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Sex differences are well-established in Alzheimer’s disease (AD) frequency and pathogenesis, but are not
mechanistically understood. Accelerated epigenetic age has been associated with both cognitive aging
and AD pathophysiology, but has not been studied by sex in AD or related cognitive impairment. Using
the ADNI cohort, we found that none of sex, cognitive impairment diagnosis, nor load of APOEc4 alleles
(strongest genetic AD risk factor) were associated with epigenetic age acceleration (DNAmAge, Intrinsic
DNAmAge, PhenoAge, or GrimAge), although females exhibit more accelerated epigenetic aging using the
Skin & Blood clock in the transition from normal cognition to cognitive impairment than males.

© 2021 The Authors. Published by Elsevier Inc.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

Introduction

Biological sex and APOE genotype are associated with differ-
ences in Alzheimer’s disease (AD) features including lifetime risk,
AD neuropathology, and cognitive decline; these factors suggest
that the molecular mechanisms underlying AD and its pathogene-
sis may operate in sex- or genotype-dependently (Alzheimer’s As-
sociation, 2019). Recently, biomarkers have been developed to
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measure the biological age of a sample from genome-wide DNA
methylation (DNAm) signatures, resulting in the creation of a met-
ric called epigenetic age.

A well-known metric of epigenetic age is Horvath’s pan-tissue
“DNAmAge” clock (Horvath, 2013). The DNAmAge clock estimates
biological age of samples in years, and positive deviations of epige-
netic age from chronological age (epigenetic age acceleration) are
postulated to reflect more rapid biological aging, which has been
associated with disease phenotypes including markers of cognitive
function in AD (Levine et al., 2015) and biological variables such as
sex, with men exhibiting more accelerated epigenetic aging than
women (Horvath, 2013). Intrinsic DNAmAge acceleration is a met-
ric independent of age-related changes in relative cell type propor-
tions, used particularly for blood (Chen et al., 2016).

Epigenetic clocks have also been developed that are more ac-
curate for specific tissues of interest, such as Horvath et al.’s Skin
and Blood clock (Horvath et al.,, 2018), or Zhang et al.’s blood clock
(Zhang et al., 2019). The Zhang clock was designed for accurate
chronological age estimation of samples independent of mortality
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Table 1
Basic demographic characteristics of 640 ADNI participants with available blood Il-
lumina HumanMethylationEPIC microarray DNAm data

Females (n = 284) Males (n = 356) p value*

Age 74.78 (+8.03) 76.31 (£7.32) <0.0001
Baseline diagnosis

CN 109 (38.38%) 108 (30.34%) 0.04

Cl 175 (61.61%) 248 (69.66%)
APOE¢4 alleles

0 169 (59.51%) 200 (56.18%) 0.42

1or2 115 (40.49%) 156 (43.82%)

CN indicates cognitively normal, CI indicates broadly-defined cognitive impairment
(early mild cognitive impairment [MCI], late MCI, and Alzheimer’s disease cases).
*p values are from Wilcoxon rank sum tests for continuous variables and Fisher's
exact tests for categorical.

or pathology (Zhang et al., 2019), while the Skin and Blood clock is
similar to traditional epigenetic clocks and reflects biological aging
of samples, as evidenced by accelerated measurements in cases of
Hutchinson Gilford progeria (Horvath et al., 2018).

Recently, second generation epigenetic clocks (PhenoAge &
GrimAge) have been constructed by training tissue-specific tools
on relevant biomarkers of health in addition to chronological age.
PhenoAge was developed first by constructing a score reflecting
hazard of mortality based on 42 phenotypic markers in a lon-
gitudinal cohort, and then regressing whole blood DNAm levels
onto the 9 most predictive markers plus chronogological age in
order to predict phenotypic age and mortality risk (Levine et al.,
2018). The GrimAge metric is based on estimating a mortality risk
from blood DNAm-estimators of smoking pack-years and levels of
health-associated plasma proteins (Lu et al., 2019). Time-to-death
was regressed onto these estimators and linearly transformed to
yield an age estimator that is strongly associated with cognitive
aging, cancer, coronary heart disease, and time-to-death (Lu et al.,
2019).

We hypothesized that sex differences observed in AD may be
associated with sex-specific epigenetic age acceleration metrics
(DNAmAge, Horvath’s Skin & Blood clock, PhenoAge, and GrimAge)
and used data from the Alzheimer’s Disease Neuroimaging Initia-
tive (ADNI) database to examine associations between epigenetic
age acceleration, cognitive impairment, sex, and biomarkers of AD
risk.

Methods

Data were obtained from the ADNI database (adni.loni.usc.edu),
a public-private partnership launched in 2003 led by Principal In-
vestigator Michael W. Weiner, MD. ADNI’s primary goal has been to
test whether serial magnetic resonance imaging, positron emission
tomography, other biological markers, and clinical and neuropsy-
chological assessment can be combined to measure the progression
of mild cognitive impairment (MCI) to early AD. For up-to-date in-
formation, see www.adni-info.org.

[llumina Infinium HumanMethylationEPIC BeadChip data were
downloaded for 1698 longitudinal blood samples from 640 unique
ADNI participants (n = 284 females, n = 356 males). To increase
power for analyses, diagnosis was categorized into 2 levels: nor-
mal cognition (CN) or cognitively impaired (CI) which was com-
prised of early mild cognitive impairment (MCI), late MCI and AD
(Vasanthakumar et al., 2017). See Table 1 below and Supplemen-
tary Table 1 for more detailed demographic information.

All analyses were performed in R v 3.5.1 (R Core Team, 2018).
DNAmAge was calculated with code from https://dnamage.
genetics.ucla.edu/ (Horvath, 2013); Skin & Blood Age, PhenoAge
and GrimAge were computed with the New DNA Methylation

Age Calculator tool (https://dnamage.genetics.ucla.edu/). DNAmAge,
Skin & Blood Age, PhenoAge, and GrimAge acceleration were cal-
culated as the residuals of each metric regressed on chrono-
logical age, years of education, laboratory blood collection site,
and microarray chip and row; intrinsic epigenetic age accelera-
tion was calculated by regressing DNAmAge on the same covari-
ates plus Houseman DNAm-estimated blood cell type proportions
(Houseman et al., 2012). APOE genotype and cerebrospinal fluid
(CSF) levels of tau were available in a subset of cases (n = 533, 46%
female, see Supplementary Table 1). In biological analyses APOE
genotype was collapsed into: (1) carriers of 1 or 2 ¢4 alleles and
(2) non-carriers of &4 risk alleles.

Results

We first investigated whether sex and/or CI diagnosis were as-
sociated with epigenetic age acceleration metrics (DNAmAge, In-
trinsic DNAmAge, Skin & Blood age, PhenoAge, or GrimAge) in
ADNI blood samples using linear mixed effect models with fixed
effects of patient sex, diagnosis, age, the interaction of sex and di-
agnosis, and by-individual random intercepts using the Ime4 pack-
age in R (Bates et al., 2015). p values were obtained by likelihood
ratio tests comparing full models to models lacking the effect of
interest, implemented for all fixed effects with the afex R package
(Singmann et al.,, 2016), multiple comparisons were adjusted for
using the Bonferroni method.

None of DNAmAge, Intrinsic DNAmAge, or PhenoAge accelera-
tion metrics were significantly associated with sex, CI diagnosis,
or their interaction; for full details and test statistics see Supple-
mentary Table 2. A likelihood ratio test indicated that the Grim-
Age acceleration model including sex provided a better fit than
the model without sex (2 = 11.06, Pgonferroni< 0.05). On average
males exhibited +0.42 years faster GrimAge acceleration than fe-
males (B = 0.42, standard error = 0.31, t = 0.67). Similarly, the Skin
& Blood Age acceleration model including an interaction term for
sex and diagnosis provided a better fit than a model without the
interaction term (x2 = 12.00, Pponferroni< 0-05, B = -1.64, standard
error = 0.47, t = -3.47), whereby the slope of the transition from
CI to CN is steeper in females than in males. Post-hoc within-sex
analyses indicated that CI females have significantly higher Skin
& Blood age acceleration than CN females, and that diagnosis is
not significantly associated with Skin & Blood age acceleration in
males, see Supplementary Table 3 and Supplementary Figure 2.

Based on the hypothesis that age acceleration may be more as-
sociated with levels of relevant biomarkers of AD, we ran a lin-
ear mixed effects model including sex, age, APOE genotype, CSF
tau concentration and sex-APOE and sex-tau interaction terms (all
fixed effects) on DNAmAge acceleration with by-individual random
intercepts. Neither APOE allele load nor CSF tau were significantly
associated with DNAmAge acceleration, nor did these associations
differ by sex.

Discussion

We found no significant differences in DNAmAge, intrinsic DNA-
mAge, or PhenoAge acceleration by diagnosis or sex in ADNI
participants, nor did we find a significant association between
DNAmAge and CSF tau or APOE genotype. Males had signifi-
cantly higher GrimAge acceleration than females, though the ef-
fect size was small (<1 year); which corroborates a previous re-
port (Crimmins et al., 2021). A significant interaction between sex
and diagnosis in Skin & Blood age acceleration indicated that fe-
males had accelerated Skin & Blood age in CI as compared to CN,
while there was no effect of diagnosis on male Skin & Blood age
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acceleration. For a more detailed discussion of these results, see
the Supplementary Information.

To our knowledge, no other study has similarly tested whether
epigenetic age acceleration metrics in the context of MCI or AD are
sex-specific, and only 1 has probed MCI-associated epigenetic age
acceleration in a peripheral tissue (blood), also with negative find-
ings (Chouliaras et al., 2018). However, our negative results could
arise from sample size limiting statistical power. Power simula-
tions (n = 1000 simulations) indicated that this longitudinal co-
hort is 46.5% powered (95% confidence interval 43.4-49.7) to de-
tect age acceleration differences of 4+3.6 years between diagno-
sis groups, the median error of Horvath’'s DNAmAge clock. To de-
tect effect sizes of 1 year between diagnosis groups, our current
study design is 23.4% powered (95% confidence interval 20.8-26.2);
the effect of diagnosis on Skin & Blood age acceleration in our
female-only post-hoc analysis was 1.13 years. A further discussion
of statistical power is presented in the Supplementary Information.
Nonetheless, our 640-participant longitudinal cohort advances the
literature significantly, as it is much larger than the 48-participant
cohort used in the only previous study (Chouliaras et al., 2018) of
epigenetic age acceleration in peripheral tissues in the context of
MCI, which did not consider sex. As larger cohorts with detailed
clinical characterization become available, our results will benefit
from future validation.

Finally, our finding of accelerated Skin & Blood age in females
even when controlling for age may reflect the faster progression
females exhibit in AD, with higher levels of CSF tau and more
marked cognitive decline than males (Sohn et al., 2018). Future
studies should determine whether similar sex differences in age
acceleration are seen in each stepwise transition from CN to MCI
to AD, and whether these sex differences extend to other tissues,
ideally using the more accurate tissue-specific epigenetic clocks.

Supplementary materials

Supplementary material associated with this article can be
found, in the online version, at doi:10.1016/j.neurobiolaging.2021.
09.022.

References

Alzheimer’s Association, 2019. 2019 Alzheimer’s disease facts and figures.
Alzheimers Dement. 15, 321-387. doi:10.1016/j.jalz.2019.01.010.

Bates, D., Mdchler, M., Bolker, B., Walker, S., 2015. Fitting linear mixed-effects mod-
els using Ime4. ]. Stat. Softw. 67, 1-48. doi:10.18637/jss.v067.i01.

Chen, B.H., Marioni, RE., Colicino, E., Peters, M.J., Ward-Caviness, C.K,, Tsai, P.-C.,
Roetker, N.S., Just, A.C., Demerath, EW., Guan, W,, Bressler, ]J., Fornage, M., Stu-
denski, S., Vandiver, A.R., Moore, A.Z.,, Tanaka, T., Kiel, D.P, Liang, L., Vokonas, P.,
Schwartz, ], Lunetta, KL., Murabito, ].M., Bandinelli, S., Hernandez, D.G.,
Melzer, D., Nalls, M., Pilling, L.C., Price, T.R,, Singleton, A.B., Gieger, C., Holle, R.,
Kretschmer, A., Kronenberg, F, Kunze, S. Linseisen, J., Meisinger, C., Rath-
mann, W., Waldenberger, M., Visscher, PM., Shah, S., Wray, N.R,, McRae, A.F,
Franco, O.H., Hofman, A., Uitterlinden, A.G., Absher, D., Assimes, T., Levine, M.E.,
Lu, AT, Tsao, PS., Hou, L., Manson, J.E., Carty, C.L, LaCroix, A.Z., Reiner, A.P.,
Spector, T.D., Feinberg, A.P, Levy, D., Baccarelli, A., van Meurs, ]., Bell, J.T., Pe-
ters, A., Deary, 1], Pankow, J.S., Ferrucci, L., Horvath, S., 2016. DNA methylation-
based measures of biological age: meta-analysis predicting time to death. Aging
(Albany NY) 8, 1844-1859. doi:10.18632/aging.101020.

Chouliaras, L., Pishva, E., Haapakoski, R., Zsoldos, E., Mahmood, A., Filippini, N., Bur-
rage, J., Mill, J., Kivimdki, M., Lunnon, K., Ebmeier, K.P., 2018. Peripheral DNA
methylation, cognitive decline and brain aging: pilot findings from the White-
hall II imaging study. Epigenomics 10, 585-595. doi:10.2217/epi-2017-0132.

Crimmins, E.M., Thyagarajan, B., Levine, M.E., Weir, D.R., Faul, J., 2021. Associations of
age, sex, race/ethnicity, and education with 13 epigenetic clocks in a nationally
representative U.S. sample: the health and retirement study. ]. Gerontol. A. Biol.
Sci. Med. Sci. 76, 1117-1123. doi:10.1093/gerona/glab016.

Horvath, S., 2013. DNA methylation age of human tissues and cell types. Genome
Biol. 14, R115. doi:10.1186/gb-2013-14-10-r115.

Horvath, S., Oshima, J., Martin, G.M., Lu, AT, Quach, A, Cohen, H., Felton, S.,
Matsuyama, M., Lowe, D., Kabacik, S., Wilson, J.G., Reiner, A.P,, Maierhofer, A.,
Flunkert, J., Aviv, A., Hou, L., Baccarelli, A.A., Li, Y., Stewart, ].D., Whitsel, E.A.,
Ferrucci, L., Matsuyama, S., Raj, K., 2018. Epigenetic clock for skin and blood
cells applied to Hutchinson Gilford Progeria Syndrome and ex vivo studies. Ag-
ing (Albany NY) 10, 1758-1775. doi:10.18632/aging.101508.

Houseman, E.A., Accomando, W.P,, Koestler, D.C., Christensen, B.C., Marsit, CJ., Nel-
son, H.H., Wiencke, J.K,, Kelsey, K.T., 2012. DNA methylation arrays as surrogate
measures of cell mixture distribution. BMC Bioinformatics 13, 86. doi:10.1186/
1471-2105-13-86.

Levine, M.E., Lu, A.T., Bennett, D.A.,, Horvath, S., 2015. Epigenetic age of the
pre-frontal cortex is associated with neuritic plaques, amyloid load, and
Alzheimer’s disease related cognitive functioning. Aging (Albany NY) 7,
1198-1211.

Levine, M.E., Lu, A.T,, Quach, A., Chen, B.H., Assimes, T.L., Bandinelli, S., Hou, L., Bac-
carelli, A.A., Stewart, J.D., Li, Y., Whitsel, E.A., Wilson, ].G., Reiner, A.P,, Aviv, A,
Lohman, K., Liy, Y., Ferrucci, L., Horvath, S., 2018. An epigenetic biomarker of ag-
ing for lifespan and healthspan. Aging (Albany NY) 10, 573-591. doi:10.18632/
aging.101414.

Lu, AT, Quach, A., Wilson, J.G., Reiner, A.P,, Aviv, A,, Raj, K., Hou, L., Baccarelli, A.A.,
Li, Y., Stewart, J.D., Whitsel, E.A., Assimes, T.L.,, Ferrucci, L., Horvath, S., 2019. DNA
methylation GrimAge strongly predicts lifespan and healthspan. Aging (Albany
NY) 11, 303-327. doi:10.18632/aging.101684.

R Core Team, 2018. R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria. R Foundation for Statis-
tical Computing, Vienna, Austria.

Singmann, H., Bolker, B., Westfall, ]., Aust, E, 2016. afex: analysis of factorial experi-
ments. R package version 0.16-1.

Sohn, D., Shpanskaya, K., Lucas, J.E., Petrella, J.R., Saykin, AJ., Tanzi, RE., Sama-
tova, N.F,, Doraiswamy, P.M., 2018. Sex Differences in Cognitive Decline in Sub-
jects with High Likelihood of Mild Cognitive Impairment due to Alzheimer’s dis-
ease. Sci. Rep. 8, 7490. doi:10.1038/s41598-018-25377-w.

Vasanthakumar, A., Davis, W, Idler, K., Kim, S., Nho, K., Nudelman, K.N.H., Faber, K.,
Bai, Y., Foroud, T.M., Estrada, K., Li, Q., Saykin, AJ., Waring, ]., 2017. DNA methy-
lation dynamics in Alzheimer's disease diagnosis and progression. Alzheimers
Dement. 13, P297. doi:10.1016/j.jalz.2017.06.209.

Zhang, Q., Vallerga, C.L., Walker, RM.,, Lin, T., Henders, A.K., Montgomery, G.W.,
He, ]., Fan, D., Fowdar, J., Kennedy, M., Pitcher, T., Pearson, ]., Halliday, G.,
Kwok, ].B., Hickie, I, Lewis, S., Anderson, T, Silburn, P.A., Mellick, G.D., Har-
ris, S.E., Redmond, P., Murray, A.D., Porteous, D.J., Haley, C.S., Evans, K.L., McIn-
tosh, A.M,, Yang, ], Gratten, J., Marioni, R.E., Wray, N.R,, Deary, 1J., McRae, A.F,
Visscher, PM., 2019. Improved precision of epigenetic clock estimates across tis-
sues and its implication for biological ageing. Genome Med. 11, 54. doi:10.1186/
s13073-019-0667-1.


https://doi.org/10.1016/j.neurobiolaging.2021.09.022
https://doi.org/10.1016/j.jalz.2019.01.010
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.18632/aging.101020
https://doi.org/10.2217/epi-2017-0132
https://doi.org/10.1093/gerona/glab016
https://doi.org/10.1186/gb-2013-14-10-r115
https://doi.org/10.18632/aging.101508
https://doi.org/10.1186/1471-2105-13-86
http://refhub.elsevier.com/S0197-4580(21)00303-1/sbref0009
http://refhub.elsevier.com/S0197-4580(21)00303-1/sbref0009
http://refhub.elsevier.com/S0197-4580(21)00303-1/sbref0009
http://refhub.elsevier.com/S0197-4580(21)00303-1/sbref0009
http://refhub.elsevier.com/S0197-4580(21)00303-1/sbref0009
https://doi.org/10.18632/aging.101414
https://doi.org/10.18632/aging.101684
https://doi.org/10.1038/s41598-018-25377-w
https://doi.org/10.1016/j.jalz.2017.06.209
https://doi.org/10.1186/s13073-019-0667-1

	Are sex differences in cognitive impairment reflected in epigenetic age acceleration metrics?
	Introduction
	Methods
	Results
	Discussion
	Supplementary materials
	References


