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ABSTRACT

Aim: We compared signatures of epigenetic aging in amyotrophic lateral sclerosis (ALS) patients and
healthy controls to investigate the role of potential confounders and genetic subgroups.

Methods: We used whole-blood methylome profiles for 5,146 ALS patients and 2,156 controls available
for Project MinE. We predicted biological age with three generations of epigenetic clocks and estimated
age acceleration by regressing our model on control individuals to evaluate case/control differences. To
investigate the contribution of C9orf72 expansions, we regressed the model on C9orf72-negative ALS
patients. The predicted DunedinPACE pace of aging and telomere length additionally characterized
aging dynamics.

Results: We found that white blood cell type proportions confound the previously observed increase in
the pace of biological aging in ALS. When correcting for cell counts, there is no evidence for accelerated
epigenetic aging compared to controls, except for ALS patients with the C9orf72 repeat expansion.
None of the epigenetic age acceleration scores contributed to survival.

Conclusion: Our study revealed no significant difference in the pace of biological agingbetween ALS
patients and controls, except for ALS patients carrying the C9orf72 mutation. We emphasize the
importance of altered white blood cell proportions in general ALS pathophysiology as opposed to
accelerated aging per se.
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PLAIN LANGUAGE SUMMARY

Amyotrophic Lateral Sclerosis (ALS) is a serious disease that affects the nervous system and makes it
hard for people to move. One of the main risk factors for developing ALS is getting older. Our study
looked at whether people with ALS have signs of aging faster than those who don’t have the disease.
To do so, we examined changes in chemical markers on DNA, called DNA methylation, that occur as
people age. We studied blood samples from 5,146 ALS patients and 2,156 healthy individuals, using
several tools that estimate biological age and how quickly it changes. Our results showed that
differences in immune cell composition help explain why it seems like ALS patients age faster. After
taking these differences into account, we found that, generally, ALS patients did not age faster than
healthy controls. However, those with the C90orf72 genetic mutation did show signs of aging more
quickly. Overall, our findings suggest that changes in immune cells are very important in ALS and may
be more significant than the idea of accelerated aging, except for patients with the C90rf72 mutation.

1. Introduction One hypothesis suggests that these changes may result

Amyotrophic Lateral Sclerosis (ALS) is a devastating neurode-
generative disease, characterized by progressive motor deficit
and eventual death [1]. In ALS, both upper and lower motor
neurons are affected, which leads to muscle weakness and
atrophy. ALS is known for its rapid progression, with a median
survival time between 20 and 48 months after the disease
onset [2]. Aging is one of the most significant risk factors for
ALS, as well as male sex, smoking, and familial history of the
disease [3]. Additionally, pathophysiological hallmarks of ALS
closely resemble those associated with aging, such as cellular
senescence, DNA damage, and neuroinflammation [4].
However, the origin of these changes is not completely
understood.

from an increased pace of biological aging. Biological age is
a measure of an individual's age based on age-dependent
biological changes. It offers a more accurate reflection of
internal processes and cumulative exposures than chronologi-
cal age, providing better insights into an individual’s mortality
risk and general healthm [5]. It can be measured with various
polymethylation scores addressed as ‘epigenetic clocks,” which
assess different biological age indicators.

Some epigenetic clocks, like the Zhang clock [6], were
designed to accurately predict chronological age, while others,
like GrimAge or PhenoAge [7,8], specifically predict all-cause
mortality. Additional clocks measure aspects of cellular aging,
such as telomere length (DNAmMTL) or stem cell division rate

CONTACT Jan Veldink 8 j-h.veldink@umcutrecht.nl @ Department of Neurology, UMC Utrecht Brain Center, Utrecht University, F02.131, 85500, Utrecht 3508

GA, The Netherlands

@ Supplemental data for this article can be accessed online at https://doi.org/10.1080/17501911.2025.2563502

© 2025 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License (http://creativecommons.org/licenses/by-nc-nd/4.0/),
which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited, and is not altered, transformed, or built upon in any way.
The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or with their consent.


http://orcid.org/0000-0001-6015-1554
http://orcid.org/0000-0003-3952-5042
http://orcid.org/0000-0002-9007-7436
http://orcid.org/0000-0002-5860-1533
http://orcid.org/0000-0001-5572-9657
https://doi.org/10.1080/17501911.2025.2563502
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/17501911.2025.2563502&domain=pdf&date_stamp=2025-10-22

1154 P. MERBAUM ET AL.

Article highlights

» Epigenetic age acceleration scores do not differ between the general
ALS population and controls after adjusting for WBC proportions;

o Increased pace of aging is not a universal feature of ALS but takes
place in a subgroup of patients with C90rf72 expansion;

* Previously reported age acceleration in general ALS largely reflects
shifts in the proportion of immune cells;

e None of the epigenetic age acceleration scores contributed to
survival;

e White blood cell proportion is an important covariate in epigenetic
research.

[9,10]. These epigenetic clocks help determine whether an
individual has accumulated more or fewer age-related
changes than would be expected based on their chronological
age, reflecting their cumulative aging burden.

Another notable epigenetic clock is the DunedinPACE [11].
It was trained on longitudinal data and measures the pace of
aging at the time of sampling, independent of chronologi-
cal age.

Epigenetic clocks are commonly used to mathematically deter-
mine the pace of biological aging. When biological aging exceeds
chronological aging, it is called epigenetic age acceleration (EAA).
EAA is reported in years of accumulated aging and is associated
with an increased overall mortality rate and development of
various conditions, including type 2 diabetes, stroke, and cancer
[12]. Given that aging is a significant risk factor for neurodegen-
eration, EAA has been observed in neurodegenerative and psy-
chiatric diseases, such as Alzheimer’s disease, Parkinson’s disease,
and schizophrenia [13,14]. Similarly, the aging process is of great
interest in ALS. For instance, aging neurons accumulate TDP-43 in
the cytoplasm, where it can form toxic aggregates, the pathologi-
cal hallmark of ALS [15]. Furthermore, EAA has been linked to an
earlier onset and shorter survival in ALS [16,17].

We analyzed the largest methylation dataset in ALS to date,
including 5,146 patients and 2,156 controls [18]. Then, we com-
pared age acceleration rates between ALS patients and controls
to evaluate the role of age acceleration in ALS susceptibility and
survival. We selected five epigenetic clocks from different cate-
gories — the first-generation Horvath clock [19], PCGrimAGe, the
principal component-based derivative of second-generation
mortality predictor GrimAge [7,20], and the third-generation
pan-mammalian clock [21], for which we estimated age accel-
eration in years for each individual. We also predicted the pace of
aging with DunedinPACE [11] and leucocyte telomere length
with DNAmMTL [9]. Ultimately, we compared epigenetic age accel-
eration between ALS patients with C90rf72 repeat expansion and
those without the expansion.

2. Methods
2.1. Study population and ethics

We used DNA methylation beta-values for 7,302 individuals
(5,146 patients with ALS and 2,156 controls) from ProjectMinE,
quantified with the lllumina HumanMethylation450k array (MinE
450k, N=4,425) and lllumina HumanMethylationEPIC array
(MinE EPIC, N=2,877). MinE 450k and MiInE EPIC cohorts, as
well as the DNA methylation quality control procedure, are

described in the manuscript by Hop et al. in the ‘Study Design’
section of Methods [22]. Our sample size was determined by the
availability of high-quality DNA methylation data and phenotype
information. Although we did not perform formal a priori power
calculations, the size of our cohort provides strong statistical
power to detect modest epigenetic effects while accounting
for multiple covariates. Individuals with specific ALS subtypes,
including progressive muscular atrophy, primary lateral sclerosis,
or mixed presentations, were excluded from the study.

Survival analysis was performed on a subset of ALS indivi-
duals (N =5,022) with known survival time and survival status
(dead or alive) at the time of the analysis.

All participants gave written informed consent, and the rele-
vant local institutional review boards approved this study.
Detailed information can be found in the manuscript by van
Rheenen et al. in the Supplementary Information section [23].

2.2. Epigenetic age acceleration estimation

We used five EAA parameters for our analysis, all calculated
with the dnaMathyAge package (v.0.2.0) [24]. First, we pre-
dicted age with the first-generation Horvath epigenetic clock
[19], PCGrimAge, a principal component-based derivative of
the second-generation mortality predictor GrimAge epige-
netic clock [7,20], and the third-generation pan-mammalian
clock [21], which derives a relative cellular age. GrimAge
estimates epigenetic mortality risk using DNA methylation
surrogates of plasma proteins and smoking, while
PCGrimAge applies principal component analysis to enhance
robustness and predictive performance [20]. Then, for the
case/control study, we calculated EAA for these clocks by
taking the residuals from a Loess regression model, in
which DNA methylation age was regressed against chrono-
logical age for control individuals as a baseline. This
approach ensures that age acceleration reflects deviations
from the expected epigenetic age in healthy controls, provid-
ing a reference point for comparing cases. A positive EAA
means that a person’s epigenetic age is higher than one
expected for a healthy person of the same chronological
age. For C9orf72-positive vs. C9orf72-negative analysis, we
calculated EAA by taking the residuals from a Loess regres-
sion model, in which DNA methylation age was regressed
against chronological age for C9orf72-negative ALS patients.
This approach provided a disease-specific baseline for age
acceleration, against which C9orf72-positive individuals could
be compared. Loess regression captured the non-linear pat-
terns of aging across various age groups, generating fitted
biological age values [24]. This method is often preferred for
large datasets because it is less sensitive to noise [25].
Second, we estimated the pace of aging with DunedinPACE
[11] and the leukocyte telomere length predictor DNAMTL
[9]. DunedinPACE > 1 and shorter telomere length was con-
sidered an increase in the pace of aging.

2.3. Covariate estimation, model selection, and
association analyses

For 1,254 individuals with missing age at the date of blood
draw, we imputed chronological age with the Zhang



epigenetic clock [6]. We compared actual chronological age
with imputed age for the other 6,048 samples and calcu-
lated their correlation coefficient. To assess whether results
were affected by imputed age, we performed an analysis on
non-imputed subsets only (N =6,048 for case/control status
and 4,082 for C9orf72 status). Detailed results are provided
in the Supplementary Materials (see Sensitivity analysis).
Smoking score and smoking status (‘Current smoker,’
‘Former smoker,” or ‘Never Smoked’) were predicted with
the EpiSmoker R package [26]. The composition of white
blood cells (WBC) was predicted using the FlowSorted.
BloodExtended.EPIC R package [27], with its modified 450k
version tailored to match the array type. We compared
clinically defined WBC proportions available for 861 Dutch
individuals from MiInE 450k with those predicted with
FlowSorted, and calculated their correlation coefficient. The
clinical WBC proportion was measured within 4 months of
DNA methylation blood withdrawal. Since WBC composition
was expressed as a proportion of all 12 cell types, we
excluded the most abundant and variable type, neutrophils,
to prevent collinearity in the model. To assess whether
results were affected by cell type selection, we performed
a sensitivity analysis, replacing the least variable cell type,
CD8+ native cells, with neutrophils. Detailed results are
provided in the Supplementary Materials (see Sensitivity
analysis).

First, we performed a logistic regression analysis for each
cohort between the estimated age acceleration parameters
and case/control status, adjusting for chronological age, sex,
predicted smoking status, and experimental batch. We com-
pared the fit of this model with the model that included the
proportion of white blood cells as a covariate using the
Akaike information criterion (AIC) [28], where lower AIC
values indicate a better fit — an explanation of the outcome
variation. Since the AIC values did not follow a normal dis-
tribution, we used the Wilcoxon signed-rank test, a non-
parametric method that is appropriate for paired compari-
sons without assuming normality. A p-value <0.05 was
deemed statistically significant, indicating a meaningful dif-
ference in model fit.

Second, we performed a logistic regression analysis for
each cohort between the estimated age acceleration para-
meters and C9orf72 expansion status for ALS patients
alone, adjusting for chronological age, sex, predicted smok-
ing status, experimental batch, site of disease onset, and
C90rf72 expansion status. The C9orf72 expansion status was
determined with PCR or ExpansionHunter [29].

Then, we performed survival Cox proportional hazard
regression analysis in ALS cases with known survival status,
integrating the epigenetic age acceleration parameters and
biological and technical parameters listed above as covariates.

To conclude the significance of the association between
the EAA and investigated covariates, we combined results
with inverse variance weighted (IVW) fixed-effects meta-
analysis, as implemented in the meta R package (v.4.19-2)
[30]. P-values were adjusted for multiple testing with the
Benjamini-Hochberg algorithm. P-values < 0.05 were consid-
ered statistically significant to support evidence of
association.
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3. Results

This study used data from 5,146 patients with ALS and 2,156
controls from the ProjectMinE consortium [22]. Data consisted
of two cohorts that differ by the sequencing array - lllumina
HumanMethylation450k and HumanMethylationEPIC. Detailed
phenotype information is listed in Table 1.

We imputed the chronological age for 1,254 individuals who
had missing age data at the time of blood draw using the Zhang
epigenetic clock. Among the 6,048 individuals with known
chronological ages, we found a strong correlation between
chronological age and the age predicted by the Zhang clock,
with an R? value of 0.915 (CI =[0.910; 0.919], p < 2 x 107'°), which
was the strongest among all clocks (Horvath R? =0.77, Cl = [0.76;
0.78], p < 2 x 107'%; PCGrimAge R* = 0.87, CI =[0.86; 0.88], p < 2 x
107'%; pan-mammalian R? = 0.04, CI =[0.03; 0.05], p <2 x 107'°).

Additionally, we investigated the correlation between clinically
defined WBC proportions and the epigenetically predicted WBC
proportions available for 861 ALS individuals from MinE 450. The
correlation yielded the following R? : neutrophils = 0.74, CI = [0.71;
0.76], p <2 x 107'% lymphocytes = 0.80, Cl=[0.78; 0.82], p <2 x
107", monocytes = 0.62, Cl = [0.58; 0.66], p < 2 x 10™'®; eosinophis
=044, C1=[0.39; 0.49], p<2 x 107'¢, and basophils =0.02, Cl=
[0.009; 0.05], p=1.18 x 107°,

3.1. No association between ALS case/control status and
age acceleration

In the model selection phase, we first assessed the relationship
between EAA and chronological age for all clocks and observed
significant correlations for DNAMTL and DunedinPACE in both
ALS and controls and in PCGrimAge for ALS cases only (see
Supplementary Figure S1 and Table S1). Model comparison
with ANOVA indicated that for these clocks, models including
chronological age explained outcome variation significantly
better than models without age, underscoring the importance
of including chronological age as a covariate (DNAMTL, p< 1 X
1073%; DunedinPACE, p<1 x 107%; PCGrimAge, p<1 X
1073%), Although this was not the case for the other clocks
(Horvath, p =0.32; pan-mammalian, p = 0.45), for which models
with and without chronological age did not differ significantly,
we included chronological age in all models for consistency.

Then, we applied the model correcting only for sex, age,
experimental batch, and smoking score, and consistently
observed a signal for accelerated aging in patients with ALS
compared to controls when using PCGrimAge (BETA =0.27, SE
=0.018, p = 2.60 x 10°%), pan-mammalian clock (BETA = 0.09, SE
=0.02, p=1.06 x 1073), DunedinPACE (BETA =0.13, SE=0.02, p
=5.96 - x 10°8), and DNAMTL (BETA = —0.05, SE = 0.01, p = 2.63 x
1073), but not when using Horvath clock (BETA =—0.001, SE =
0.02, p=0.951) (Figure 1(A)). A positive effect indicated increased
biological aging for all EAA parameters, whereas for DNAmMTL,
the negative effect reflected shorter telomere length, which is
also consistent with accelerated aging.

We then determined the WBC proportion from DNA methy-
lation values using the FlowSorted R package. When we cor-
rected for WBC proportion by including it as a covariate in the
regression model, we observed no evidence for epigenetic age
acceleration in ALS (PCGrimAge: BETA=0.007, SE=0.01, p=
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Table 1. Demographic and clinical characteristics of the study population population with detailed information per case/control status and study cohort.

ALS Controls

MinE 450k MinE EPIC MinE 450k MinE EPIC
N 2989 2157 1436 720
Sex (Female%) 1204 (40%) 863 (40%) 640 (44%) 338 (54%)
Age (years)
Mean (+SD) 629 (+11.4) 62.8 (+£11.9) 61.8 (+10.7) 61.8 (+11.7)
Missing (%) 405 (13%) 659 (30%) 18 (1%) 172 (23%)
Predicted Age (years) with epigenetic clocks
Zhang 63.8 (£10.4) 61.4 (£11.6) 62.5 (+9.8) 60.7 (£11.2)
Horvath 63.0 (+£10.5) 62.8 (+9.5) 61.8 (+9.9) 62.1 (+9.2)
PCGrimAge mortality predictor 75.0 (+9.4) 74.7 (£9.7) 73.1 (+8.9) 73.0 (+9.3)
Pan-mammalian relative age 444 (£21.3) 33.0 (+20.6) 41.9 (+£20.2) 31.2 (+17.8)

DunedinPACE (units)
DNAmTL (kb)
Site of Onset

1.07 (+0.123)
6.92 (+0.244)

Spinal 1943 (65%)
Bulbar 840 (28%)
Generalized 98 (3%)
Thoracic 64 (2%)
Missing 44 (2%)
Survival status

Deceased 2527 (85%)
Alive 425 (14%)
Missing 37 (1%)

Survival (months)*
Median (Q1-Q3)
Missing

C90rf72 status
Expanded (=30 repeats)
Normal

Missing

34.5 (21.9-58.4)
57 (2%)

188 (6.2%)
2770 (92%)
31 (1%)

1.06 (+0.126)
7.01 (+0.246)

1.04 (+0.120)
6.96 (+0.246)

1.05 (+0.128)
7.03 (+0.247)

1453 (67%) - -
548 (25%) - -
77 (4%) - _
40 (2%) - -
39 (2%) - -
1581 (73%) - -
558 (26%) - -
18 (1%) - -

36.5 (23.8-65.5) - -
52 (2%) - -

129 (5.9%) - -
2003 (93%) - -
25 (1%) - -

*Survival median and interquartile range were estimated from Kaplan-Meier survival curves, accounting for censoring.

Abbreviations: ALS, amyotrophic lateral sclerosis; kb, kilobase.
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Figure 1. Effect sizes and significance of covariates across models without (A) and with white blood cell (WBC) adjustment (B). Each point represents a covariate
within a model, with fill color indicating the estimated fixed effect size (B): red for positive, blue for negative, and gray near zero. A positive effect indicates
increased biological aging for all epigenetic age acceleration (EAA) parameters, whereas for DNAmTL, the negative effect reflects shorter telomere length, which is
also consistent with accelerated aging. Effect sizes are normalized for comparability across all parameters in the model. Point size corresponds to statistical
significance, represented as - log;p(multiple testing adjusted p) values capped at 5 to facilitate visualization. Asterisks denote covariates with adjusted p < 0.05.
Covariates include case/control phenotype, chronological age, sex, batch, and smoking score, and (for B), white blood cell proportion.

0.66; Horvath clock: BETA=0.02, SE=0.02, p=0.47; pan-
mammalian  clock: BETA=0.002, SE=0.02, p=0.97;
DunedinPACE: BETA=-0.01, SE=0.02, p=0.60; DNAmTL:
BETA =0.01, SE=0.01, p=0.39) (Figure 1(B)). (A detailed report
of the results per sequencing cohort can be found in
Supplementary Material, Supplementary Table S2). The
model that included WBC proportions demonstrated
a significantly better fit than the one that did not, as shown
by the Wilcoxon test comparing the Akaike Information
Criterion (AIC) for all epigenetic clocks. (p=0.03). Thus, this

adjusted model was used for all subsequent analyses. Our
sensitivity analysis showed that these results were not affected
by samples with imputed ages or changes in the selection of
cell types as covariates in the model (see Supplementary
Materials for the Sensitivity analysis).

Across all epigenetic clocks, except pan-mammalian EAA, male
sex was associated with age acceleration (p<0.01, see
Supplementary Table S3). Higher smoking score was also strongly
associated with age acceleration in PCGrimAge, DunedinPACE,
and DNAMTL (p < 0.0001, see Supplementary Tables S4).



3.2. WBC is an important covariate in age acceleration
studies

To explore which white blood cell types were associated with
which epigenetic age acceleration parameter, we performed
a linear regression between EAA parameters and WBC propor-
tion, adjusting for age, sex, experimental batch, and smoking
score. We found that each EAA parameter was significantly
associated with at least six out of twelve white blood cell
types studied, underscoring the importance of correcting for
WBC in any EAA analysis (Figure 2, Supplementary Table S5).
Notably, a higher proportion of CD4+ T cells and natural killer
cells was linked to a reduction in biological aging across all
five EAA parameters, while a higher proportion of basophils
was associated with an increase in biological aging.
Additionally, we examined whether the CpG sites used to
estimate WBC proportions overlapped with those used in the
model of each epigenetic clock. PCGrimAge demonstrated the
greatest overlap for both the 450k and EPIC arrays, while the
other clocks exhibited minimal to no overlap (see Table 2).
Moreover, we assessed the 514 CpG sites involved in the
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Figure 2. Associations between EAA parameters and white blood cell propor-
tions in multivariate linear regression models. Each point represents a covariate
within a model, with fill color indicating the estimated fixed effect size (B): red
for positive, blue for negative, and gray near zero. A positive effect indicates
increased biological aging for all EAA parameters, whereas for DNAMTL, the
negative effect reflects shorter telomere length, which is also consistent with
accelerated aging. Effect sizes are normalized for comparability across all para-
meters in the model. Point size corresponds to statistical significance, repre-
sented as — log(multiple testing adjusted p) values capped at 5 to facilitate
visualization. Asterisks denote covariates with adjusted p <0.05. Covariates
include chronological age, sex, batch, and smoking score.
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construction of the Zhang clock to determine if any were
used in WBC prediction. We found no overlap with the
FlowSorted.BloodExtended.EPIC array, but there were 7 over-
lapping CpG sites with the FlowSorted.BloodExtended.450k
array.

3.3. Increased pace of aging takes place in the
C9orf72-positive ALS subgroup

In the second phase, we investigated the relationship between the
EAA and C9orf72 expansion status in ALS individuals, comparing
those with and without the expansion. We observed that C9orf72
expansion was associated with increased DunedinPACE pace of
aging and shorter telomeres measured with DNAmMTL compared
to ALS patients with a non-expanded repeat (PCGrimAge: BETA =
—0.018,SE=0.02, p = 0.61; Horvath clock: BETA = -0.001, SE = 0.02,
p =0.94; pan-mammalian clock: BETA =0.029, SE=0.06, p=0.71;
DunedinPACE: BETA =0.156, SE=0.05, p=5.3 x 107>, DNAMTL:
BETA=-0.110, SE=0.03, p=3.3 X 1073 (Figure 3). Our sensitivity
analysis revealed that these results were not affected by samples
with imputed ages or changes in the selection of cell types as
covariates in the model (see Supplementary Materials for the
Sensitivity analysis).

3.4. None of the epigenetic age acceleration scores
contributed to survival

Finally, we performed a Cox proportional hazards survival
analysis on the subset of ALS individuals (N=5,022) for
whom we had known survival time and status. We tested all
epigenetic aging predictors and adjusted for sex, age, experi-
mental batch, smoking status, WBC, site of disease onset, and
C9orf72 expansion. We observed no effect of EAA parameters
on ALS survival. As has been previously reported [31,32], we
observed an association between shorter survival and older
chronological age (HR=1.20, SE=0.02, p <2 x 107'°), C90rf72
expansion (HR=1.40, SE=0.06, p=1.6 x 1077), bulbar onset
(HR=1.62, SE=0.03, 8.5 x 1079, and lower proportion of
natural killers (HR=0.93, SE=0.02, p=7.7 x 1073).

4. Discussion

We here present the most comprehensive analysis of epige-
netic age acceleration in amyotrophic lateral sclerosis to date.
We estimated biological aging using epigenetic clocks across
three generations and calculated the EAA by regressing our
model on control individuals to examine case/control status.
Additionally, we regressed our model on C90rf72-negative ALS
patients to assess the impact of C9orf72 expansion. Our ana-
lysis was further supplemented with scores that projected the
DunedinPACE pace of aging and telomere length.

Table 2. Overlap between CpG sites used for white blood cell count estimation per sequencing array and the model of epigenetic age acceleration clock.

Total number of CpGs per FlowSorted

package PCGrimAge Horvath Pan-mammalian DunedinPACE ~ DNAmTL
Total number of CpGs per clock 78464 353 335 173 140
FlowSorted.BloodExtended.EPIC overlap 1200 128 0 0 1 0
FlowSorted.BloodExtended.450k overlap 1500 390 0 1 4 1
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Figure 3. Effect sizes and significance of covariates across models with C90rf72
status adjustment. Each point represents a covariate within a model, with fill
color indicating the estimated fixed effect size (B): red for positive, blue for
negative, and gray near zero. A positive effect indicates increased biological
aging for all EAA parameters, whereas for DNAmMTL, the negative effect reflects
shorter telomere length, which is also consistent with accelerated aging. Effect
sizes are normalized for comparability across all parameters in the model. Point
size corresponds to statistical significance, represented as — log,(multiple test-
ing adjusted p) values capped at 5 to facilitate visualization. Asterisks denote
covariates with adjusted p < 0.05. Covariates include C9orf72 status, chronolo-
gical age, sex, batch, site of onset, WBC, and smoking score.

We fitted two models: one that incorporated WBC propor-
tion and another that did not. Our results demonstrated that
the model adjusted for WBC proportion fits the data signifi-
cantly better, indicating that accounting for the immune cell
composition improves the accuracy of the associations. When
we adjusted for WBC, we found no significant difference
between the disease and control groups, except in the case
of C9orf72-positive ALS patients. We also confirmed a strong
link between accelerated aging, male sex, and smoking that
has been previously reported in the literature [33,34].

We conclude that the changes in DNA methylation observed
in general ALS reflect shifts in WBC composition. These shifts may
both confound and contribute to measures of accelerated bio-
logical aging. Our study revealed that multiple white blood cell
types significantly affect epigenetic age acceleration estimates,
with partial overlap between CpGs used to predict PCGrimAge
and WBC count. Other studies have also indicated that all gen-
erations of epigenetic clocks, including DunedinPACE, are highly
sensitive to these changes in WBC proportions, which can lead to
spurious inferences on biological age if this is not accounted for
[35,36]. At the same time, shifts in WBC composition may them-
selves be part of the accelerated biological aging process. Aging
is linked to a decline in immune system function and changes in
WBC composition, such as a decline in the number of naive B and
T cells with a shift to the memory cells, a phenomenon known as
immunosenescence [37].

Our finding contrasts with those reported previously by
Zhao et al. [38]. A significant association between EAA and
ALS was reported, as well as for WBC proportions. However, it
is important to note that their analyses for both outcomes
were performed separately, meaning that the model investi-
gating the relationship with ALS did not adjust for WBC

composition. Additionally, their model did not include smok-
ing status, which we also found significantly associated with
both ALS risk and epigenetic age acceleration. This may have
resulted in residual confounding and stresses the need for
standardized analyses in studies on EAA in ALS.

Interestingly, we found evidence that patients with ALS
caused by the C9orf72 repeat expansion experience an
increased pace of aging measured with DunedinPACE. This is
consistent with a recent MRI study that revealed that ALS
patients, particularly those with the C9orf72 mutation, with
cognitive or behavioral impairments, exhibited accelerated
brain aging [39]. Additionally, patients with the C9orf72 repeat
expansion have shorter telomere length compared to those
without an expansion. This finding is supported by an ortho-
gonal approach that inferred telomere length from whole-
genome sequencing, showing that telomeres are shorter in
ALS patients with the C90orf72 repeat expansion [40]. However,
we observed no difference in the EAA derived from first-, sec-
ond-, and third-generation epigenetic clocks among these
patients. It is important to note that these clocks differ a lot
from the DenedinPACE and DNAmMTL by their design, training
data, and CpG sites used. For instance, DunedinPACE mea-
sures short-term dynamics of aging, while clocks like Horvath
and PCGrimAge reflect cumulative, long-term age-related
changes. Given the cross-sectional nature of our data, we
cannot determine whether the increased pace of aging and
shortening of telomeres occurred after the onset of disease or
was present before. Thus, the timing and nature of these
aging-related changes remain unclear, highlighting the impor-
tance of further longitudinal research.

Our study has several potential limitations. First, we used
blood-derived methylation data and blood-derived epigenetic
clocks to estimate age acceleration related to ALS, which is
a neurological disease. While we acknowledge that blood can
serve as a proxy for the processes occurring in the brain, more
accurate conclusions could be drawn from the brain methyla-
tion data. However, unlike other neurological disorders, such
as Alzheimer’s or Parkinson’s disease, we did not observe the
signatures of accelerated aging in ALS patients using blood
samples. Second, as previously mentioned, our study is cross-
sectional and therefore we cannot establish temporal relation-
ships between the changes we observe and ALS disease onset.
A future longitudinal study is recommended to clarify these
relationships.

Our findings motivate research investigating the role of
the white blood cell composition in ALS pathophysiology
and changes in this proportion during ALS progression.
Previous studies have reported a positive association
between ALS and the proportions of granulocytes and
monocytes, as well as dysfunction in regulatory T cells
[22,41,42]. Together, this evidence suggests that an imbal-
ance in innate immune cells may contribute to both ALS
risk and progression. However, the causal relationship of
this imbalance needs further investigation. While the con-
cept of accelerated biological aging is still intriguing,
future longitudinal studies are required to disentangle its
temporal relationship with disease onset and progression.



5. Conclusion

Our study showed no significant difference in the pace of
biological aging between ALS patients and controls, except
for ALS patients carrying the C9orf72 mutation. We empha-
size the importance of altered white blood cell proportions
in general ALS pathophysiology as opposed to accelerated
aging per se, but further research is required to explore the
causal aspects of this imbalance.
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