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blood predicts progression to Alzheimer’s
disease, white matter disease burden, and
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Cross-sectional studies suggest a limited relationship between accelerated epigenetic aging derived
from epigenetic clocks, and Alzheimer’s disease (AD) pathophysiology or risk. However, most prior
analyses have not utilized longitudinal analyses or whole-brain neuroimaging biomarkers of AD.
Herein, we employed longitudinal modeling and structural neuroimaging analyses to test the
hypothesis that accelerated epigenetic aging would predict AD progression. Using survival analyses,
we found that two second-generation epigenetic clocks, DNAmPhenoAge and DNAMGrimAge,
predicted progression from cognitively normal aging to mild cognitive impairment or AD and worse
longitudinal cognitive outcomes. Epigenetic age was also strongly associated with cortical thinning in
AD-relevant regions and white matter disease burden. Thus, in contrast to earlier work suggesting
limited applicability of blood-based epigenetic clocks in AD, our novel analytic framework suggests
that second-generation epigenetic clocks have broad utility and may represent promising predictors

of AD risk and pathophysiology.

Converging evidence from the study of model organisms and human brain
tissue suggests that epigenetic aging—a metric of biological age based on
DNA methylation patterns—plays a critical role in Alzheimer’s disease
(AD) pathophysiology. Briefly defined, epigenetics and epigenetic aging are
measurable changes to DNA (often via DNA methylation) that occur over
the lifespan and are regulated by genetic variation, behavior, environment,
and human disease. Transgenic mouse models of AD demonstrate unique
epigenetic alterations associated with AD pathology'”, and studies of human
brain tissue show marked DNA methylation differences in AD when
compared to normal aging brain®*. By contrast, data from clinical studies
has been mixed. For example, a recent systematic review largely using cross-
sectional studies found no strong evidence that epigenetic age estimates
were associated with risk for dementia or mild cognitive impairment
(MCI),” while other smaller studies have suggested a limited though pro-
mising relationship with risk for AD or related disease biomarkers™’.
There are multiple possible explanations for these surprisingly dis-
crepant findings as insights from mouse models and post-mortem human

tissue are translated into clinical settings. First, most clinical studies per-
formed to date have been cross-sectional rather than longitudinal—limiting
evaluation for disease risk-modifying effects which may not appear on
same-visit cognitive scores or biomarker measurements. Second, multiple
generations of epigenetic clocks have been developed for analysis, with each
generation and associated score based on distinct analytic underpinnings
and resulting in distinct interpretations—making comparison and replica-
tion of results challenging. Finally, many studies have focused on one or two
related outcomes, such as disease status and cognitive scores, which may not
be sensitive to interindividual differences in disease trajectory. Taken
together, these findings suggest the need for additional studies using more
sensitive longitudinal and biomarker data paired with well-established and
validated epigenetic clocks.

Therefore, we investigated the relationship between two well-
validated second-generation epigenetic clocks, DNAmPhenoAge and
DNAmGrimAge’™, and the risk for MCI or AD using longitudinal
analyses and multimodal neuroimaging. Specifically, we analyzed the
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rate of progression from cognitively normal (CN) aging to either MCI
or AD, longitudinal cognitive changes, and cortical thinning and white
matter hyperintensities (WMH) on magnetic resonance imaging
(MRI). We hypothesized that combined longitudinal and multimodal
imaging analyses would increase our ability to detect the modulation of
AD risk by epigenetic age and that epigenetic age would predict AD risk
independent of chronologic age.

Results

Cohort

Data from 403 participants from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) diagnosed as CN, MCI, or AD with DNA methylation

Table 1 | Cohort demographics

CN MCI AD
121 236 46 p-value
Age at baseline 75.3 (6.4) 72.8(7.5) 74.6 (8.5) 0.01
(years; mean (SD))
Sex (Male (%)) 57 (47.1%) 134 (56.8%) 29 (63.0%) 0.11
Education (years; 16.4 (2.8) 16.3 (2.7) 16.2 (2.6) 0.47
mean (SD))
CDR-SB 0.1 (0.3) 1.5(1.1) 5.0(2.2) <0.001
(mean (SD))
MMSE (mean (SD)) 29.0 (1.2) 27.9(1.9) 23.4(3.6) <0.001
MoCA (mean (SD)) 26.0 (2.4) 23.5(3.3) 18.8 (4.7) <0.001
APOE €4 dosage (Count (%))
0 91 (75.2%) 131 (55.5%) 9 (19.6%)
1 28 (23.1%) 82 (33.1%) 30 (65.2%) <0.001
2 2(1.7%) 23 (9.7%) 7 (15.2%)
Number of follow- 4.6(1.6) 49(2.2) N/A 0.10
up visits
(mean (SD))
Length of follow-up 5.7 (2.7) 4.4 (2.7) N/A <0.001

(years, mean (SD))

Summary statistics are shown for study participants summarized by diagnostic category with two-
tailed p-values from ANOVA (continuous traits) or chi-square (categorical values) are shown. For the
number of follow-up visits and length of follow-up visit comparisons, two-tailed unpaired t-tests
were used to assess for differences between CN and MCI groups.

CDR-SB Clinical Dementia Rating Scale Sum of Boxes, CN cognitively normal, MMSE Mini-Mental
State Exam, MoCA Montreal Cognitive Assessment, MCI mild cognitive impairment, AD Alzheimer’s
disease.

Progression to MCI or AD by DNAmPhenoAge
1.00

o
~
o

Probability
o
3

0.25 DNAmPhenoAge
== Low (10th Percentile)
=+ High (90th Percentile)
0.00
0 25 5 7.5 10
Years

Fig. 1 | Epigenetic age predicts conversion to MCI or AD in cognitively normal
controls. Survival plots stratified by epigenetic age (high = 90th percentile; low =
10th percentile) in participants who were cognitively normal at baseline are shown.
DNAmPhenoAge was significantly associated with progression to MCI or AD (A;
p=0.006) and there was a trend towards significance for DNAmGrimAge (B;

data, as well as quantitative neuroimaging data, were included in this study
(Table 1). The cohort was balanced with respect to sex and education (both
P> 0.05) with expected differences in APOE &4 dosage, Clinical Dementia
Rating Scale Sum of Boxes (CDR-SB), Mini Mental State Exam (MMSE),
and Montreal Cognitive Assessment (MoCA) scores (all p < 0.001). Inter-
estingly, there was a significant difference (p = 0.01) in chronologic age, with
the MCI group slightly younger (mean 72.8 years) than the CN (mean 75.3
years) and AD (mean 74.6) cohorts. As demonstrated in prior analyses of
ADNI data, there were no significant differences between epigenetic age
across groups for both DNAmPhenoAge (p =0.69) or DNAmGrimAge
(p=0.13)". In the longitudinal datasets in CN and MCI participants, the
number of follow-up visits was similar (p = 0.10), but the length of follow-up
was longer in CN compared to MCI (p < 0.001). A subset of study partici-
pants had processed Freesurfer data available for analysis (1 = 335) and was
overall similar in composition when compared to the parent cohort shown
in Table 1.

DNAmMGrimAge and DNAmPhenoAge correlations with
chronologic age

Data used in these analyses included all 403 patients described in Table 1.
Using the Pearson technique, we found that epigenetic age correlated with
chronologic age, but was not an exact proxy for chronologic age. The cor-
relation coefficient for DNAmPhenoAge was 0.74 (95% confidence interval
(CI) 0.70-0.78, p < 2.2 x 10™), slightly lower than the correlation coefficient
observed for DNAmGrimAge at 0.87 (95% CI 0.85-0.89, p < 2.2 x 10-16).

DNAmMGrimAge and DNAmPhenoAge predict progression to
MCIl and AD

Analyses in this section utilized longitudinal clinical follow-up data from
participants diagnosed as CN (n=121), with progression defined as a
change in clinical diagnosis from CN to MCI or CN to AD. Participants
progressed to MCI or AD in 24.0% (n =29) of the group over the study
period (Table 1). Using Cox proportional hazard modeling, we found that
DNAmPhenoAge (hazard ratio (HR) 1.06; 95% confidence intervals [CI]
1.02-1.10; p = 3.45 x 107) associated with conversion to MCI or AD (Fig. 1).
There was also a trend towards significance for DNAmGrimAge (HR 1.03;
95% CI 1.00-1.06; p=0.06) (Fig. 1). As a sensitivity analysis, we tested
whether the effect of epigenetic age persisted after covarying for chronologic
age (i.e., epigenetic age acceleration) and found that DNAmPhenoAge still
significantly predicted progression in CN participants (HR 1.07; 95% CI
1.01-1.13; p = 0.03).
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p =0.06). Of note, DNAmPhenoAge significantly associated with progression to

MCI or AD even after covarying for chronologic age (p = 0.03). Shading represents
95% confidence intervals. Survival analyses were conducted using Cox proportional
hazards modeling covarying for sex, education, CDR-SB score, and APOE &4 dose;
post hoc sensitivity analyses additionally covaried for chronologic age.
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Fig. 2 | Epigenetic age predicts cognitive and clinical changes during normal
aging and early neurodegenerative disease. Regression plots in normal controls
and mild cognitive impairment stratified by epigenetic age at representative levels
(—1 standard deviation [SD] corresponding to the ~16th percentile; +1 SD corre-
sponding to the ~84th percentile; and mean for reference). Advanced epigenetic age
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as measured by DNAmPhenoAge associated with worsened clinical scores as
measured by CDR-SB (A; p = 0.002), MoCA (B; p =5.01 x 10”*), and MMSE (C;
P =9.25x%10). Shading indicates 95% confidence intervals. Linear mixed-effects
analyses were performed covarying for chronologic age, sex, education, baseline
score, and APOE &4 dose.

DNAmPhenoAge predicts longitudinal cognitive changes during
normal aging

Given the findings above highlighting the importance of epigenetic age
acceleration as a predictor of progression from CN to MCI or AD, we next
asked whether accelerated epigenetic age was also associated with long-
itudinal cognitive changes during normal aging and early neurodegenera-
tive disease. To address this, we examined a combined cohort composed of
the CN participants described in the above survival analyses and study
participants diagnosed with MCIL.

Analyzing longitudinal CDR-SB, MoCA, and MMSE scores in the
combined CN and MCI cohort, we found that accelerated epigenetic age,
as measured by DNAmPhenoAge, was associated with worsened clinical
and cognitive outcomes. Even after controlling for the effects of chron-
ologic age, DNAmPhenoAge was associated with worsened clinical out-
comes as evidenced by increasing CDR-SB (Fig. 2A; f§ + standard error
(SE) =8.41 x 107 £2.72 x 107; p = 1.95 x 10°), decreasing MoCA (Fig. 2B;
B+SE=-0.01+4.64x 107 p=5.01x 107), and decreasing MMSE scores
(Fig. 2C; f+ SE =-0.02 + 4.36 x 10”%; p = 9.25 x 10°®) over time. Findings for
DNAmGrimAge were attenuated when compared to DNAmPhenoAge,
with no findings remaining significant after accounting for chronologic age.
Full results for both DNAmPhenoAge and DNAmGrimAge are shown in
Table S1.

Epigenetic age associated with neuroimaging markers of AD
across the spectrum of normal aging to AD
Given the associations between measures of increased epigenetic age and
progression to MCI or AD, we next evaluated their association with neu-
roimaging biomarkers of AD, including whole-brain cortical thickness and
WMH volumes. Due to differences in processing technique and data
availability, only a subset of participants had cortical thickness measure-
ments available (n = 335; see Table S2 for additional details). All participants
in the survival analyses described above had WMH quantifications available
for analysis.

Across the spectrum of normal aging to AD, accelerated epigenetic age
was associated with cortical thinning in nearly every brain region for 60 of 68
ROIs for DNAmPhenoAge and 59 of 68 cortical ROIs for DNAmGrimAge
(PFalse Discovery Rate (FDR) < 0.05; Tables S3 and S4; Fig. 3). Interestingly, the
strongest associations were predominantly located in the temporal and
parietal lobes in regions relevant to AD, such as entorhinal cortex and
fusiform gyrus (Fig. 3).

To better understand the factors driving these findings, we conducted
exploratory analyses examining DNAmPhenoAge and DNAmGrimAge
within each diagnostic group and found these associations between

accelerated epigenetic age and cortical atrophy were driven largely by the
CN and MCI groups. For example, in the CN cohort, there were associations
for 42 and 47 of 68 cortical ROIs for DNAmPhenoAge and DNAmGr-
imAge, respectively (prpr < 0.05; Table S5, Fig. 4A, B). Similar findings were
observed in the MCI group with associations for 48 and 42 of 68 cortical
ROIs for DNAmPhenoAge and DNAmGrimAge, respectively (prpr < 0.05;
Table S5, Fig. 4C, D). In contrast, the AD cohort showed no significant
associations after correction for multiple testing.

As a sensitivity analysis, we next repeated the above analyses while
adding chronological age to the multiple regression model to better
understand whether accelerated epigenetic age provided additional disease-
relevant signals beyond that explained by advancing chronological age. In
the CN subgroup, the association between epigenetic age and cortical
thinning was mildly attenuated, though it remained significant at a
Prpr < 0.05 value for 13 of 68 ROIs for DNAmPhenoAge and 39 of 68 ROIs
for DNAmGrimAge. Of note, many of the regions that remained significant
after covarying for chronological age are those relevant to AD progression,
including the precuneus, cuneus, and fusiform gyrus.

Transitioning our analyses to examine WMH, we found that
DNAmPhenoAge and DNAmGrimAge were both strongly associated with
WMH volumes in the combined cohort (py,y, < 0.001, Table 2) and when
each diagnostic subgroup was considered individually (all pya, <0.05;
Table 2). The associations between epigenetic age and WMH volumes were
strongest in patients diagnosed with AD, where DNAmPhenoAge and
DNAmGrimAge were associated with WMH volume after covarying for
chronologic age (prayw < 0.05; Table 2).

Discussion

Among CN individuals, we found that accelerated epigenetic age associated
with progression to either MCI or AD and with cognitive decline inde-
pendent of chronological age. Furthermore, accelerated epigenetic age based
on DNAmPhenoAge and DNAmGrimAge associated with cortical thin-
ning in AD-relevant regions and WMH burden across the spectrum of
normal aging to neurodegenerative disease. Interestingly, the relationship
between epigenetic age and cortical thinning in AD-implicated regions
appeared most robust in CN participants, while the association between
epigenetic age and WMH was greatest in participants with AD. Considered
together, our findings suggest that advanced epigenetic age modulates risk
for AD and cognitive decline even during their most nascent stages.

Our findings suggest that epigenetic age—as measured from peripheral
blood—plays an important role in AD risk above and beyond that explained
by chronological age, especially in CN individuals. These findings suggest that
while epigenetic age and chronological age are highly correlated, each
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Fig. 3 | Epigenetic age predicts cortical thickness across the spectrum of normal
aging to neurodegenerative disease. Epigenetic age associated with cortical atrophy
across the spectrum of normal aging to AD. Both DNAmPhenoAge (A) and
DNAmGrimAge (B) are associated with cortical atrophy in AD-relevant regions
such as entorhinal cortex, parahippocampal gyrus, and precuneus (all significant ata

FDR-corrected threshold of prpr < 0.05). Images were processed using Freesurfer
5.1, and regions of interest were extracted from the Desikan-Killiany atlas. The
relationship between cortical thickness and DNA methylation age was assessed
using multiple regression covarying for sex, education, CDR-SB score, APOE &4
dose, and total intracranial volume.

provides unique, disease-relevant information. Building on prior
literature'*"", these findings lend support to the hypothesis that the processes
underlying biological aging, which are only partially accounted for by
chronologic age, contribute significantly to the development and progression
of AD. Further, our data indicates that epigenetic age is more sensitive than
chronological age in proxying this underlying biology. Indeed, even after
covarying for chronologic age, elevated DNAmPhenoAge remained sig-
nificantly associated with clinical progression, worsened MoCA scores, and
cortical thinning. Given this, epigenetic age biomarkers may play a key role in
identifying patients at risk for AD (and other diseases of aging) prior to
symptom onset. For example, while amyloid can be detected up to 15 years
prior to clinical symptoms” it can be challenging to measure due to cost (e.g.,
PET scan'®) or invasiveness (e.g, lumbar puncture”). In future clinical
practice, estimates of epigenetic age may provide simple and minimally
invasive metrics of AD risk that may also be relevant to other age-related
conditions and diseases. It remains to be determined whether epigenetic age
would provide similar or additional information beyond what is provided by
other emerging tests for AD risk, such as those measuring p-tau-217".

Building on prior work, our results suggest that employing a combi-
nation of analytic strategies, including longitudinal cognitive analyses and the
use of neuroimaging biomarkers of disease, may be useful for the validation of
current and future epigenetic clocks. Of the prior studies showing a positive
effect, one of the most conclusive also employed a survival analysis frame-
work, though there was no significant association for DNAmPhenoAge'.
While this study used cognitive and diagnostic data from the ADNI cohort,
the authors did not perform survival analyses using ADNI data, nor did the
study involve analysis of neuroimaging data. In addition, this study did not
formally test whether epigenetic age was associated with longitudinal cog-
nitive changes. Other promising studies examining epigenetics that have
shown an association between disease progression and neuroimaging bio-
markers have focused on MCI rather than CN'” or have focused on overall
mortality rather than AD'®. Our findings suggest that an analytic framework,
rather than a lack of a biologic relationship, may explain the seeming paucity
of evidence linking findings from model organisms and human brain tissue to
clinical populations.

We observed stronger associations between DNAmPhenoAge and
disease progression, whereas DNAmGrimAge was associated more strongly

with some neuroimaging biomarkers. While speculative, we hypothesize
that these differences are due to differential capture of AD-related risk
factors by each epigenetic clock. For example, DNAmGrimAge differs from
DNAmPhenoAge, a general lifespan clock, in that it was partially trained on
serum proteins that predict mortality and smoking history"”. As such,
DNAmGrimAge is strongly associated with time to death, time to coronary
heart disease, time to cancer, and multiple other mortality-associated (rather
than age-related) outcomes'’, which may not be captured by DNAmPhe-
noAge but could be reflected by changes in a brain MR, including cortical
thinning. Evaluating the relative strengths and weaknesses of each genera-
tion of epigenetic clocks and their subscores is beyond the scope of this
article but may be a fruitful area for future research.

Comparing our neuroimaging analyses, we observed that epigenetic
age was associated most strongly with cortical thickness in CN and MCI
whereas relationships with WMH were most pronounced in AD. The
etiology behind these findings is unclear but likely multifactorial. For
example, while WMH is classically attributed to metabolic comorbidities—
such as diabetes mellitus or hypertension—frequently observed in AD
patients, emerging literature suggests that AD diagnosis contributes to
WMH independent of these established risk factors™. Second, AD patients
have substantially more WMH when compared to CN and MCI, potentially
increasing statistical power to detect an effect. Future studies will be required
to further delineate and test these hypotheses.

Our study benefits from its use of a thoroughly characterized
cohort spanning the spectrum of normal aging to AD, as well as our use
of multiple strategies to test whether epigenetic age associated with AD
risk. Limitations of our study include the use of only two second-
generation epigenetic clocks and the lack of a suitable replication
cohort, given our multimodal approach. Our reliance on peripheral
blood methylation data is both a strength, given its ease of acquisition,
and a limitation, given it does not directly measure methylation in the
brain. However, data from multiple studies has shown that peripheral
blood methylation changes are a reasonable proxy for the brain with
r>0.85"""* and may also provide additional AD-relevant data about
immune function as well as cardiovascular and metabolic disease.
Future studies will be required to determine whether epigenetic age
predicts longitudinal cortical atrophy.
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Fig. 4 | Epigenetic age predicts cortical thickness in normal controls and mild
cognitive impairment. Epigenetic age associated with cortical atrophy in both
normal cognition and MCL In controls, both DNAmPhenoAge and DNAmGr-
imAge were associated with cortical atrophy in AD-relevant regions for 42 and 47 of
68 cortical ROIs at an FDR-corrected threshold of prpr < 0.05, respectively (A, B).
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For MCI, 48 of 68 cortical ROIs were significant at a prpg < 0.05 for DNAmPhe-
noAge (C), and 42 of 68 cortical ROIs were significant at a prpg < 0.05 for
DNAmGrimAge (D). The relationship between cortical thickness and DNA
methylation age was assessed using multiple regression covarying for sex, education,
CDR-SB score, APOE ¢4 dose, and total intracranial volume.

In summary, we found that epigenetic age associated with progression
to MCI or AD and cognitive decline in CN individuals as well as cortical
thinning in AD-relevant regions and increased WMH across the spectrum
of normal aging to neurodegenerative disease. Our analytic framework was
critical to the successful identification of these associations, and using a
similar technique with other epigenetic clocks and neurodegenerative as
well as other age-related diseases may be useful in future work. More gen-
erally, this study underscores the importance of advanced biologic age—
above and beyond chronologic age—as a risk factor for AD and as a
potential biomarker for clinical use.

Methods

Participant characteristics

This study utilized samples from 403 participants from ADNI with DNA
methylation and structural neuroimaging data available. At baseline, 121

participants were considered CN, 236 were diagnosed with MCI, and 46
were diagnosed with AD. ADNI is a longitudinal study of subjects across
the US that includes multimodal neuroimaging, blood biomarkers, and
clinical markers of AD and has been described previously”**. All base-
line methylation and neuroimaging data were acquired as part of the
ADNI2/GO phase of the study. As part of the study, patients undergo a
rigorous clinical exam, which includes neurologic examination, neu-
ropsychiatric evaluation, cognitive testing, blood sampling, and brain
MRI”. Participants were diagnosed as CN or with MCI or AD based on a
structured protocol that integrated clinical data, cognitive testing, and
brain MRI results, which have been described previously”. Clinical
characteristics are detailed in Table 1. Clinical symptom severity was
measured using the CDR-SB score”. Cognitive changes over time were
measured using the MMSE” and MoCA”. Written and informed con-
sent was obtained from study participants in compliance with local and
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Table 2 | Epigenetic age associated with white matter hyperintensity volumes

Primary analysis

Covarying for chronologic age

Diagnosis (N) Beta + SE p-value Beta + SE p-value
DNAmPhenoAge All Cohort (403) 0.32+0.05 5.07E-09 0.13+0.08 0.09
CN (121) 0.39+0.14 5.34E-03 0.27+0.18 0.15
MCI (236) 0.28 +0.06 5.13E-06 -4.98E-3 +0.09 0.95
AD (46) 0.41+0.12 2.40E-03 0.43+0.21 0.05
DNAmMGrimAge All Cohort (403) 0.49+0.08 4.44E-10 0.18+0.16 0.25
CN (121) 0.51+0.21 0.02 0.17 +0.39 0.67
MCI (236) 0.49+0.08 1.79E-08 0.08+0.17 0.63
AD (46) 0.54+£0.17 2.86E-03 1.02 + 0.443 0.02

White matter hyperintensity (WMH) volume is associated with two key measures of epigenetic age (DONAmPhenoAge and DNAmMGrimAge) across the spectrum of normal aging to neurodegenerative
disease. In our primary analysis, epigenetic age associated with WMH volume in the overall cohort as well as within each diagnostic subgrouping available for analysis. In our sensitivity analyses covarying
for chronologic age, epigenetic age remained a significant statistical predictor of WMH volume in Alzheimer’s disease. All analyses were conducted using multiple regression covarying for APOE €4, sex,

years of education, CDR-SB, and total intracranial volume.

AD Alzheimer’s disease, CN cognitively normal, MC/ mild cognitive impairment, SE standard error.

ADNI protocols as has been previously described”. This study was
approved by the University of California, San Francisco Institutional
Review Board (IRB #17-21518).

Image acquisition and processing

All images were acquired on 3 Tesla scanners according to previously
described ADNI2/GO protocols at the participants’ baseline visit’””.
Structural MRI images from all participants were segmented using data
from two pipelines provided by the ADNI MRI core to evaluate cortical
structure and white matter disease. Cortical segmentation and struc-
tural analysis were performed using FreeSurfer version 5.1 using T1-
weighted images as previously described’ ™. Briefly, all images were
segmented using FreeSurfer’s automated pipeline and then manually
checked for segmentation accuracy, with segmentation errors manu-
ally corrected by the ADNI MRI core team”. Cortical thickness mea-
surements from 68 cortical regions of interest (ROIL 34 for each
hemisphere) in the Desikan-Killiany atlas™ were retained for analysis.
White matter disease was estimated using a pipeline developed at the
University of California, Davis, which quantifies WMH volumes via
Bayesian modeling based on participants’ 3D T1 and FLAIR images™.
All clinical data, preprocessed imaging data, and genetic data were
downloaded from the Laboratory of Neuro Imaging (LONI) Imaging
and Data Archive (IDA) at www.ida.loni.usc.edu.

DNA methylation assessment

DNA methylation was profiled from blood samples of ADNI participants
using the llumina Infinium Human Methylation EPIC V1 BeadChip Array,
which covers ~866,000 CpGs (illumina.com). Briefly, to pre-process the
DNA methylation data, we used the minfi pipeline, and low-quality samples
were identified using the qcfilter() function from the ENmix package, using
default parameters”®. Quality control procedures were performed,
including removal of samples with abnormal CpG detection p-values > 0.05,
checking the ratio of X/Y chromosome probe intensities for sex con-
cordance, and comparison of targeted SNP genotypes to genotype micro-
array data as previously described”. Epigenetic clocks were calculated
according to published methods from processed DNA methylation data.
Estimates of epigenetic age for the Levine 513 CpG sitt DNAmPhenoAge
cock® and DNA methylation-based mortality risk assessment
(DNAmGrimAge)” were calculated using R scripts. Mean imputation was
utilized for missing values. The first time point for each peripheral blood
sample was used for epigenetic age estimation. For a subset of patients,
technical replicates were present, and in these situations, we averaged the
mean epigenetic age across replicates for all downstream analyses.

Statistical analysis
All statistical analyses were completed using R 4.1.2%.

We assessed the correlation between epigenetic age and chronologic
age using the Pearson method.

Ashasbeen done in prior work™ and in line with our hypotheses, we
first performed all analyses using epigenetic age alone to predict disease
progression and neuroimaging biomarkers. For outcomes that demon-
strated a significant relationship at p < 0.05, we specifically tested whe-
ther epigenetic age provided independent information above and
beyond chronologic age by covarying for chronologic age in addition to
all previously listed covariates. This technique has the added benefit of
also testing for epigenetic age acceleration—defined in cross-sectional
datasets as having an advanced epigenetic age relative to
chronologic age.

Longitudinal analyses of the effect of epigenetic age on disease pro-
gression were performed using Cox proportional hazard modeling with the
R package ‘survival', controlling for APOE ¢4 allele dosage, sex, years of
education, and CDR-SB. Conversion to disease was analyzed in CN parti-
cipants and was defined as a change in clinical diagnosis from CN to MCI or
CN to AD. The proportional hazards assumption was tested for each model
using the ‘cox.zph’ function and were not statistically significant (p > 0.05
level for all analyses shown). For illustrative purposes, projected survival
curves were plotted for patients at the 10th and 90th percentiles of epigenetic
age for the control cohort.

Mixed-effects linear regression analyses were used to assess the rela-
tionship between baseline epigenetic age and longitudinal CDR-SB, MMSE,
and MoCA scores in study participants diagnosed as CN or MCI, controlling
for baseline and time interactions of baseline score, sex, years of education, and
APOE ¢4 dosage. We used the following linear mixed-effect model:

AScore = f; + B, At + f,Scorep,ine * At + 5Sex x At + B,
Education * At 4 S APOEe4 * At + P6EpigeneticAge * At 4 e(1|Subject)

Associations between epigenetic age and cortical thickness based on
the study participants’ baseline MRI were analyzed using multiple regres-
sion after covarying for APOE e4 dosage, sex, years of education, CDR-SB,
and total intracranial volume. We first analyzed the combined cohort of all
participants from across the spectrum of CN to AD, using the CDR-SB score
to account for clinical severity. Following this, we analyzed each diagnostic
grouping independently to assess for effects in each unique clinical group-
ing. Volume-rendered images of multiple regression analysis results were
created using the R package “fsbrain™’.

Where applicable, correction for multiple comparisons was completed
using the FDR technique®.

Data availability

Data from ADNI is available after application through a publicly accessible
research portal (ADNI: adniloni.usc.edu/data-samples/access-data/). Data
used in preparation of this article were obtained from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database (adniloni.usc.edu). As
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