys, heart, and
nervous system (Zarate and Hopkin, 2008). The initial pathological
event is the accumulation of Gb3 in various cell types, including endo-
thelial cells, neurons, cardiomyocytes, and cells of the reticuloendo-
thelial system, which triggers cellular dysfunction and activates
pathogenic pathways responsible for progressive multi-organ damage.
Being a multisystemic disorder, AFD affects several organs, with path-
ogenic mechanisms varying depending on the type of cell or tissue
involved (Tuttolomondo et al., 2013). Clinically, AFD presents with
heterogeneous features that depend on gender, genotype, and the
severity of the enzymatic defect. Two main clinical phenotypes are
identified: a classic and a non-classic or late-onset phenotype. The
classic form, predominantly affecting males, is characterized by absent
or markedly reduced (<3% of normal) a-Gal A activity, leading to early
childhood symptoms such as acroparesthesias, angiokeratomas, cornea
verticillata, gastrointestinal complaints, and hypohidrosis (Germain
et al., 2022). As the disease progresses, renal, cardiac, and cerebrovas-
cular complications develop, often manifesting between the second and
fourth decades of life. In contrast, individuals with late-onset AFD
exhibit residual enzyme activity and a more restricted clinical profile,
typically presenting with cardiac involvement in adulthood, while other
classic manifestations may be absent or mild (Pieroni et al., 2024).

To date, 1179 mutations in the GLA gene have been identified, with
missense mutations being the most prevalent, alongside nonsense mu-
tations, insertions, deletions, and splicing alterations [The Human Gene
Mutation Database. 2021. Available online: http://www.hgmd.cf.ac.
uk/ac/gene.php?gene=GLA (accessed on May 7th, 2025)]. Mutations
causing complete loss of enzyme function are typically associated with
the classic, severe phenotype, while missense mutations leading to re-
sidual enzyme activity may manifest as milder, later-onset forms
(Simonetta et al., 2018). Most patients harbor “private variants”, mu-
tations unique to their family, yet significant intrafamilial phenotypic
variability is frequently observed (Schiffmann, 2024; Simonetta et al.,
2018). In addition, despite having the same pathogenic mutation, phe-
notypes may vary widely also within different families making
genotype-phenotype determination very difficult (Viggiano and
Politano, 2021). Thus, AFD is characterized by phenotypic heterogene-
ity which is inter- and intrafamilial (Tuttolomondo et al., 2017).
Consequently, establishing genotype-phenotype correlations has
proven challenging, as other factors such as genetic background,
epigenetic modifications, and environmental influences likely
contribute to disease expression and progression. Importantly, in female
patients, an additional layer of phenotypic heterogeneity arises due to X-
chromosome inactivation (XCI) (Balaton et al., 2018; Furlan and Galupa,
2023). In fact, although traditionally considered asymptomatic carriers,
many heterozygous females manifest clinical signs of AFD, sometimes as
severe as in males. This variability is largely attributed to the pattern of
XCIL: when the X chromosome carrying the normal GLA allele is prefer-
entially inactivated (skewed XCI), more cells express the mutant allele,
leading to reduced overall a-Gal A activity and more severe phenotypes.
Conversely, if the X chromosome with the mutant allele is preferentially
inactivated, females may exhibit milder or no symptoms (Viggiano and
Politano, 2021).

Thus, given its crucial role in shaping phenotypic variability among
female heterozygotes, both XCI and DNA methylation focused on the X
chromosome have been extensively studied in the context of AFD
(Wagenhauser et al., 2022; Reboun et al., 2022; De Riso et al., 2020; Di
Risi et al., 2021; Iza et al., 2025). In contrast, the potential role of
epigenetic mechanisms related to autosomal (non-sex) chromosomes in
modulating phenotypic variability in AFD has not yet been widely
investigated (Di Risi et al., 2022). Among emerging epigenetic tools,
epigenetic clocks, which estimate biological age based on DNA
methylation patterns, have shown promise in various disease contexts as
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biomarkers of systemic stress, cellular aging, and chronic inflammation.
Applying these clocks to AFD patients may help explain part of the
observed clinical heterogeneity, particularly in those cases where
chronological age does not align with disease severity or with its pro-
gression (Freire-Aradas et al., 2020; Garali et al., 2020).

Given the current lack of data on epigenetic aging in AFD, our study
aimed to explore genome-wide autosomal DNA methylation patterns
and biological aging within a clinically ascertained cohort of individuals
with AFD. Participants were stratified according to the ClinVar classi-
fication of their GLA variants into carriers of pathogenic and non-
pathogenic variants, with the latter group including several variants
classified as variants of uncertain significance (VUS). This within-cohort
comparison was selected as an exploratory approach to investigate
whether the presence of a GLA variant with established pathogenic
significance was associated with differences in autosomal DNA
methylation patterns and biological aging measures. Importantly, since
the comparison was not performed against a healthy control group, the
present study was aimed at identifying preliminary epigenetic differ-
ences associated with GLA variant classification within the study cohort.
To this end, we integrated two complementary approaches: (i) explor-
atory differential methylation analysis at individual CpG sites and (ii)
assessment of biological aging using established epigenetic clocks.

2. Materials and methods
2.1. Participant characteristics

For this study, 32 individuals diagnosed with AFD were enrolled
(mean age, 51.69 years; 22 females and 10 males).

Patients were recruited from two operative units (Nephrology Unit of
the Azienda Ospedaliera of Cosenza, Italy, and the Nephrology Unit of
the Azienda Ospedaliero-Universitaria “Renato Dulbecco” of Catanzaro,
Italy) participating in an ongoing regional multicenter research project
carried out in Calabria (Italy) starting from 2024. The diagnosis of AFD
was established based on clinical evaluation, confirmed through mo-
lecular genetic sequencing identifying variants in the GLA gene, and
supported by biochemical testing of a-galactosidase A enzyme activity.
Among the enrolled subjects, 26 had variants associated with late-onset
AFD and 6 with early-onset AFD; among enrolled subjects, 24 carried
variants of uncertain significance (VUS), whereas 8 carried pathogenic
variants. These variants have been classified according to the ClinVar
database. At the time of enrolment, 6 participants were already
receiving enzyme replacement therapy (ERT) with agalsidase, whereas
26 were untreated. Patient genetic and clinical characteristics, including
a-Gal A level of activity, are shown in Table 1.

For the subsequent analyses, participants were stratified according to
the ClinVar classification of their GLA variants into carriers of patho-
genic and non-pathogenic variants. The non-pathogenic group included
several variants classified as variants of uncertain significance (VUS)
and was not intended to represent a healthy or unaffected control group.

2.2. Blood collection and DNA extraction

Peripheral blood samples were collected in tubes containing EDTA
and stored frozen at —20 °C. Genomic DNA was extracted using the
Invitrogen™ PureLink™ Genomic DNA Mini Kit. Extracted DNA was
quantified using a NanoDrop™ One (Thermofisher). Written informed
consent was obtained from all participants, and all the studies were
approved by the Regional Ethical Committee, Catanzaro, Italy (Prot.
CET 200/2024).

2.3. Infinium HumanMethylation EPICv2 BeadChip array
Microarray hybridization was performed by Genomix4Life srl

(Baronissi, SA, Italy). DNA samples from the cohort used to develop the
aforementioned model were processed following standard procedures.


http://www.hgmd.cf.ac.uk/ac/gene.php?gene=GLA
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Table 1
Genetics and clinical characteristics of the study cohort. M = male, F = female; SNV = Single Nucleotide Variant; VUS = variant of unclear significance.
Sample Age Sex  Gene Variant Onset  Type and Classification of Interpretation of Variant (ClinVar- a-gal A Clinical Therapy
Variant NCBI) Activity Involvement

FD1 64 F p.N5D Late SNV missense Pathogenic >15nmol/ml/  Renal NO
h

FD2 68 M p.D313Y Late SNV missense vUs >15nmol/ml/  Neurological NO
h

FD3 44 M p-N53Nfs*68 Early Frameshift Pathogenic <0.3 nmol/ Renal, Cardiac YES
ml/h

FD4 45 F VS5 +1G>T Early Intronic Pathogenic 4.7 nmol/ml/h Renal, Cardiac NO

FD5 30 F p.D313Y Late SNV missense VvUs >15 nmol/ml/ - NO
h

FD6 20 F p.D313Y Late SNV missense vUs >15 nmol/ml/ - NO
h

FD7 63 F p.D313Y Late SNV missense vUs >15nmol/ml/  Neurological NO
h

FD8 44 M p.D313Y Late SNV missense vus >15 nmol/ml/ Neurological NO
h

FD9 78 F p-N53Nfs*68 Early Frameshift Pathogenic 3.2nmol/ml/h  Renal YES

FD10 64 F p.D313Y Late SNV missense vus >15 nmol/ml/ Neurological NO
h

FD11 59 F p.D313Y Late SNV missense Vvus >15 nmol/ml/ Renal, Cardiac NO
h

FD12 35 F p.D313Y Late SNV missense VvUs >15 nmol/ml/  Neurological NO
h

FD13 65 M p.D313Y Late SNV missense Vvus 7 nmol/ml/h Renal, Cardiac NO

FD14 64 F p.D313Y Late SNV missense vuUs >15 nmol/ml/  Neurological NO
h

FD15 29 F p.D313Y Late SNV missense vUs >15nmol/ml/  Cardiac NO
h

FD16 80 F p.D313Y Late SNV missense Vvus >15 nmol/ml/  Neurological NO
h

FD17 59 M p.D313Y Late SNV missense vUs >15nmol/ml/  Neurological NO
h

FD18 56 F c.370-2A > G Early Splice site Pathogenic >15nmol/ml/  Renal, YES
h Neurological

FD19 69 F p-S126G Late SNV missense Vvus 14.4nmol/ml/  Renal YES
h

FD20 65 F p.D313Y Late SNV missense vUs >15nmol/ml/  Renal YES
h

FD21 46 M p.D313Y Late SNV missense Vvus >15nmol/ml/ - NO
h

FD22 47 F p.D313Y Late SNV missense vus >15 nmol/ml/ Neurological NO
h

FD23 21 F p.D313Y Late SNV missense Vvus >15 nmol/ml/ - NO
h

FD24 62 F p.D313Y Late SNV missense Vvus >15 nmol/ml/  Neurological NO
h

FD25 19 M p.D313Y Late SNV missense vUs >15nmol/ml/  Renal, NO
h Neurological

FD26 42 F p.S126G Late SNV missense VvUus >15nmol/ml/  Renal NO
h

FD27 50 F p.D313Y Late SNV missense vus >15 nmol/ml/ Renal, NO
h Neurological

FD28 57 F p.D313Y Late SNV missense vuUs >15nmol/ml/  Neurological NO
h

FD29 50 M p.N2158 Late SNV missense Pathogenic 7 nmol/ml/h Renal NO

FD30 48 M 999 +1G>T  Early Splice site Pathogenic 0.2nmol/ml/h  Renal NO

FD31 49 M p. Early Frameshift Pathogenic <0.3 nmol/ Renal, Cardiac YES

Q283DfsTerl5 ml/h

FD32 59 F p.D313Y Late SNV missense Vvus >15nmol/ml/  Renal, NO

h Neurological

Briefly, 8.9 ng of genomic DNA was quantified using a NanoDrop™ One
spectrophotometer (Thermo Fisher Scientific) and subsequently sub-
jected to bisulfite conversion using the EZ DNA Methylation Kit (Zymo
Research, Irvine, CA, USA), according to the manufacturer's in-
structions. The converted DNA was then processed following Illumina
protocols and hybridized onto the Infinium MethylationEPIC v2.0
BeadChip (Illumina Inc., CA, USA). All 32 samples were processed
simultaneously to minimize batch effects.

2.4. Bioinformatics and statistical analysis

2.4.1. Quality control/data-processing

DNA methylation data were analysed in the R environment using the
MecCallR pipeline (Yang and Han, 2024), following a standardized and
reproducible workflow. Raw intensity files were first imported and
subjected to systematic quality control at both the sample and probe
levels. Sample quality assessment was conducted using the minfi pack-
age. A predefined exclusion threshold of 10.5 was applied in order to
ensure high data reliability. Samples not meeting this quality criterion
were excluded from downstream analyses. Probe-level filtering was
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performed using the MeCall.Filtering function. Several categories of
probes were removed to minimize technical bias and avoid spurious
biological signals. Specifically, probes with detection P-values >0.01
were excluded to ensure measurement reliability. Probes with an
insufficient beadcount were removed to avoid instability in methylation
estimates. Probes located in non-CpG regions were excluded, as were
probes known to overlap single-nucleotide polymorphisms (SNPs),
which may affect hybridization specificity. Multi-hit probes mapping to
multiple genomic loci were also removed to prevent ambiguous signal
attribution. In addition, probes located on sex chromosomes were
excluded to avoid sex-driven methylation differences that could
confound group comparisons. Probes flagged for known reliability is-
sues, probes not correctly mapped to the GRCh38/hg38 reference
genome, and duplicate probes present in the EPICv2 platform were also
discarded. Following filtering, data normalization was performed using
the MeCall.Norm function. Background correction was applied using the
Noob method, and beta values were normalized using BMIQ to correct
for probe-type bias. Outlier detection was subsequently performed using
the MeCall.Outlier function. Finally, potential batch effects were
assessed using MeCall.FindBatch, in order to identify any technical
variation that might require correction before differential methylation
analyses.

2.4.2. Cell type correction

To reduce potential bias due to differences in blood cellular
composition, the proportions of the main leukocyte populations were
estimated using a deconvolution approach based on whole blood
reference data, implemented in the minfi package. Specifically, the
proportions of CD4 and CD8 T lymphocytes, NK cells, B cells, mono-
cytes, and neutrophils were obtained (Aryee et al., 2014; Houseman
et al., 2012). To formally assess differences in leukocyte composition
between carriers of pathogenic and non-pathogenic GLA variants, esti-
mated cell proportions were compared using Welch's two-sample t-test.
Mean differences and corresponding 95% confidence intervals were
calculated, and P-values were adjusted for multiple testing across the six
leukocyte populations using the Benjamini-Hochberg false discovery
rate (FDR) method.

2.4.3. Epigenetic aging calculation

Age acceleration estimates were derived from the residuals of linear
regression models of DNA methylation (DNAm) age on chronological
age using the methylclock package. Specifically, the main epigenetic
clocks, Horvath (Horvath, 2013), SkinBlood-Horvath (Horvath et al.,
2018), Levine (Levine et al., 2018), Hannum (Hannum et al., 2013),
EN (Robinson, 1991), and BLUP (Zou and Hastie, 2005), were
computed, and for each clock, the age acceleration was defined as the
residuals obtained by regressing DNAm age on chronological age
(Pelegi-Siso et al., 2021; Teschendorff and Horvath, 2025). In addition,
the DunedinPACE score was calculated to estimate the pace of biological
aging (Belsky et al., 2022). DunedinPACE was additionally included as a
complementary aging measure because, unlike conventional epigenetic
clocks that estimate biological age, it was specifically developed to
quantify the pace of biological aging. Therefore, its inclusion allowed us
to assess whether GLA variant classification was associated not only with
deviations between DNAm-predicted and chronological age but also
with differences in the estimated rate of biological aging.

2.4.4. Differentially methylated position analysis

To identify mean methylation differences between pathogenic and
non-pathogenic AFD patients, we performed differential methylation
analyses at the single-site (DMP) level using the R package limma (Peters
et al.,, 2015). DMPs were identified by comparing M-values at each
cytosine CpG locus between patients with pathogenic AFD and patients
with non-pathogenic AFD. P-values were adjusted for multiple testing
using the Benjamini-Hochberg false discovery rate (FDR) method. All
analyses were conducted on M-values, derived from p-values to better

Experimental Gerontology 224 (2026) 113318

satisfy the assumptions of linear modeling (Du et al., 2010). Models were
also adjusted for potential confounders, including age, sex, treatment,
and estimated leukocyte composition. Experimental slide was included
as a random effect to account for technical variability and reduce batch
effects associated with this factor.

Finally, given the limited sample size, a simulation-based sensitivity
power analysis was performed in R using the pwrEWAS package. Sim-
ulations reflected the effective sample size after quality control, whole-
blood DNA methylation data, the limma-based analytical approach, and
a Benjamini-Hochberg FDR threshold of 0.05. Maximum target
methylation differences (Ap) of 0.05, 0.10, 0.15, and 0.20 were evalu-
ated. Because power under FDR control depends on the assumed number
of truly differentially methylated CpGs, sensitivity analyses were per-
formed assuming 10, 100, or 1000 true differentially methylated CpGs.
For each scenario, 50,000 CpG sites were simulated across 100
iterations.

3. Results
3.1. Quality control outcomes

The quality control procedure led to the exclusion of two samples
that did not meet the predefined quality threshold. At the probe level,
filtering resulted in the removal of a substantial number of probes across
multiple categories. Specifically, 11,782 probes were excluded due to
detection P-values >0.01, 4314 probes for low beadcount, and 3738
probes located in non-CpG regions. In addition, 31,945 probes over-
lapping known SNPs and 11,759 multi-hit probes were removed to
ensure specificity of genomic mapping. A total of 24,518 probes located
on sex chromosomes were excluded to prevent sex-related confounding
effects. Furthermore, 50,209 probes flagged for reliability concerns,
7516 probes not properly mapped to the GRCh38/hg38 reference
genome, and 6963 duplicate probes on the EPICv2 platform were dis-
carded. Outlier detection using the MeCall.Outlier function did not
identify any additional samples requiring exclusion, indicating overall
homogeneity of the dataset after preprocessing. Importantly, the eval-
uation of potential batch effects using MeCall.FindBatch did not reveal
significant technical variation, and therefore, no batch correction was
applied. After completion of the entire preprocessing workflow, a total
of 30 high-quality samples and a total of 816,007 unique CpG sites
remained available for the subsequent analysis.

3.2. Peripheral immune composition in pathogenic vs non-pathogenic AFD
variant carriers

Fig. 1 shows the distribution of estimated leukocyte proportions in
carriers of pathogenic (ClinVar = 1) and non-pathogenic (ClinVar = 0)
GLA variants. Formal statistical comparisons did not identify significant
differences between groups for CD8+ T cells (P = 0.478), CD4+ T cells
(P = 0.947), NK cells (P = 0.550), B cells (P = 0.919), monocytes (P =
0.310), or neutrophils (P = 0.877). All comparisons remained non-
significant after Benjamini-Hochberg correction for multiple testing
(FDR = 0.947 for all cell populations). Thus, although modest differ-
ences in the graphical distributions were observed for some leukocyte
populations, there was no statistical evidence of systematic differences
in estimated leukocyte composition between carriers of pathogenic and
non-pathogenic GLA variants (Supplementary Table S1).

3.3. Epigenetic age acceleration in pathogenic vs non-pathogenic AFD
variants

Epigenetic age acceleration (EAA) was compared between in-
dividuals carrying pathogenic AFD variants (ClinVar = 1) and those with
non-pathogenic variants (ClinVar = 0) using multiple established
epigenetic clocks (Horvath, Hannum, PhenoAge, Skin & Blood, and
GrimAge) as well as the DunedinPACE estimator (Fig. 2).



M.A. Aceto et al.

Estimated Cellular Components

Experimental Gerontology 224 (2026) 113318

016 s p=0.48 p =0.95 ° p=0.55
0.30
[ ]
0.09
[ ]
3
= = <
a & 020 Iy
(@] (@] 5 0.06
0.08 =
z
| 0.15 |
0.04 0.03
: |
° 0.10
Non-pathogenic Pathogenic Non-pathogenic Pathogenic Non-pathogenic Pathogenic
0 8 p=0.92 0.125 p=0.31 p=0.88
0.15 |
| 0.6
° 0.100
@ @
= 0.10 < o
o] . 3 g
@ 2 5
0.075 =
= 204
]
0.05 |
0.050 '
| 0.2 3
Non-pathogenic Pathogenic Non-pathogenic Pathogenic Non-pathogenic Pathogenic

ClinVar E Non-pathogenic E Pathogenic

Fig. 1. Estimated leukocyte composition according to GLA variant classification. Boxplots show the estimated proportions of CD8+ T cells, CD4+ T cells, NK cells, B
cells, monocytes, and neutrophils in carriers of non-pathogenic (ClinVar = 0, green; n = 22) and pathogenic (ClinVar = 1, red; n = 8) GLA variants. P-values shown in
each panel were calculated using Welch's two-sample t-test. (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)

No statistically significant differences were observed for the con-
ventional epigenetic aging measures including Horvath (mean differ-
ence = 1.435, 95% CI: —7.804 to 10.675; P = 0.741), Hannum (mean
difference = 2.951, 95% CI: —4.936 to 10.838; P = 0.434), PhenoAge
(mean difference = 3.153, 95% CI: —9.544 to 15.849; P = 0.596), Skin &
Blood (mean difference = 2.749, 95% CI: —5.924 to 11.422; P = 0.503),
and GrimAge clocks (mean difference = 1.620, 95% CI: —0.843 to 4.082;
P = 0.187). In contrast, DunedinPACE was significantly higher in car-
riers of pathogenic variants, with a mean between-group difference of
0.118 (95% CIL: 0.011 to 0.224; P = 0.0328), indicating a faster esti-
mated pace of biological aging in this group.

3.4. Identification of differentially methylated positions

A simulation-based sensitivity power analysis confirmed the limited
power of the epigenome-wide CpG-based association analysis. In fact,
across several scenarios assuming 10-1000 true DMPs, estimated power
remained below 50% for all evaluated target methylation differences
(Ap = 0.05-0.20).

As an exploratory epigenome-wide analysis, the comparison between
carriers of pathogenic and non-pathogenic GLA variants identified 11

DMPs showing nominal evidence of methylation differences at a strin-
gent nominal significance threshold (p <1 x 1075, Table 2).

Overall, the identified CpGs were almost evenly distributed in terms
of directionality, with 6 loci showing reduced methylation and 5 dis-
playing increased methylation in pathogenic carriers compared with
non-pathogenic individuals. The differentially methylated sites were
located across different chromosomes, and no evident clustering within
a specific genomic region was observed (Fig. 3). This distribution sug-
gests that the methylation differences are dispersed throughout the
genome rather than concentrated within a single differentially methyl-
ated region.

The volcano plot (Fig. 4) illustrated a balanced pattern of hyper- and
hypomethylation among the top-ranking CpGs, without evidence of a
generalized shift toward either global hypermethylation or hypo-
methylation. Instead, the data indicate a bidirectional remodeling of
methylation at selected loci.

To further explore these differences at the sample level, boxplots of
M-values were generated for the most significant CpGs (Fig. 5).

These visualizations confirmed the direction of effect identified by
the regression analysis. In several loci, pathogenic carriers showed a
clear shift in median methylation compared with non-pathogenic
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Skin & Blood, DunedinPACE and GrimAge measures in carriers of non-pathogenic (ClinVar = 0; n = 22) and pathogenic (ClinVar = 1; n = 8) GLA variants.

Table 2

Top-ranking differentially methylated CpG loci between carriers of pathogenic and non-pathogenic GLA variants. Effect estimates (logFC) and corresponding 95%
confidence intervals (CI) are reported to provide information on the magnitude and precision of the observed methylation differences.

CpG Chromosome Position Gene 1ogFC (95% CI) P-value FDR

cg18020065 chrl3 114064258 RASA3 1.023 (0.701 to 1.345) 9.58 x 1077 5.32 x 107!
cg00783409 chr8 1841122 ARHGEF10 —1.220 (—1.624 to —0.815) 2,10 x 10°° 5.32 x 107!
¢g22334000 chr4 80335845 CFAP299 —0.826 (—1.102 to —0.550) 2.34 x 107° 5.32 x 107!
€g25935178 chrl 159900112 CFAP45 0.744 (0.489 to 0.999) 3.46 x 107° 5.32 x 107!
cg02472935 chr15 52419622 MYO5A —0.953 (—1.285 to —0.621) 4.28 x 10°° 5.32 x 107!
cgl6711522 chrl5 52466080 MYO5A 0.986 (0.640 to 1.332) 4.85 x 10°° 5.32 x 107
cg04977659 chr20 63756641 ZBTB46 —1.366 (—1.847 to —0.885) 5.05 x 107° 5.32 x 107!
€g22138327 chr13 27425040 GTF3A 1.728 (1.118 to 2.337) 5.22 x 10°° 5.32 x 107!
cg06136473 chr19 41546287 - 0.738 (0.472 to 1.005) 7.19 x 107°° 5.32 x 107
cg11564495 chrl 115842508 NHLH2 —0.758 (—1.031 to —0.484) 7.33 x 107° 5.32 x 107!
cg13615077 chrl 6320962 ACOT7 —0.611 (—0.836 to —0.386) 9.81 x 107 6.90 x 107!

individuals, although partial overlap between groups was present.
Despite the limited sample size and inter-individual variability, the
separation observed in the boxplots was consistent with the corre-
sponding logFC estimates derived from the linear model.

The most strongly associated CpGs included cg18020065 on chro-
mosome 13, annotated to RASA3, which was hypomethylated in path-
ogenic carriers (logFC = +1.02), and cg00783409 on chromosome 8,
annotated to ARHGEF10, which showed higher methylation in patho-
genic carriers (logFC = —1.22). Additional loci were annotated to
CFAP299 (cg22334000, chr4), CFAP45 (cg25935178, chrl), and two
CpGs within MYO5A (cg02472935 and cg16711522, chrl5), displaying
opposite directions of methylation change. Other associated genes
included ZBTB46 (chr20), GTF3A (chr13), NHLH2 (chrl), and ACOT7
(chrl).

From a genomic annotation perspective, several CpGs were located
within regulatory contexts, including CpG islands, shores, shelves, and
promoter-associated regions. This positional distribution is compatible
with a potential involvement in transcriptional regulation, although
functional consequences cannot be inferred directly from methylation
levels alone.

However, none of these CpG loci remained statistically significant

after correction for multiple testing (all FDR > 0.05). Consequently,
these findings should be considered exploratory and hypothesis-
generating.

4. Discussion

In this study, we investigated genome-wide DNA methylation dif-
ferences between pathogenic and non-pathogenic AFD carriers and
explored epigenetic age acceleration as a potential modifier of pheno-
typic variability. Although no loci remained significant after correction
for multiple testing, this exploratory methylome-wide analysis identi-
fied a subset of CpG sites displaying coherent methylation differences
between pathogenic and non-pathogenic carriers, supporting the pres-
ence of preliminary epigenetic signatures potentially associated with
disease-related biological processes. Importantly, the identified CpGs
were distributed across multiple chromosomes and did not cluster
within a specific genomic region, indicating that epigenetic variation in
AFD may involve dispersed regulatory mechanisms rather than a single
differentially methylated region. The balanced pattern of hyper- and
hypomethylation observed in the volcano plot further supports the idea
of locus-specific remodeling rather than global methylation shifts.
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Fig. 3. Manhattan plot of the exploratory epigenome-wide differential methylation analysis comparing carriers of non-pathogenic (ClinVar = 0; n = 22) and
pathogenic (ClinVar = 1; n = 8) GLA variants. The horizontal red dashed line indicates the nominal significance threshold of P = 1 x 10°° [-1log10(P) = 5]. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

6 - [chO783409L\[(3922334000] 918020065
\ €g25935178
cg02472935 q cg16711522
b = = —— - - | cg11564495 — — = | CQ22138327 | == = = = - -
/ cg06136473
(cg04977659] (cg13615077]
4 4
o p-value <= 1e-05
N
= e Hypo-methylated (6)
g e Hyper-methylated (5)
n not significant (815996)
2 4
0 4
4 2 0 2 4

logFC (Non Pathogenic — Pathogenic)

Fig. 4. Volcano plot of the exploratory epigenome-wide differential methylation analysis comparing carriers of non-pathogenic (ClinVar = 0; n = 22) and pathogenic
(ClinVar = 1; n = 8) GLA variants. The horizontal red dashed line indicates the nominal significance threshold of P =1 x 10°° [-1og10(P) = 5]. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)

Several of the annotated genes are involved in biological pathways to play a role in platelet production and endothelial homeostasis. Given
plausibly related to AFD pathophysiology. The most significant locus, that AFD is characterized by endothelial dysfunction, microvascular
cg18020065, mapped to RASA3, a Ras GTPase-activating protein that injury, and pro-thrombotic alterations secondary to globotriaosylcer-
negatively regulates Ras signaling and is essential for vascular and he- amide accumulation (Spero and Roisen, 1985), differential methylation

matopoietic integrity (Molina-Ortiz et al., 2018). RASA3 has been shown at RASA3 may reflect altered vascular signaling pathways in pathogenic
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Fig. 5. Boxplots showing M-value distributions for the top-ranking CpG loci identified in the exploratory differential methylation analysis in carriers of non-
pathogenic (ClinVar = 0; n = 22) and pathogenic (ClinVar = 1; n = 8) GLA variants.

carriers. However, the biological interpretation of the observed hypo-
methylation at ¢g18020065 requires caution, as this CpG is located
within the gene body rather than in a canonical promoter region, where
the relationship between DNA methylation and transcriptional output is
not necessarily inverse. Indeed, intragenic methylation may show
context-dependent positive or negative correlations with gene expres-
sion. Therefore, while our findings raise the hypothesis that RASA3-
mediated signaling may act as an epigenetic modifier of vascular
phenotype in AFD disease, the current methylation data alone do not
allow direct inference of RASA3 overexpression, and further tran-
scriptomic and protein-level validation studies are warranted.
Cg00783409 was annotated to ARHGEF10, a Rho guanine nucleotide
exchange factor involved in cytoskeletal organization and peripheral
nerve function (Lu et al., 2017). ARHGEF10 mutations have been asso-
ciated with slowed nerve conduction and altered myelination. Consid-
ering that neuropathic pain and small fiber neuropathy are hallmark
manifestations of AFD (Biegstraaten et al., 2013), epigenetic modulation
of genes regulating axonal structure and cytoskeletal dynamics may
contribute to inter-individual variability in neurological involvement.
Two CpGs mapped to MYO5A, encoding myosin Va, an actin-based
motor protein involved in vesicular trafficking and organelle transport
(Van Gele et al., 2009). MYO5A is critical for intracellular cargo trans-
port and lysosome positioning. Since AFD is a lysosomal storage disorder
characterized by impaired glycosphingolipid degradation and lysosomal
dysfunction (Phadke et al., 2009), methylation changes in genes regu-
lating vesicular trafficking may represent adaptive or compensatory
responses to altered intracellular transport dynamics. Methylation dif-
ferences were also observed in CFAP45 and CFAP299, genes implicated
in ciliary and flagellar function. While not directly linked to AFD, pri-
mary cilia are increasingly recognized as regulators of endothelial
signaling and vascular homeostasis (Dougherty et al., 2020). Given the
central role of vascular dysfunction in AFD, dysregulation of cilia-
associated genes may indirectly influence endothelial responses to
metabolic stress. Cg04977659 mapped to ZBTB46, a transcription factor
selectively expressed in classical dendritic cells and endothelial cells,
where it regulates immune activation (Kabir et al., 2024). Chronic
inflammation is a recognized component of AFD pathophysiology, with
elevated pro-inflammatory cytokines reported in affected individuals
(Coelho-Ribeiro et al., 2024). Epigenetic modulation of immune-related
transcription factors may therefore contribute to variability in systemic

inflammatory responses among carriers. Similarly, ACOT7, identified at
cg13615077, encodes acyl-CoA thioesterase 7, an enzyme involved in
lipid metabolism and fatty acid turnover (Kumar et al., 2023). AFD is
characterized by glycosphingolipid accumulation and broader alter-
ations in lipid handling (Germain et al., 2022), suggesting that
methylation changes in lipid metabolism genes may reflect metabolic
stress pathways secondary to lysosomal dysfunction. NHLH2, associated
with cg11564495, encodes a basic helix-loop-helix transcription factor
involved in neuroendocrine and energy balance regulation (Fox et al.,
2007). Although not previously linked to AFD, dysregulation of energy
metabolism and systemic stress pathways may influence disease pro-
gression and organ involvement.

Overall, many of the identified genes converge on biological domains
consistent with established mechanisms in AFD, including vascular
signaling, cytoskeletal organization, intracellular trafficking, lipid
metabolism, and immune regulation. While preliminary and hypothesis-
generating, these findings support the possibility that autosomal DNA
methylation remodeling may contribute to inter-individual variability in
AFD by modulating pathways involved in vascular homeostasis, immune
activation, intracellular trafficking, and metabolic stress responses.
These functional annotations provide a biological context for the
exploratory methylation signals but should not be interpreted as evi-
dence that these genes are functionally altered in AFD. In particular,
DNA methylation changes do not necessarily translate into altered gene
expression, and their effects depend on genomic location and regulatory
context. Moreover, no transcriptomic, protein-expression, or functional
analyses were performed in the present study. Therefore, these loci
should be regarded exclusively as hypothesis-generating candidates
whose potential relevance to AFD requires independent replication and
functional validation.

With respect to epigenetic aging, our analysis revealed a consistent
trend toward increased biological age acceleration in carriers of path-
ogenic AFD variants compared with non-pathogenic individuals. Across
multiple established clocks, pathogenic carriers exhibited higher median
age acceleration values, with the most evident separation observed for
the Hannum and PhenoAge estimators. Importantly, DunedinPACE
values were also higher in the pathogenic group, indicating an increased
pace of biological aging rather than solely cumulative age deviation.
However, no statistically significant differences were observed between
carriers of pathogenic and non-pathogenic GLA variants for the Horvath,
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Hannum, PhenoAge, Skin & Blood, or GrimAge age-acceleration mea-
sures. Although some clocks showed descriptive differences in median
values, these findings should not be interpreted as evidence of acceler-
ated epigenetic aging. In contrast, DunedinPACE was significantly
higher in carriers of pathogenic variants, suggesting a faster estimated
pace of biological aging in this group. This distinction is biologically
relevant because DunedinPACE differs conceptually from conventional
epigenetic clocks. Whereas conventional clocks primarily quantify dif-
ferences between DNA methylation-predicted age and chronological
age, DunedinPACE was specifically developed to estimate the pace at
which biological aging is occurring. Thus, the present findings do not
indicate that carriers of pathogenic variants are consistently epigeneti-
cally older according to multiple clocks; rather, they provide pre-
liminary evidence that these individuals may exhibit a faster pace of
biological aging. Given the limited sample size and the nominal signif-
icance of this finding, however, replication in larger independent co-
horts is required. Importantly, this acceleration pattern can be
interpreted in light of the locus-specific methylation changes observed
in the differential analysis. Chronic glycosphingolipid accumulation in
AFD is associated with sustained metabolic, inflammatory, and vascular
stress, biological processes that may influence both DNA methylation
patterns and aging-related molecular signatures. In this framework,
locus-specific methylation differences and epigenetic aging measures
may provide complementary, although distinct, information on disease-
related biological processes. However, given the exploratory nature of
the methylation findings and the absence of functional validation, a
direct mechanistic relationship between these observations cannot be
established.

Several limitations must be acknowledged. The sample size was
limited, with 30 participants included after quality control (22 non-
pathogenic and 8 pathogenic variant carriers). Given the small and
unbalanced groups and the large number of CpG sites tested genome-
wide, statistical power to detect small-to-moderate methylation differ-
ences after correction for multiple testing was limited. This likely
contributed to the absence of FDR-significant loci and limits the reli-
ability and generalizability of individual CpG associations. Accordingly,
the nominally associated loci identified in this study should be inter-
preted exclusively as exploratory, hypothesis-generating candidates
requiring replication in larger independent cohorts. Conversely, the
absence of FDR-significant associations should not be interpreted as
evidence for the absence of methylation differences, given the limited
statistical power of the present analysis. In addition, DNA methylation
was assessed in peripheral blood, which may not fully capture tissue-
specific alterations in kidney, heart, or nervous system, the primary
organs affected in FD. The cross-sectional design precludes causal
inference regarding whether methylation differences are drivers or
consequences of disease progression. An additional limitation concerns
the composition of the comparison groups. The non-pathogenic group
included several individuals carrying GLA variants classified as VUS and
therefore cannot be considered equivalent to a healthy or unaffected
control population. Consequently, the present comparison should be
interpreted as an exploratory within-cohort analysis according to GLA
variant classification, rather than as a case-control comparison.
Furthermore, the nominally associated CpG loci identified in this
exploratory analysis were not validated using an independent cohort or
an orthogonal methylation assay. Given that none of these loci survived
correction for multiple testing, they should be regarded as hypothesis-
generating candidates rather than validated methylation biomarkers.
Replication in larger independent cohorts, followed by targeted vali-
dation using approaches such as pyrosequencing or bisulfite sequencing,
will be necessary to establish their robustness. Finally, an additional
limitation is the absence of a healthy control group. Consequently, the
methylation differences observed between carriers of pathogenic and
non-pathogenic GLA variants cannot be interpreted as AFD-specific
epigenetic alterations, nor can we exclude that some of these differ-
ences reflect normal inter-individual epigenetic variability. The present
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findings should therefore be interpreted exclusively as within-cohort
exploratory associations with GLA variant classification. Future
studies including age- and sex-matched healthy controls will be required
to determine whether these methylation patterns are specifically asso-
ciated with AFD. Despite these limitations, this study represents the first
genome-wide exploration of autosomal DNA methylation signatures in
AFD carriers beyond X-chromosome inactivation mechanisms. While
preliminary, the identified loci highlight biologically plausible pathways
that warrant validation in larger, independent cohorts and functional
studies.

5. Conclusions

Taken together, this exploratory study identified nominal autosomal
DNA methylation differences between carriers of pathogenic and non-
pathogenic GLA variants, none of which remained significant after
correction for multiple testing. Among the biological aging measures
examined, only DunedinPACE differed significantly between groups,
with higher values observed in carriers of pathogenic variants. These
preliminary findings raise the possibility that the pace of biological
aging may differ according to GLA variant classification, but require
confirmation in larger, independent cohorts including healthy controls.
Future studies integrating DNA methylation with transcriptomic data
will be particularly important to determine whether reproducible
methylation differences are associated with altered gene expression.
Integration with proteomic and functional data, together with detailed
clinical phenotyping, will ultimately be required to establish the bio-
logical relevance of candidate epigenetic loci in AFD.
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