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ABSTRACT: Background: Epigenetic clocks using
DNA methylation (DNAm) to estimate biological age have
become popular tools in the study of neurodegenerative
diseases. Notably, several recent reports have shown a
strikingly similar inverse relationship between accelerated
biological aging, as measured by DNAm, and the age of
onset of several neurodegenerative disorders, including
Parkinson’s disease (PD). Common to all of these studies
is that they were performed without control subjects and
using the exact same measure of accelerated aging:
DNAm age minus chronological age.

Objective: We aimed to assess the validity of these find-
ings in PD, using the same dataset as in the original
study, blood DNAm data from the Parkinson’s Progres-
sion Markers Initiative cohort, but also including control
samples in the analyses.

Methods: We replicated the analyses and findings of
the previous study and then reanalyzed the dataset
incorporating control samples to account for underlying
age-related biases.
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Results: Our reanalysis shows that there is no correlation
between age of onset and DNAm age acceleration.
Conversely, there is a pattern of overestimating DNAmM
age in younger and underestimating DNAm age in older
individuals in the dataset that entirely explains the previ-
ously reported association.

Conclusions: Our findings refute the previously
reported inverse relationship between DNAm age accel-
eration and age of onset in PD. We show that these
findings are fully accounted for by an expected over/
underestimation of DNAm age in younger/older individ-
uals. Furthermore, this effect is likely to be responsible
for nearly identical findings reported in other neurode-
generative diseases. © 2023 The Authors. Movement
Disorders published by Wiley Periodicals LLC on behalf
of International Parkinson and Movement Disorder
Society.
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Introduction

Epigenetic clocks have become a popular proxy for
biological aging, which is being increasingly used in the
study of age-related neurodegenerative disorders. These
clocks are based on the observation that DNA methyla-
tion (DNAm) profiles can be used to predict chronolog-
ical age.! First-generation clocks, like those of Hannum
et al* and Horvath,” use a fairly limited set of cytosine-
phospho-guanine (CpG) sites, 71 and 353, respectively,
to predict chronological age in healthy individuals.
Second-generation clocks, including PhenoAge* and
GrimAge,” incorporate additional DNAm-based esti-
mates (including various plasma proteins and smoking
pack-years) to generate biological age estimates that
better predict lifespan and healthspan.
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Using a measure of accelerated aging defined as the
residuals from a linear regression of DNAm age on
chronological age, several studies have shown accelerated
DNAm aging, compared with chronological aging, for a
broad spectrum of diseases and conditions, including
Parkinson’s disease (PD),° Alzheimer’s disease,” HIV
infection,® cancer,”” obesity,'! and Down syndrome.'?
Notably, the reported effect sizes are generally modest.
Moreover, recent studies have reported an intriguing
inverse relationship between DNAm age acceleration
(AA) and age of onset for multiple neurodegenerative dis-
eases, including PD,"? amyotrophic lateral sclerosis
(ALS),"*"5 and spinocerebellar ataxia (SCA).'® Specifi-
cally, a younger age of onset is associated with increased
DNAm AA, whereas a later age of onset is associated
with decreased DNAm AA. Based on this observation, it
has been proposed that DNAm age could be used as a
prognostic biomarker for assessing future PD risk (eg, in
LRRK2 mutation carriers) and as a treatment response
marker in clinical trials of candidate disease-modifying
agents."?

The design and results of all of these studies share some
conspicuously similar characteristics. First, the effect sizes
reported are universally dramatic and strikingly similar
across different diseases, ie, every 5-year increase in
DNAm age correlates to a 3.2- to 6.4-year earlier age of
onset, irrespective of the disease being studied. Second,
the studies use a case-only design and do not investigate
whether there could be a general association between
DNAm AA and chronological age. This is essential to
clarify, because the age of onset for a disease is strongly
correlated with chronological age. Third, DNAm AA is
not defined as originally proposed, ie, the residuals from
a linear regression of DNAm age on chronological age,
but simply as the difference between the calculated
DNAm age and chronological age. Fourth, not only do
young-onset individuals appear prematurely biologically
aged (positive DNAm AA), but late-onset individuals
appear biologically younger (negative DNAm AA) than
their chronological age. The latter directly contradicts
previous studies showing increased DNAm age in affected
individuals compared with healthy control subjects.®

Based on the earlier observations, we speculated that the
reported association between DNAm AA and age of dis-
ease onset may be driven by a general association between
DNAm AA and chronological age, rather than a disease-
specific process. To test our hypothesis, we reanalyzed a
publicly available dataset of blood DNAm data from the
Parkinson’s Progression Markers Initiative (PPMI), which
had been used in a recent study showing a prominent asso-
ciation between DNAm AA and age of disease onset.'”

First, we attempted to replicate the previously publi-
shed results'® using the same methodology. Subse-
quently, to account for a potential general underlying
association between DNAm AA and chronological age,
we incorporated the control subjects in our analyses.

Finally, we examined differences in DNAm AA between
PD and control subjects.

Subjects and Methods

Subject Cohort and Methylation Analyses

We obtained data from the PPMI cohort (https:/
www.ppmi-info.org), consisting of baseline clinical char-
acteristics and DNAm data from n =206 individuals
with newly diagnosed PD and n =81 sex- and age-
matched healthy control subjects. Genetic screening for
pathogenic mutations in GBA and LRRK2 had been
performed for all (PD and healthy control) subjects
except for one subject with PD. These and general
cohort statistics are available in Table S1.

The DNAm profiles available had been obtained using
the Illumina Infinium MethylationEPIC BeadChip Kit.
Raw data conversion and quality control were performed
using R (v3.6.3) and Bioconductor package minfi
(v1.28.4)."” Poor-performing probes, defined as having a
detection P, computed by detectionP in the minfi
package,'” of >0.01 in 20% or more of the samples, were
removed. The remaining data were SWAN normalized
using the missMethyl'® R package (v1.26.1).

Epigenetic Aging Parameters

The Horvath DNAm age calculator (https://dnamage.
genetics.ucla.edu) was used to obtain all basic measures
of epigenetic aging used in the analyses. The measure of
epigenetic used by Tang et al'® was simply defined as
DNAm age (using the Horvath method®) minus chrono-
logical age. Similar to previously published studies,'* we
defined the parameter AAResidual as the residuals from
a linear model regressing DNAm age on chronological
age in the control subjects. Specifically, a linear regres-
sion of DNAm age on chronological age was fitted for
the healthy control subjects, and the resulting regression
equation was used to calculate AAResidual for both PD
and healthy control subjects (AAResidual = the vertical
distance from DNAm age to the regression line fitted for
healthy control subjects).

Two other measures of epigenetic aging commonly
used are intrinsic epigenetic age acceleration (IEAA) and
extrinsic epigenetic age acceleration (EEAA). TEAA is
based on the Horvath measure of DNAm age® and is
designed to be independent of age-related changes in
blood cell counts,>!” whereas EEAA is based on the
Hannum measure of DNAm age” and incorporates mea-
sures of three blood cell counts (naive cytotoxic T cells,
exhausted cytotoxic T cells, and plasmablasts) aiming to
capture the aging of the immune system.>'?

Statistical Analyses

First, we replicated the analyses by Tang et al'® and
performed a linear regression analysis to determine the

2 Movement Disorders, 2023

85UB017 SUOWIWOD A0 8ed!dde ayy Aq pausenob afe sejoie VO ‘88N Jo ss|ni 10} ARIqIT8UIIUO /8|1 UO (SUORIPUOD-PUB-SWBI W0 A8 | IMATeIq 1 BulUO//:SdNY) SUOIPUOD pue Swie | 81 88S *[£202/0T/8T] Uo AriqiTauluo A8 |IM ‘NIDHIE 40 ALISHIAINN AQ 122562 SPW/Z00T 0T/I0p/W0D A8 | 1M ATe1q 1 |BU1 [UO'S JBP.OS IPIUBLLBAOWL//SANY W01} papeojumod ‘0 ‘£GZ8TEST


http://www.ppmi-info.org/
http://www.ppmi-info.org/
https://dnamage.genetics.ucla.edu
https://dnamage.genetics.ucla.edu

(
L DNAM
relationship between age of onset and DNAm AA, and
adjusting for sex and interval (time between age of
onset and sample collection). We additionally used a
Cox proportional hazards model for the same purpose,
grouping subjects in three groups (AA < —3 [slow],
—3 > AA > 3 [normal], and AA > 3 [fast]) and adjusting
for sex, interval, and blood cell counts (CDT8, CDT4,
B cells, and granulocytes). The covariates were chosen
to replicate the exact analyses by Tang et al.'?

Next, we performed the same analyses using
AAResidual as the epigenetic AA parameter, with the
same covariates. We also performed similar analyses
using IEAA and EEAA, but adjusting for only sex and
interval, because blood cell counts are, by definition,
used in the calculation of these terms themselves.®

We assessed the validity of the DNAm age prediction
algorithm by performing linear regression analyses in PD
and healthy control subjects separately, adjusting for
sex. Finally, linear regression models were used to
explore differences in IEAA, EEAA, and AAResidual
between PD and healthy control subjects, adjusting for
sex and age.

AGE

Results

In our replication analyses, DNAm AA was defined
as DNAm age minus chronological age (AA), as
described by Tang et al."> We then used healthy control
subjects to account for any underlying age-related
biases in the dataset, by fitting a linear model for chro-
nological age on DNAm age in the healthy control sub-
jects and using that model to calculate residuals in the
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subjects with PD as a measure of DNAm AA
(AAResidual), in line with previous studies.'* Because
they have previously been associated with PD,® we also
performed analyses using two other commonly used
measures of DNAm AA, namely, IEAA and EEAA.

Replicating the analysis described by Tang et al'® by the
exact same methodology vielded similar results (Figs. 1A
and 2A), demonstrating an inverse relationship between
DNAm AA and age of onset. However, when using resid-
uals from the regression of DNAm age on chronological age
in the control subjects (AAResidual) as the AA parameter,
we observed no significant association between DNAm
AA and age of onset (Figs. 1B and 2B). Similarly, no statis-
tically significant effects were observed when using alter-
native measures of epigenetic aging as DNAm AA
parameters (IEAA, linear regression: P = 0.87, B = 0.03,
R? < 0.01; see Figs. S1 and S2; EEAA, linear regression:
P =0.83, B=—0.04, R*<0.01; see Figs. S3 and S4).
Notably, in this dataset, the mean interval between age of
onset and sample collection was 2.0 £ 1.93 years), mean-
ing that age of onset and chronological age are almost
interchangeable (see Fig. 3). This phenomenon is further
emphasized by substituting age of onset with chronologi-
cal age in the Cox proportional hazards model, showing
almost identical results (Fig. 2C,D).

Next, we assessed the validity of the DNAm age
prediction by performing a linear regression analysis
in patients with PD and healthy control subjects,
adjusting for sex. There was, as expected, a strong cor-
relation between DNAm age and chronological age
(P=2x 10! B=0.69, R*=0.76), but no differ-
ence between patients with PD and healthy control sub-
jects (P = 0.22; Fig. 4A). Both the patients with PD and

(B) .

Age of onset

o
S

80

70

@
=

40

. . . .
L] [ ] L] L ]
. L]
30 p 30 .
-10 -5 0 5 10 -10 -5 0 5 10
AA AAResidual

FIG. 1. Scatterplot of DNA methylation (DNAm) age acceleration (AA) and age of onset of Parkinson’s disease (PD). (A) Replication of the analysis
reported by Tang et al'® using AA (DNAm age — chronological age) as the DNAm AA parameter. Linear regression analysis (P =2 x 1071, B = —1.26,
R? = 0.41), adjusted for sex and interval (oetween age of onset and sample collection). (B) Same methodology as (A) but using AAResidual as the
DNAm AA parameter. Linear regression analysis (P = 0.20, B = —0.23, R? < 0.01), adjusted for sex and interval (between age of onset and sample col-
lection). All values are measured in years. [Color figure can be viewed at wileyonlinelibrary.com]
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FIG. 2. Kaplan—-Meier plot showing the effect of DNA methylation (DNAm) age acceleration (AA) on age of onset. (A) Replication of the analysis reported
by Tang et al'® using AA (DNAm age — chronological age) as the DNAm AA parameter. The analysis shows a protective effect of slow (<—3) AA
(P=2.43 x 107, hazards ratio [HR] = 0.39 [95% confidence interval (Cl): 0.27-0.56]) and detrimental effect of fast (>3) AA (P =7.30 x 10°°,
HR = 2.32 [95% ClI: 1.61-3.36]). (B) Same methodology as (A) but using AAResidual as the DNAm AA parameter. The analysis shows no effect of slow
(P =0.08, HR = 0.74 [95% CI: 0.52-1.04]) or fast (P = 0.41, HR = 0.84 [95% CI: 0.56-1.26]) DNAm AA on age of onset. (C) Same analysis as in (A), but
substituting age of onset with chronological age shows an almost identical effect of slow (<—3) AA (P = 2.55 x 1077, HR = 0.39 [95% Cl: 0.28-0.56))
and fast (>3) AA (P =7.36 x 10°%, HR = 2.31 [95% CI: 1.60-3.34]). (D) Same analysis as in (B), but substituting age of onset with chronological age
similarly shows no effect of slow (P = 0.07, HR = 0.73 [95% CI: 0.52-1.03]) or fast (P = 0.39, HR = 0.84 [95% CI: 0.56-1.25]) DNAm AA. All values are
measured in years. [Color figure can be viewed at wileyonlinelibrary.com]

healthy control subjects deviate from a perfect correla- (DNAm age < chronological age). This is further empha-
tion (DNAm age = chronological age) in that younger sized when fitting a linear model of AA (DNAm age
individuals appear epigenetically slightly older (DNAm minus chronological age) on chronological age (Fig. 4B),
age > chronological age) than their chronological age, adjusting for sex. In this study, we see a strong inverse
whereas the inverse is true for older individuals relationship between AA and chronological age in both
4 Movement Disorders, 2023
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FIG. 3. Relationship between age of onset of Parkinson’s disease and
age at sample collection. The black line is drawn using the function y = x,
so the time from age of onset to sample collection can be ascertained by
taking the vertical distance between the points and the line.

patients with PD and control subjects. These results prove
that the inverse relationship observed between DNAm
AA and age of onset (Figs. 1A and 2A) cannot be attrib-
uted to an effect of PD, because the same pattern can be
observed in healthy control subjects. This phenomenon is,
therefore, driven by a general association between chrono-
logical age and DNAm AA, irrespective of disease state.
In further support of these findings, using a linear
model and adjusting for age and sex, we did not detect

ACCELERATION

AND PD AGE OF ONSET
any statistically significant differences in DNAm age
between patients with PD and healthy control subjects
(Fig. 5), as measured by AAResidual (P = 0.22), IEAA

(P = 0.35), or EEAA (P = 0.79).

Discussion

Our results refute the previously reported relationship
between DNAm AA and age of onset of PD."* Because
the age of onset of neurodegenerative diseases such as
PD is commonly set relatively close to the time of diag-
nosis (and thereby inclusion and sample collection in
prospective studies such as the PPMI), the relationship
between age of onset and DNAm age is virtually the
same as between chronological age and DNAm age. It
is therefore essential to use a control population, to
ensure that there are no general underlying age-related
confounding effects present in the dataset. Reliably
measuring DNAm AA requires the use of a control
population to establish a baseline and calculate resid-
uals in the disease population.'* The problem with
using DNAm age minus chronological age as a measure
of DNAm AA is that this approach relies on the
assumption that the regression line in a hypothetical
control population follows chronological age perfectly
(y = x). This is, however, not necessarily the case, as
we clearly show in Fig. 4 for the PPMI dataset, where
the measures of DNAm age deviate from this perfect
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FIG. 4. Relationship between chronological age, DNA methylation (DNAm) age, and DNAm age acceleration (AA) in patients with Parkinson’s disease
(PD) and healthy control (CTR) subjects. (A) Linear regression of chronological age on DNAm age (Horvath) adjusting for sex. The colored lines are the
regression lines from a model fitted in PD and control separately, and the black dashed line represents y = x, ie, a perfect correlation between DNAmM
age and chronological age. Patients with PD (y = 0.68x + 18.9) and healthy control subjects (y = 0.71x + 17.9) deviate from the perfect correlation in a
similar fashion. (B) Linear regression of DNAm AA on chronological age, adjusting for sex. The colored lines are the regression lines from a model fitted
inPD (P <2 x 1078, B = —1.26) and control (P = 1.7 x 10~°, B = —1.26). [Color figure can be viewed at wileyonlinelibrary.com]
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FIG. 5. Differences between Parkinson’s disease (PD) and control (CTR) for different measures of DNA methylation (DNAm) age acceleration (AA).
(A) Scatterplot of DNAm AA (AAResidual) and chronological age. A linear regression adjusting for age and sex showed no statistically significant
difference between PD and control (P = 0.22, B = —0.61). (B) Boxplot showing differences in intrinsic epigenetic AA (IEAA) between PD and control.
No statistically significant difference as assessed by a linear regression (P = 0.35), adjusting for age and sex. (C) Boxplot showing differences in extrinsic
epigenetic AA (EEAA) between PD and control. No statistically significant difference as assessed by a linear regression (P = 0.79), adjusting for age

and sex. [Color figure can be viewed at wileyonlinelibrary.com]

correlation. Crucially, this deviation is the same for
both patients with PD and healthy control subjects. The
effect of DNAm AA on age of onset observed in
Fig. 1A can therefore be entirely attributed to this devi-
ation of the prediction algorithm, rather than reflecting
a causal relationship with PD.

First-generation epigenetic clocks are based on the
observation that the methylated fraction of certain
CpGs is highly correlated with chronological age. How-
ever, the CpGs of the clock have themselves no known
direct biological relevance and a limited capability in
terms of being an accurate measure of biological age.*’

The Horvath methylation clock was trained on data
obtained by using the Illumina 27K and 450K plat-
forms,”> whereas the studies reporting an inverse rela-
tionship between DNAm AA and age of onset used
data from both the Illumina 450K'* and EPIC'>'>-'6
array. The Illumina EPIC array, released in 2015,%" has
largely replaced the older platforms (27K and 450K),
and although it lacks 19 of the 353 CpGs used in the
Horvath clock, this does not appear to greatly affect
DNAm age predictions.”” However, because different
methods of preprocessing are known to influence
and even skew DNAm age estimates, it is generally
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advisable to use residuals of a linear regression, rather
than simply subtracting chronological age from DNAm
age, as a measure of DNAm AA.**

In the PPMI dataset, we observed that DNAm age esti-
mates were skewed toward an overestimation in younger
individuals and an underestimation in older individuals,
irrespective of disease state. The same phenomenon has
been observed in multiple studies showing that Horvath
DNAm age estimates from both the 450K and the EPIC
array are skewed toward an overestimation of DNAm
age in younger individuals and an underestimation in
older individuals.”*** The reported inverse correlation
between DNAm AA and age of onset in PD'? can be
entirely explained by this phenomenon and is, there-
fore, not related to PD. This is likely to be responsible
for the remarkably similar correlations and effect sizes
reported in ALS'*"5 and SCA.'® Although data from
these studies were not available to us, we would urge
the authors to repeat the analyses including healthy
control subjects and clarify whether the observed corre-
lation between DNAm AA and age of onset is related
to the disease, or simply confounded by the chronologi-
cal age of the individuals.

In our reanalysis of the PPMI cohort comparing
patients with PD with healthy control subjects, we were
not able to replicate the results of an earlier study
showing increased epigenetic AA in PD.® One reason
could be that in the previous study, the difference
between patients with PD and healthy control subjects
across all examined AA parameters (AAResidual,
IEAA, and EEAA) was larger in the Hispanic subpopu-
lation than in the non-Hispanic subpopulation. The
proportion of individuals with Hispanic ethnicities in
the PPMI cohort was only approximately 2.1%, com-
pared with 14.2% in the previous study. Another possi-
ble reason for the difference in results could be because
of methodological differences, because the previous
study used data obtained using the Illumina 450K
array, whereas the PPMI cohort methylation data were
obtained using the Illumina EPIC array.

Although we believe epigenetic clocks are a powerful
and potentially important method in studying biologi-
cal aging in neurodegenerative diseases, our study
emphasizes the need for a careful and considerate
implementation to avoid false-positive and misleading
results. Crucially, because there appears to be a system-
atic underestimation in older individuals and, con-
versely, an overestimation in younger individuals of
DNAm age using the Horvath clock, our study empha-
sizes the importance of control subjects to validate the
disease relevance of any findings. At the very least,
studies should avoid using DNAm age minus chrono-
logical age as a measure of DNAm AA and instead use
residuals from a regression model fitted to the dataset
in question, even if controls are not present. In conclu-
sion, our findings strongly suggest that the results of

AGE

ACCELERATION

AND PD AGE OF ONSET

previous studies showing an inverse relationship between
age of onset and DNAm AA in neurodegenerative dis-
eases can be entirely attributed to this phenomenon and
do not reflect disease-specific processes. ®
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