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Abstract 

Cognitive resilience (CR) contributes to the variability in risk for developing and progressing in Alzheimer’s disease 
(AD) among individuals. Beyond genetics, recent studies highlight the critical role of lifestyle factors in enhancing 
CR and delaying cognitive decline. DNA methylation (DNAm), an epigenetic mechanism influenced by both genetic 
and environmental factors, including CR-related lifestyle factors, offers a promising pathway for understanding 
the biology of CR. We studied DNAm changes associated with the Resilience Index (RI), a composite measure of life-
style factors, using blood samples from the Healthy Brain Initiative (HBI) cohort. After corrections for multiple com-
parisons, our analysis identified 19 CpGs and 24 differentially methylated regions significantly associated with the RI, 
adjusting for covariates age, sex, APOE ε4, and immune cell composition. The RI-associated methylation changes are 
significantly enriched in pathways related to lipid metabolism, synaptic plasticity, and neuroinflammation, and high-
light the connection between cardiovascular health and cognitive function. By identifying RI-associated DNAm, 
our study provided an alternative approach to discovering future targets and treatment strategies for AD, comple-
mentary to the traditional approach of identifying disease-associated variants directly. Furthermore, we developed 
a Methylation-based Resilience Score (MRS) that successfully predicted future cognitive decline in an external dataset 
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI), even after accounting for age, sex, APOE ε4, years of edu-
cation, baseline diagnosis, and baseline MMSE score. Our findings are particularly relevant for a better understanding 
of epigenetic architecture underlying cognitive resilience. Importantly, the significant association between baseline 
MRS and future cognitive decline demonstrated that DNAm could be a predictive marker for AD, laying the founda-
tion for future studies on personalized AD prevention.
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Introduction
Alzheimer’s disease (AD) is a significant public health 
problem, affecting millions of people worldwide. A major 
barrier impeding precision medicine in AD is the sub-
stantial variability in risk for developing and progress-
ing in the disease among different individuals. Cognitive 
resilience (CR) refers to an individual’s adaptability to 
brain changes due to disease, injury, or normal aging [1, 
2]. Higher CR is associated with a lower risk of progres-
sion to clinical AD, and a slower rate of cognitive decline 
[3].

Several mechanisms have been proposed for CR, 
including cognitive reserve (greater adaptability of cogni-
tive processes to perform tasks in response to brain aging, 
pathology, or insult), brain reserve (large neurobiological 
capital such as a higher number of neurons, white matter 
connections), and brain maintenance (maintaining brain 
structure and function) [4, 5]. In addition to genetics [6, 
7], recent studies have shown that lifestyle factors, such 
as engaging in physical activity and following the MIND 
diet, play important roles in promoting CR and delaying 
cognitive decline [8–21].

Two common approaches have been used to estimate 
CR: (1) the proxy approach, which estimates CR-based 
activities thought to promote CR, such as education, 
intellectually engaging occupations, and other activities, 
or a composite of these activities [17, 18, 22–24].; and (2) 
the residual approach, which estimates CR by calculating 
the difference between observed cognitive performance 
and expected cognitive performance given a subject’s 
neuropathology burden [1, 2, 6, 25–27].

For the proxy approach, we recently developed and 
validated the Resilience Index (RI), which is composed of 
measures of six lifestyle factors: cognitive reserve, social, 
physical and cognitive activity, diet, and mindfulness 
[28]. Each factor is scored using standardized scales, with 
the total RI ranging from 1 to 378, where higher scores 
indicate greater resilience and better brain health. The RI 
demonstrated strong discriminative ability in differenti-
ating between cognitively normal (CN) individuals, those 
with mild cognitive impairment (MCI), and those with 
dementia. It also showed robust correlations with cog-
nitive, functional, and behavioral assessments. Further-
more, individuals with higher RI scores showed better 
cognitive and functional outcomes, even within diagnos-
tic groups, suggesting that the RI may reflect factors that 
potentially mitigate neurodegenerative decline.

However, to date, the biology underlying CR remains 
not well understood. While recent studies have explored 
the biology of cognitive resilience through genetic and 
protein-based analyses [6, 29–32], few have examined 
the role of epigenetics. DNA methylation (DNAm) is 
the most widely studied epigenetic mechanism, and 

is influenced by both genetic and environmental fac-
tors, including several CR-related lifestyle factors, such 
as smoking, diet, and exercise [33]. Moreover, DNAm 
has been implicated in cognitive decline associated 
with aging and AD [34–36], suggesting it may serve as a 
potential marker through which lifestyle factors influence 
cognition.

In this study, to better understand the biology of CR, we 
identified DNAm patterns associated with the Resilience 
Index, by performing a comprehensive analysis of DNAm 
data generated from blood samples of participants in the 
Healthy Brain Initiative (HBI) study [37]. To understand 
the functional roles of the RI-associated DNAm, we con-
ducted integrative analyses combining DNAm data with 
blood gene expression data, genome-wide association 
study (GWAS) summary statistics, and biological path-
way databases. Additionally, we developed the Methyla-
tion-based Resilience Score (MRS), a methylation-based 
predictor of the RI, and assessed its potential to predict 
future cognitive impairment and AD using an external 
dataset with independent samples. Our findings enhance 
the understanding of epigenetics underlying lifestyle fac-
tors associated with cognitive resilience and suggest that 
methylation biomarkers could serve as valuable objective 
measures to capture the heterogeneity in lifestyle factors 
linked to cognitive decline. We demonstrated that MRS 
scores are potentially useful for identifying individuals 
who are more likely to experience cognitive decline.

Methods
Study participants
The participants in this study were recruited from the 
ongoing longitudinal Healthy Brain Initiative (HBI) study, 
which conducts comprehensive assessments of cognitive, 
medical, physical, and brain health in residents of South 
Florida. DNA methylation was extracted from blood 
samples provided by a subset of participants during their 
baseline HBI visit. Our analysis included 88 participants 
with complete HBI baseline data relevant to the current 
investigation.

Exclusion criteria included age under 50 years, lack of 
consent for data or specimen storage, absence of a study 
partner, or a diagnosis of moderate to severe Alzheimer’s 
disease or related dementias (Clinical Dementia Rating 
[CDR] ≥ 2). Additional exclusions were made for partici-
pants unable to provide clinical, cognitive, behavioral, or 
functional data, or those with significant medical condi-
tions that could interfere with neuroimaging or cognitive 
outcomes, such as metastatic cancer, major psychiatric 
disorders, unstable chronic diseases, or substance abuse 
within the past five years. All participants provided 
informed written consent in accordance with procedures 
approved by the University of Miami Institutional Review 
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Board. The study protocol and procedures have been 
described in detail elsewhere [37].

The external validation dataset consisted of 538 whole 
blood DNAm samples from the Alzheimer’s Disease 
Neuroimaging Initiative (ADNI) study [38]. This dataset 
included 213 CN and 325 MCI subjects at their earli-
est visit with available DNAm data (baseline  hereafter). 
Conversion events were defined as the progression of CN 
subjects to MCI or AD, and the progression of MCI sub-
jects to AD. Follow-up data were censored at the point 
of loss to follow-up, death from non-dementia causes, or 
final follow-up date of the study.

We compared the characteristics of CN and MCI sub-
jects using the Wilcoxon rank-sum test for continuous 
variables (age, education years), and Fisher’s exact test for 
categorical variables (sex, smoking history, and APOE ε4 
status).

DNA methylation experiment and pre‑processing
To generate HBI cohort DNAm data, genomic DNA 
(500 ng) was bisulfite-treated to convert unmethylated 
cytosines to uracil using the EZ- 96 DNA Methylation™ 
Kit (Zymo Research). CpG methylation was measured 
using the Illumina Infinium MethylationEPIC v2.0 Bead-
chips at the Center for Genomic Technology (CGT), John 
P. Hussman Institute for Human Genomics (HIHG).

Supplementary Table 1 shows the number of CpGs and 
samples at each quality control (QC) step. Specifically, 
QC for CpG probes involved removing probes with a 
detection P-value < 0.01 in all samples using the minfi R 
package. Additional criteria for probe removal included 
probes that are cross-reactive [39], do not start with “cg” 
in the probe ID, or contain a single nucleotide polymor-
phism (SNP) with a minor allele frequency (MAF) ≥ 0.01 
within the last 5 base pairs of the probe. This step was 
implemented using the DMRcate R package (with the 
rmSNPandCH function and parameters dist = 5, mafcut 
= 0.01).

For quality control of samples, we verified that all sam-
ples had high bisulfite conversion efficiency (> 85%). 
Furthermore, the methylation data-predicted sex (using 
watermelon R package’s estimateSex function) matched 
the recorded sex for all samples. We removed two out-
lier samples identified in principal component analy-
sis (PCA), defined as those falling outside ± 3 standard 
deviations from the mean of PC1 and PC2. Samples from 
subjects lacking information on the Resilience Index (RI) 
were also excluded. The final analysis included 88 DNA 
methylation samples, all of which were processed in a 
single batch on one methylation plate.

The quality-controlled DNA methylation dataset were 
then subjected to the QN.BMIQ normalization pro-
cedure [40], implemented using the lumN function in 
the lumi R package, followed by the BMIQ function in 
the wateRmelon R package. As recommended [41], we 
did not normalize probes on the X chromosome, but 
retained them for analyses. Immune cell type proportions 
(B lymphocytes, natural killer cells, CD4 + T cells, CD8 
+ T cells, monocytes, neutrophils, and eosinophils) were 
estimated using the EpiDISH R package. Consistent with 
previous blood-based DNAm studies [42–44], granulo-
cyte proportions were computed as the sum of neutro-
phils and eosinophils proportions, as both cell types are 
classified as granular leukocytes.

The DNAm samples from the ADNI study were pre-
processed similarly as described above, with adjustments 
due to the larger sample size of this dataset. Specifically, 
we selected probes with a detection P-value < 0.01 in 
90% or more of the samples. Also, we corrected for batch 
effects from methylation plates using the BEclear R pack-
age [45].

Statistical analyses to identify DNA methylation 
significantly associated with Resilience Index
For each CpG, we fitted a robust linear model with 
DNAm M-values as the outcome, the RI as the primary 

Table 1 Characteristics of the participants included in this study from the Health Brain Initiative (HBI) and Alzheimer’s Disease 
Neuroimaging Initiative (ADNI) studies
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independent variable, and relevant covariates. Given 
our relatively modest sample size (n = 88), we included 
age, sex, diagnosis, APOE ε4 allele count, and the first 
two principal components of immune cell type propor-
tions (which accounted for 90.7% of the variance in all 
estimated cell-type proportions). Therefore, the model 
for our primary analysis is methylation M value ~ RI 
+ age + sex + diagnosis + APOE4 + cell type composi-
tions (Model 1). Although we also considered additional 
factors such as smoking, race, and ethnicity, they were 
not significantly associated with the RI (Psmoking = 0.221, 
PBlack = 0.488,  PAsian = 0.205,  PHispanic = 0.368), and were 
therefore less likely to confound our analysis.

For region-based meta-analysis, we used the comb-p 
method [46]. Briefly, comb-p takes single CpG P-values 
and locations of the CpG sites to scan the genome for 
regions enriched with a series of adjacent low P-values. 
In our analysis, we used P-values from the robust lin-
ear model as input for comb-p. We used parameter set-
tings with –seed 0.05 and –dist 750 (a P-value of 0.05 is 
required to start a region and extend the region if another 
P-value was within 750 base pairs), which were shown to 
have optimal statistical properties in our previous com-
prehensive assessment of the comb-p software [47]. As 
comb-p uses the Sidak method to account for multiple 
comparisons, we selected DMRs with Sidak P-values less 
than 0.05. To help reduce false positives, we imposed 
two additional criteria in our final selection of DMRs: 
(1) the DMR also has a nominal P-value < 1 ×  10–5; (2) all 
the CpGs within the DMR have a consistent direction of 
change.

Inflation assessment and correction
Genomic inflation factors (lambda values) were esti-
mated using both the conventional approach [48] and 
the bacon method [49], which was specifically designed 
for EWAS. The lambda value (λ) from the conventional 
approach was 1.03, and the lambda value from the bacon 
method (λ.bacon) was 0.99. Although inflation correc-
tion was not strictly necessary, we applied it to maintain 
consistency with our analysis pipeline. After inflation 
correction using the bacon R package, the lambda values 
remained unchanged, with λ = 1.03 and λ.bacon = 1.00.

Functional annotation and pathway analysis
Significant methylation at individual CpGs and differen-
tially methylated regions (DMRs) was annotated using 
gene annotations from GENCODE v41, as provided in 
Supplementary Table 7 of Noguera-Castells et al. (2023) 
[50], and the Genomic Regions Enrichment of Anno-
tations Tool (GREAT) [51] software, which associates 
genomic regions with target genes.

To identify biological pathways enriched with RI-asso-
ciated DNAm differences, we used the methylRRA func-
tion from the methylGSA R package [52], which takes 
single CpG P-values as input. Briefly, methylGSA first 
computes a gene-wise ρ value by aggregating P-values 
from multiple CpGs mapped to each gene. It then adjusts 
for the different numbers of CpGs per gene using Bonfer-
roni correction. Finally, a Gene Set Enrichment Analysis 
[53] is performed in pre-ranked analysis mode to identify 
pathways enriched with significant CpGs. We analyzed 
pathways from the KEGG and REACTOME databases, 
focusing on those with 2 to 200 genes. To avoid gene sets 
where the enrichment signal is driven by only one or two 
genes, we additionally required the significant gene sets 
include at least three genes in the “core enrichment” sub-
set. Pathways with an FDR less than 0.05 were considered 
statistically significant.

Integrative analyses with gene expression, genetic 
variants, and brain‑to‑blood correlations
To evaluate the effect of DNAm on the expression of 
nearby genes in blood samples, we overlapped our RI-
associated DNAm, including both significant individual 
CpGs and those located within DMRs, with eQTm analy-
sis results in Supplementary Tables 2 and 3 of Yao et al. 
(2021) [54].

In brain sample analysis of DNAm-to-RNA associa-
tions, we used matched RNA-seq gene expression data 
and methylation data from 511 subjects in the ROSMAP 
study [55]. We computed the correlations between signif-
icant CpGs and the expressions of genes located within 
± 250 kb from the start or end of the CpG. To minimize 
false positives due to noise from lowly expressed genes, 
we included only genes with FPKM > 0.5 in at least 10 
unaffected samples and 10 affected samples. To reduce 
potential confounding effects, we adjusted for cell-type 
proportions, age at death, sex, and batch effects in meth-
ylation M values (and separately for  log2 transformed 
gene expression values) by fitting linear models and 
extracting residuals. Finally, we tested for associations 
between CpG methylation residuals and gene expression 
residuals, adjusting for Braak stage.

To assess the correlation of RI-associated DNAm in 
blood and brain samples, we used the London data-
set, which consisted of 69 samples with matched PFC 
and blood samples [56]. We evaluated the association 
between brain and blood methylation levels at RI-associ-
ated CpGs using two approaches: (1) an unadjusted cor-
relation analysis with methylation beta values and (2) an 
adjusted correlation analysis using methylation residuals.

In the unadjusted analysis, we calculated Spear-
man rank correlations between brain and blood sample 
beta values. Since Spearman correlation uses only rank 
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information, and M values are a monotonic transfor-
mation of beta values, the correlation results are identi-
cal whether computed using beta or M values. For the 
adjusted analysis, we accounted for potential confound-
ers by removing the effects of covariates. Specifically, we 
adjusted for estimated neuron proportions in brain sam-
ples (or estimated immune cell-type proportions in blood 
samples), array, age at death (for brain samples) or age at 
blood draw (for blood samples), and sex. This was imple-
mented by fitting linear models with these covariates to 
brain samples and blood samples separately and extract-
ing the residuals. Spearman correlations were then calcu-
lated using these residuals.

For correlation and overlap with genetic suscepti-
bility loci, we searched for mQTLs in the blood using 
the GoDMC database (http:// mqtldb. godmc. org. uk/ 
downl oads) [57]. To select significant blood mQTLs in 
GoDMC, we used the same criteria as the original study 
[57], that is, considering a cis P-value smaller than  10–8 
and a trans P-value smaller than  10–14 as significant. The 
genome-wide summary statistics for genetic variants 
associated with dementia described in Bellenguez et  al. 
(2022) [58] were obtained from the European Bioinfor-
matics Institute GWAS Catalog (https:// www. ebi. ac. uk/ 
gwas/) under accession no. GCST90027158. Colocaliza-
tion analysis was performed using the coloc R package.

Validation using independent datasets
To compare our results with previous findings, we 
searched RI-associated CpGs (both significant individual 
CpGs and those located in DMRs) using the CpG Query 
tool in the MIAMI-AD database [59] (https:// miami- ad. 
org/). For the input on phenotype, we selected “AD Bio-
marker”, “AD Neuropathology”, “Aging”, “Dementia Clini-
cal Diagnosis”, and “Mild Cognitive Impairment”.

In addition, we evaluated the predictive ability of RI-
associated DNAm in relation to the disease progression 
of MCI or AD. To this end, we developed MRS scores, 
calculated using significant individual CpGs and those 
located within DMRs. Specifically, we first estimated the 
coefficients of CpGs using an elastic net model trained 
on the HBI dataset, with the RI as the response variable 
and methylation M-values of the significant CpGs as pre-
dictors. The model parameters, � and α, were optimized 
via five-fold cross validation based on the mean squared 
error (MSE). After tuning, the final model was fitted with 
parameters log(�) = 15.66 and α = 0.1 , yielding an error 
within one standard error of the minimum MSE.

To assess disease progression, we performed out-of-
sample validation on the ADNI data using the MRS by 
summing the methylation M-values for the CpGs with 
non-zero weights multiplied by their estimated coeffi-
cients in the elastic net model and adding the intercept 

obtained from the final elastic net model. We then con-
ducted Cox proportional hazards regression analyses on 
the ADNI dataset to evaluate the association between 
MRS and disease progression. The analyses were per-
formed using the coxph function in the survival R pack-
age. Disease progression was defined as the conversion 
from CN to MCI or AD, and from MCI to AD. The model 
was adjusted for multiple covariates: Surv (Conversion 
event, follow-up time) ~ MRS + age + sex + APOE ε4 sta-
tus + years of education + baseline diagnosis + baseline 
MMSE score (Model 2). Furthermore, we separated the 
samples into three groups based on tertiles of their base-
line MRS scores: low resilience (MRS < 192.44), medium 
resilience ( 192.44 ≤ MRS < 197.51) and high resilience 
(MRS ≥ 197.51 ). To assess the different conversion prob-
abilities over time in the low and high resilience groups, 
we performed a log-rank test to determine whether the 
conversion distributions of these two groups were sig-
nificantly different. Additionally, we visualized the pro-
gression patterns using the Kaplan–Meier curves, which 
provided a clear representation of how the probability of 
conversion to MCI or AD varied over time in each group. 
This allowed us to observe whether individuals in the low 
resilience group had a higher or faster rate of disease pro-
gression compared to those in the high resilience group.

Sensitivity analysis
We evaluated the impact of smoking status on DNAm-
to-RI associations. specifically, we additionally included 
smoking status as a covariate in our robust linear 
model: methylation M value ~ RI + age + sex + diagnosis 
+ APOE4 + cell type compositions + smoking status.

Results
Study datasets
The Health Brain Initiative (HBI) is a longitudinal study 
of older adults in South Florida, aimed at advancing 
dementia prevention and promoting brain health [37]. 
Our analysis included a total of 88 blood-based DNA 
methylation samples generated from 88 participants (60 
females, 28 males) enrolled in HBI (Table 1). Among the 
participants, 59 (67%) were cognitively normal (CN) and 
29 (33%) were diagnosed with Mild Cognitive Impair-
ment (MCI). The mean age of the participants at the time 
of sample collection was 67.95 ± 10.32 years, with MCI 
participants being older than CN participants (71.41 
± 11.43 vs. 66.25 ± 9.36 years, P-value = 0.019). About half 
(47%) of the participants had a history of smoking, and 
about a third (30%) had at least one APOE ε4 allele. Sub-
jects in the HBI are highly educated, with an average of 
16.39 years of education. No significant differences were 
observed between CN and MCI groups in sex, smoking 
history, APOE ε4 allele status, or education level.

http://mqtldb.godmc.org.uk/downloads
http://mqtldb.godmc.org.uk/downloads
https://www.ebi.ac.uk/gwas/
https://www.ebi.ac.uk/gwas/
https://miami-ad.org/
https://miami-ad.org/
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For external validation, we used DNAm data gener-
ated by the longitudinal Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI) study, which included 538 subjects 
(213 CN, 325 MCI) at their respective earliest visits with 
available DNAm data (Table  1) [38]. These individuals 
had a mean age of 74.54 ± 7.51 years at the time of blood 
draw, with MCI subjects being significantly younger than 
CN subjects (73.23 ± 7.76 vs. 76.72 ± 6.56 years, P-value 
= 1.31 ×  10-7). About half (n = 291, 54%) of the subjects 
were male, 41% had a history of smoking, with no signifi-
cant differences between CN and MCI groups. The sub-
jects in this dataset were also highly educated, with an 
average of 16.24 years of education. In contrast to HBI, 
APOE ε4 allele frequency was significantly higher in MCI 
participants (47%) compared to CN participants (24%) 
(P-value = 2.00 ×  10−7).

Blood DNAm differences at individual CpGs and DMRs are 
significantly associated with the Resilience Index
After adjusting for covariate variables (age, sex, diagno-
sis, APOE ε4 allele count, and immune cell type com-
positions) and correcting genomic inflation (Methods), 
our robust linear model identified 19 CpGs significantly 
associated with the Resilience Index at FDR < 0.05 (Fig. 1, 

Table 2, Supplementary Table 2). An additional 37 CpGs 
were identified at a more relaxed significance threshold 
of P < 1 ×  10–5. Among these 56 significant CpGs, about 
half (27 CpGs, 48.2%) showed hypermethylation associ-
ated with increased values of the Resilience Index. About 
a fifth (12 CpGs, 21.4%) are located in CpG islands, and a 
quarter (13 CpGs, 23.2%) are located in promoter regions 
less than 2 k bp from the transcription start site (TSS).

Among the most significant CpGs (Table  2), the 
UBAP1 gene encodes a protein involved in endosomal 
trafficking, the process of recycling and degradation 
of cellular components. Mutations in the UBAP1gene 
have been identified as a cause of the neurodegenera-
tive disorder Juvenile-onset hereditary spastic paraple-
gias (HSPs) [60, 61]. The EIF1AX gene plays a crucial 
role in translation initiation and is part of the pre-ini-
tiation complex involved in recruiting ribosomal subu-
nits for protein synthesis. A recent study demonstrated 
that in the ALS-FUS mutation mouse model, EIF1AX 
and several other translation initiation factors were 
downregulated, which led to an impairment in protein 
translation, mitochondrial dysfunctions, synaptic plas-
ticity impairment, reduced spine density, and cogni-
tive deficits [62]. Another noteworthy gene is GSTCD, 

Fig. 1 Manhattan plot of significant DNA methylation (DNAm) differences associated with the Resilience Index (RI). The X-axis indicates 
chromosome number. The Y-axis shows –log10 (P-value) of the association between DNAm M-values and RI, adjusting for covariates (age, sex, 
diagnosis, cell type compositions, APOE ε4 allele count). The genes with promoter regions associated with the top 10 most significant CpGs are 
highlighted
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which encodes a protein that is part of the glutathione 
S-transferase (GST) family responsible for detoxi-
fying reactive oxygen species (ROS). Our observed 
negative association between the promoter region of 
GSTCD and the Resilience index is consistent with pre-
vious observations that oxidative stress is a hallmark of 
various neurodegenerative diseases, and that the glu-
tathione S-transferase is vital for protecting neurons 
from oxidative damage [63].

Using P-values for individual CpGs as input, comb-
p [46] software identified 24 differentially methylated 
regions (DMRs), which had Sidak multiple comparison-
adjusted P-value < 0.05 and a nominal P-value < 1 ×  10–5, 
and all the CpGs within the DMR have a consistent direc-
tion of change in estimated effect sizes in individual CpG 
analysis (Supplementary Table  3). The number of CpGs 
in these DMRs ranged from 3 to 12. Among these DMRs, 

half showed hypermethylation associated with increased 
value of the RI (12 DMRs) or are in CpG islands (12 
DMRs). A little less than half are located in promoter 
regions (10 DMRs, 42%).

The most significant promoter DMR is in the APOC2 
gene, situated within the APOE-APOC1-APOC4-
APOC2 gene cluster on chromosome 19. APOC2 encodes 
an apolipoprotein that serves as a cofactor for lipoprotein 
lipase (LPL), the enzyme responsible for the breakdown 
of triglycerides. Dysregulation in apolipoproteins leads 
to disruption in lipid transport and breakdown, which 
have been linked to metabolic imbalances and cognitive 
decline in AD [64]. Among the genes associated with the 
most significant DMRs (Table  3), BBS4 encodes a core 
component of the BBSome protein complex, which is 
essential for transporting proteins and receptors, includ-
ing G protein-coupled receptors (GPCRs), to the primary 

Table 2 Top 10 most significant CpGs associated with the Resilience Index (RI) in the analysis of blood samples from the HBI cohort. 
The robust linear model included methylation M value as the outcome, RI in z-scores as the main independent variable, and covariate 
variables age, sex, diagnosis (MCI, CN), APOE4 allele count, and the first two PCs of the estimated immune cell-type proportions. 
Estimates describe changes in DNA methylation M values associated with a one standard deviation increase in RI after adjusting 
for covariate variables. A positive (or negative) value of the Estimate indicates hypermethylation (or hypomethylation) of the CpG 
associated with increased values in RI. In GREAT annotations, gene promoter regions are highlighted in red text, and the numbers in 
parentheses indicate distance from the TSS. Abbreviations RI Resilience Index, MCI mild cognitive impairment, CN cognitive normal, PC 
principal component, TSS transcription start site 

Table 3 Top 10 most significant differentially methylated regions (DMRs) associated with Resilience Index, identified by the comb-p 
software. Direction indicates hypermethylation (+) or hypomethylation (-) at each CpG that are associated with increased values of 
Resilience Index. Annotations were based on the GREAT software, where the numbers in parentheses indicate distance from the TSS. 
Gene promoter regions associated with DMRs are highlighted in red text
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cilium [65]. Mutations in BBS4 and other BBS-related 
genes lead to ciliary dysfunction, resulting in a spectrum 
of neurodevelopmental impairments (e.g., cognitive defi-
cits, reduced IQ) and metabolic disorders (e.g., obesity, 
type 2 diabetes) [66]. DNAAF5 encodes a cytoplasmic 
protein that assembles the motors of cilia, which are cru-
cial for fluid movement across tissues such as the brain 
ventricles, where they help regulate cerebrospinal fluid 
(CSF) flow. A recent GWAS identified variants in the 
DNAAF5 gene that are associated with increased levels 
of phosphorylated tau (p-tau), a biomarker for AD [67]. 
Finally, the HMGB3 gene encodes a protein from the 
high-mobility group (HMG) family. The HMGB proteins 
can function as cytokines in the inflammatory response, 
which influences neuroinflammation, a key factor known 
to exacerbate AD pathology [68]. Together, these findings 
highlighted the epigenetic regulation of genes involved in 
endosomal trafficking, protein synthesis, oxidative stress, 

lipid metabolism, cilia function, and immune responses, 
all of which may play critical roles in promoting resil-
ience against cognitive decline.

Pathway analysis revealed DNA methylation differences 
associated with the Resilience Index are enriched 
in biological pathways involved in lipid metabolism, 
energy regulation, and cardiovascular health
To further understand the biological processes underly-
ing the RI, we next performed pathway analysis using the 
methylGSA software [52]. At a  5% false discovery rate 
(FDR), we identified 11 KEGG pathways and 10 Reac-
tome pathways significantly enriched with RI-associated 
DNAm (Table  4, Supplementary Table  4). Importantly, 
our analysis highlighted the central role of lipid metabo-
lism and energy regulation in maintaining brain health, 
the significant pathways included Glycerophospho-
lipid metabolism, Plasma lipoprotein clearance, Plasma 

Table 4 A total of 11 KEGG pathways and 10 Reactome pathways were significantly enriched with Resilience Index-associated CpGs at 
5% FDR, using the methylGSA (PMID: 30346483) software
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lipoprotein assembly, remodeling, and clearance, Regula-
tion of insulin secretion, and NR1H2 and NR1H3 medi-
ated signaling. Impairments in lipid metabolism and 
insulin resistance are well known to be associated with 
cognitive decline, especially in AD [69, 70]. In addition, 
our results underscored the connection between cardio-
vascular health and cognitive function. Several pathways, 
including Hypertrophic cardiomyopathy (HCM), Dilated 
cardiomyopathy, and Cardiac conduction, emphasize the 
importance of heart function and blood flow in support-
ing brain health and preventing cognitive decline [71].

Consistent with results from individual CpGs and 
DMRs, our pathway analysis also identified several 
additional key mechanisms contributing to cogni-
tive resilience, including proper protein synthesis 
(Aminoacyl-tRNA Biosynthesis), the maintenance of 
synaptic plasticity (Axon guidance, CREB1 phospho-
rylation through NMDA receptor-mediated activation of 
RAS signaling), functional cilia, which ensure neurons 
respond correctly to external signals such as neurotrans-
mitters (Cilium assembly, Anchoring of the basal body 
to the plasma membrane), preventing the accumulation 
of damaged proteins (Ubiquitin-mediated proteolysis), 
and maintaining a healthy immune system regulation 
(NR1H2 and NR1H3 mediated signaling). Finally, several 
KEGG pathways, including Alzheimer’s disease, Hunting-
ton’s disease, and Glioma, were directly associated with 
cell death and dysfunction in the brain.

Correlation of significant DNAm differences 
with expression of nearby genes in blood samples
To evaluate the functional role of the significant DMRs 
and CpGs, we overlapped our significant DNAm differ-
ences with previously established DNAm to RNA expres-
sion associations (i.e., eQTM), which were computed 
from matched blood DNA methylation and gene expres-
sion data in a large dataset of more than 4000 subjects 
from the Framingham study [54]. Among the 56 signifi-
cant individual CpGs and those within the 24 DMRs, 
we found 29 CpGs and 8 CpGs were significantly corre-
lated with target gene expression in cis (i.e., within 500 
k  bp of the CpG) or trans, respectively (Supplementary 
Tables 5–6). In particular, the target genes with cis asso-
ciations included BTBD11, TUBGCP5, HLA-DPB1, HLA-
DPA1, CLPTM1, and RUFY1.

The target gene most strongly associated with cis-
DNAm differences is HLA-DPB1, a member of the 
Human Leukocyte Antigen (HLA) gene family. HLA 
genes play a vital role in brain health by influencing 
the body’s ability to eliminate foreign antigens, which 
is essential for preventing chronic inflammation and 
autoimmunity,  key factors linked to neurodegenerative 

diseases. Recent genome-wide association studies 
(GWAS) have identified a number of genetic variants 
in HLA genes that are associated with age-related brain 
disorders, such as AD [72–74]. Among other genes asso-
ciated with DNAm in cis, TUBGCP5  encodes a protein 
involved in microtubule organization. Microtubules are 
critical for the structural integrity of neurons and the effi-
cient transport of molecules within nerve cells. Defects 
in microtubules can impair axonal transport, synaptic 
function, and neuronal stability, and have been linked 
to various neurodegenerative diseases, including AD 
[75]. The CLPTM1 gene encodes a transmembrane pro-
tein involved in regulating the trafficking and function 
of inhibitory synaptic receptors, such as GABA-A recep-
tors, which play a key role in maintaining the balance of 
excitatory and inhibitory signaling in the brain [76]. Pre-
vious studies have implicated CLPTM1 with various neu-
rological conditions, including Alzheimer’s disease [77, 
78]. Finally, the RUFY1 gene encodes a protein that plays 
a crucial role in intracellular trafficking and cytoskeleton 
regulation. It is involved in several essential processes, 
such as endocytosis, autophagy, and endosomal traffick-
ing, which are critical for transporting molecules within 
cells and maintaining cellular homeostasis. Genetic vari-
ants in the RUFY1 gene, along with other genes involved 
in endo-lysosomal transport, have been associated with 
early-onset AD in a recent study [79]. These findings 
revealed that the RI-associated DNAm may influence the 
expression of nearby target genes, to affect the risk of AD 
and other brain disorders.

Correlation and overlap with genetic risk loci
We identified methylation quantitative trait loci 
(mQTLs) by comparing our RI-associated CpGs with 
blood mQTLs in the GoDMC database [57]. Among the 
56 significant individual CpGs (Supplementary Table  2) 
and the 134 CpGs located in significant DMRs (Supple-
mentary Table 3), 93 CpGs had 97,988 mQTLs in cis and 
19 CpGs had 4702 mQTLs in trans in the blood (Supple-
mentary Table 7).

Next, we evaluated if the mQTLs overlapped with 
genetic risk loci implicated in dementia, by comparing 
them with the genetic variants nominated in a recent 
ADRD meta-analysis [58]. We found that while no 
mQTLs overlapped with the genome-wide significant 
loci, 549 SNPs overlapped with genetic variants reaching 
a suggestive genome-wide significance threshold at P < 
 10–5 (Supplementary Table 8).

Given the observed overlap between the mQTLs and 
ADRD genetic risk loci, we next sought to determine 
whether the association signals at these loci (variant to 
CpG methylation levels and variant to clinical ADRD 
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status) were due to a single shared causal variant or dis-
tinct causal variants close to each other. To this end, we 
performed a co-localization analysis using the method 
described by Giambartolomei et  al. (2014) [80]. The 
results of this co-localization analysis strongly suggested 
[81] (i.e. PP3 + PP4 > 0.90, PP4 > 0.8, and PP4/PP3 > 5) 
that one genomic region, located in the HLA-DPA1 and 
HLA-DPB1 genes, included a single causal variant com-
mon to both phenotypes (i.e. ADRD status and CpG 
methylation levels). (Supplementary Table 9).

Correlation of RI‑associated DNAm in blood and brain 
samples
To better understand the role of the RI-associated DNAm 
in brain health, we sought to prioritize methylation differ-
ences with a consistent direction of change in both blood 
and brain. To this end, we analyzed the London dataset 
[82], which includes matched DNAm samples measured 
on postmortem brain and pre-mortem blood samples of 
69 subjects [56] (Supplementary Table 10). For each CpG, 
we computed Spearman rank correlations between DNA 
methylation levels in the brain and blood. We performed 
an unadjusted correlation analysis based on methylation 
beta values ( rbeta ), as well as an adjusted correlation anal-
ysis based on methylation residuals ( rresid ), obtained after 
removing effects of estimated neuron proportions for 
brain samples (or estimated blood cell-type proportions), 
batch, age at death (for brain samples) or at blood draw 
(for blood samples), and sex.

Among the 189 significant individual CpGs and CpGs 
mapped within the DMRs, 30 CpGs showed significant 
brain-to-blood associations in both the adjusted and 
unadjusted analyses ( FDRbeta < 0.05, FDRresid < 0.05 ) 
(Supplementary Table 11). Notably, all these CpGs were 
located within DMRs, with the majority (28 out of 30 
CpGs, 93.3%) showing significant positive correlations 
between brain and blood. Intriguingly, among these 30 
CpGs with significant brain-to-blood correlations, two-
thirds of them (20 CpGs, 66.6%), mapped to the TUB-
GCP5, APOC2, RUFY1, and HLA-DPA1 genes, also 
showed a significant DNAm-to-mRNA association in cis 
in blood samples (Supplementary Table 5). Furthermore, 
7 CpGs, located on the HLA-DPB1, HLA-DPA1, and 
HCG24 genes, also showed significant DNAm-to-RNA 
associations in brain samples (Supplementary Tables 10, 
12). Together, these findings highlight DNAm at these 7 
CpGs, which are predominantly located within DMRs, 
show consistent DNAm changes in both brain and blood 
and influence downstream gene expression. These char-
acteristics make them excellent candidates for biomark-
ers of brain health.

The majority of Resilience Index‑associated DNAm 
are associated with CSF AD biomarkers, AD brain 
neuropathology, clinical AD status, or aging 
in independent studies
To validate our findings, we compared the RI-associated 
CpGs and DMRs identified in our study with those from 
previous research using our recently developed MIAMI-
AD database (https://miami-ad.org/) [83]. Among the 56 
significant CpGs measured on the EPIC v2 platform, 44 
were also available on the earlier EPIC v1 or 450k plat-
forms. Our comparison showed that the majority of these 
CpGs (42 CpGs, 95.5%) overlapped with significant find-
ings from previous studies, with changes occurring in the 
expected directions (Supplementary Table 13). In previ-
ous studies, these CpGs were significantly associated 
with CSF AD biomarkers (6 CpGs), AD brain neuropa-
thology (4 CpGs), clinical AD status (7 CpGs), and aging 
(41 CpGs). The corroborated CpGs are located in pro-
moter regions of the genes MTA1, NPAS2, ZIC1, SOCS2, 
SEMA7 A, RAPGEF6, RPUSD2, SSH3, and intergenic 
regions.

Similarly, among the 133 CpGs located in DMRs, 120 
were also available on the earlier platforms. The major-
ity of these CpGs (113 CpGs, 94.2%) overlapped with sig-
nificant findings from previous studies, with a consistent 
direction of change (Supplementary Table 14). In previ-
ous studies, these CpGs were significantly associated 
with CSF AD biomarkers (14 CpGs), AD brain neuro-
pathology (20 CpGs), clinical AD status (33 CpGs), and 
aging (103 CpGs). The corroborated CpGs are located in 
genes TUBGCP5, APOC2, EME2, NME3, ITIH1, BBS4, 
HLA-DPA1, NEDD1, DNAAF5, MRPS34, HMGB3, LAX1 
and intergenic regions.

Out‑of‑sample validation demonstrated 
that Methylation‑based Resilience Scores predicted AD 
progression in an external cohort
To assess the feasibility of using RI-associated DNAm to 
predict AD progression, we developed an MRS score. To 
this end, we fitted an elastic net model with the Resilience 
Index as the outcome and significant CpGs, both indi-
vidual CpGs and CpGs located in DMRs, as predictors to 
the HBI dataset. This model selected 54 CpGs with non-
zero weights, ranging from − 2.77 to 3.61, with positive 
weights assigned to 22 CpGs and negative weights to 32 
CpGs. Notably, the directions of these weights were con-
cordant with the estimated effect sizes from robust lin-
ear models for all 54 CpGs (Supplementary Table  15). 
Moreover, these weights were significantly correlated with 
the estimated effect sizes from the robust linear models 
(Spearman correlation = 0.747, P-value = 9.16 ×  10–11). 
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Given that many DNAm sites are co-methylated, we com-
puted MRS scores using coefficients from the elastic net 
model which considers multiple CpGs jointly (Methods), 
rather than using coefficients from robust linear models, 
which were fitted to data for each CpG independently.

We conducted an out-of-sample validation of the MRS 
using an external dataset from the ADNI study, which 
included 538 subjects with available DNAm data and 
follow-up visit information (Table  1). We analyzed the 
earliest available DNAm sample from each subject. These 
subjects were followed for an average of 5.39 ± 2.94 years, 
with follow-up durations ranging from 0.44 to 11.71 
years. By their last visit, 64 (30%) CN subjects had pro-
gressed to MCI or AD, and 131 (40%) MCI subjects had 
progressed to AD.

For each of these 538 subjects, we computed MRS 
scores using DNAm data from their baseline visit and 
evaluated their association with disease progression 
(i.e., CN to MCI/AD, MCI to AD) using the Cox regres-
sion model. After adjusting for age, sex, APOE ε4 sta-
tus, years of education, baseline diagnosis, and baseline 
MMSE score, the MRS was significantly associated with 
progression to the next disease stage (estimate =- 0.035, 
P-value = 4.06 ×  10–3) (Table 5). The Kaplan–Meier curve 
(Fig.  2) demonstrates that subjects in the highest and 
lowest MRS tertiles had significantly different survival 
probabilities over time (P-value = 0.0076). In particular, 
while survival probability decreases in both groups, the 
high resilience group consistently shows a higher survival 
probability, indicating a protective effect of higher resil-
ience against AD progression.

In addition, we evaluated the predictive performance of 
the MRS separately for CN-to-MCI conversion and CN/
MCI to AD conversion. Despite reduced sample sizes, the 
MRS remained significantly associated with CN-to-MCI 
conversion (estimate = − 0.052, P-value = 0.0243) (Sup-
plementary Tables  16, Supplementary Figs.  1) and CN 
or MCI-to-AD conversion (estimate = − 0.031, P-value 
= 0.0283) after adjusting for the same covariates (Supple-
mentary Tables 17, Supplementary Figs. 2).

Sensitivity analysis
In addition to age, sex, cell type compositions, and 
APOE, smoking is also a known strong contributor to AD 
risk [84, 85]. In our primary analysis, smoking was not 
included as a covariate because it was not significantly 
associated with the Resilience Index (RI). However, con-
sidering the relatively modest sample size of our study, 
which may have contributed to the non-significant result, 
we conducted an additional analysis to assess the robust-
ness of our findings with respect to smoking.

To this end, we re-analyzed the data by including 
smoking history as an additional covariate in the model 
used to evaluate the association between DNAm and RI. 
Our results showed that the effect estimates for RI in the 
model adjusting smoking history are highly corelated 
with those in the unadjusted model from primary analy-
sis (Supplementary Fig.  3, Spearman correlation = 0.98, 
P-value < 2.2 ×  10–16). Notably, the direction of effect esti-
mates remains consistent with those in primary analysis 
for all 56 RI-associated CpGs, and in the adjusted model, 
the P-values for RI remained significant, ranging from 

Table 5 Results from Cox regression model evaluating the association between Methylation-based Resilience Score (MRS) and 
disease progression (CN to MCI/AD, MCI to AD) in 538 subjects, adjusted for age, sex, APOE ε4 status, baseline diagnosis, MMSE, and 
education. Significant association was observed for MRS (estimate = − 0.035, P-value = 0.00406), indicating higher MRS reduces risk of 
progression in AD
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0.034 to 3.0 ×  10–10 (Supplementary Table  18). These 
results demonstrated that our results are robust to the 
inclusion of smoking status, suggesting that the identified 
RI-associated CpGs are largely independent of smoking.

Discussion
Despite its significance, cognitive resilience remains a 
largely abstract concept with limited biological under-
standing. In this study, we conducted a comprehensive 
analysis to identify DNAm differences associated with 
the Resilience Index, a validated measure of six lifestyle 
factors relevant to cognitive health [28]. To ensure the 
robustness of our findings, we employed several strate-
gies. First, we used robust linear regression models which 
were designed to mitigate the impact of outlier sam-
ples. Second, we addressed genomic inflation by apply-
ing the bacon method [49], specifically developed for 
epigenome-wide association studies (EWAS). Finally, we 
adjusted for potential confounding variables in our test of 

DNAm-to-RI associations, which included age, sex, diag-
nosis, number of APOE ε4 alleles, and the first two prin-
cipal components of immune cell type proportions.

After correcting for multiple comparisons, our analy-
sis identified 19 individual CpGs and 24 DMRs signif-
icantly associated with the RI in the HBI cohort. The 
most significant DNAm changes were found in genes 
involved in endosomal trafficking and lipid metabo-
lism (UBAP1, APOC2, CLPTM1, RUFY1), cilia func-
tion (BBS4, DNAAF5), protein synthesis (EIF1 AX), 
oxidative stress (GSTCD), and neuroinflammation 
(HMGB3, HLA-DPB1). Notably, two CpGs located 
in the promoter of the APOC2 gene (cg09555818 and 
cg13119609) were among the top 20 CpGs reach-
ing genome-wide significance in a recent EWAS study 
of over 3,500 subjects from the Generation Scotland 
study that compared APOE ε4 versus ε2 carriers [86]. 
Consistent with the hypomethylation at the APOC2 
locus observed in carriers of the APOE ε4 allele, which 

Fig. 2 Kaplan–Meier curve for Alzheimer’s disease progression (CN to MCI/AD, or MCI to AD) among subjects with the highest and lowest tertiles 
of baseline MRS score in the ADNI cohort. While survival probability decreases in both groups, the high resilience group consistently shows a higher 
survival probability,suggesting a protective effect of higher resilience against AD progression. Abbreviations CN cognitively normal, MCI mild 
cognitive impairment, AD Alzheimer’s disease, MRS Methylation-based Resilience Score
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increases the risk of AD substantially, we found that 
promoter hypermethylation at APOC2 was associ-
ated with the Resilience Index. Results from our path-
way analysis also underscored the strong connection 
between cardiovascular and brain health, highlighting 
significant pathways such as Hypertrophic cardiomyo-
pathy, Dilated cardiomyopathy, and Cardiac conduc-
tion. Recent studies have increasingly recognized the 
heart-brain connection, demonstrating that even sub-
clinical cardiac damage is a significant risk factor for 
dementia [71, 87–89]. Thus, maintaining heart health is 
crucial for promoting brain health.

In comparing the significant DNAm differences with 
findings from previous studies, we found that over 85% 
of the RI-associated CpGs were also involved in aging, 
a process known to induce widespread DNAm changes 
(Supplementary Tables 13–14). The association of these 
CpGs with both aging and the RI suggests they may 
serve as biomarkers of healthy aging, reflecting not only 
the passage of time but also the preservation of brain 
function and resilience against neurodegeneration. 
Arenaza-Urquijo and Vemuri (2018) discussed two 
mechanisms by which lifestyle factors could prevent or 
delay AD: resistance, or reducing AD neuropathology, 
and resilience, or maintaining cognitive performance 
despite pathology  [1]. We found that a number of the 
significant RI-associated CpGs (10 out of 44 CpGs, 
23%) had been previously reported to be significantly 
associated with cerebrospinal fluid (CSF) AD biomark-
ers or brain AD neuropathology. This suggests that the 
DNAm at these CpGs might influence AD by reducing 
neuropathological burden. Future studies that com-
prehensively investigate the mechanisms by which RI-
associated DNAm influences AD are needed.

By identifying DNAm associated with the RI, our 
study provided an alternative approach to discover-
ing future targets and treatment strategies for AD, 
complementary to the traditional method of identi-
fying risk variants directly linked to the disease. For 
example, efforts are already underway to develop 
APOC2  mimetic peptides, aimed at restoring normal 
lipid metabolism by enhancing lipoprotein lipase (LPL) 
activity, which holds promise not only for treating 
cardiovascular diseases but also for addressing lipid-
related brain health issues [90]. Another example is the 
TUBGCP5  gene involved in microtubule organization. 
A recent study in amyloidogenic mouse models demon-
strated that microtubule-stabilizing agents reduced tau 
and Aβ levels, promoting both neuronal and cognitive 
protection [91].

A significant challenge in advancing precision medi-
cine for AD is the heterogeneity in the disease risk 
among individuals, and a key factor contributing to this 

variability is cognitive resilience [5]. Previous studies 
have shown that DNAm is associated with several life-
style factors thought to influence cognitive resilience, 
including smoking, diet, exercise, obesity, alcohol con-
sumption, and HDL cholesterol [92–95]. Using external 
samples from the ADNI study, we demonstrated that our 
MRS was significantly associated with disease progres-
sion (i.e., from CN to MCI/AD, or MCI to AD), after 
accounting for covariates age, sex, APOE ε4 status, edu-
cation, baseline diagnosis, and baseline MMSE scores. 
This provides a proof-of-concept that DNAm biomarkers 
may help identify individuals at greater risk of cognitive 
decline.

Given that sex has increasingly been recognized as a 
significant contributor to the heterogeneity in AD [44, 
96–101], we examined the sex-specificity of our find-
ings. Specifically, for each of the 56 RI-associated CpGs 
in Supplementary Table 2, we compare the DNAm-to-RI 
associations between males and females by additionally 
including an RI-by-sex interaction term into our robust 
linear model used to assess DNAm-to-RI associations 
(Model 1 in Methods). The RI-by-sex interaction tests 
whether the association between DNAm and RI differs 
between males and females. Our analysis revealed that 
none of the 56 RI-associated CpGs showed significant 
interaction, with the lowest FDR being 0.472. Moreover, 
the directions of the estimated DNAm-to-RI associations 
for males and females were consistent across all 56 CpGs 
(Supplementary Table 19).

Additionally, we evaluated the sex-specificity of our 
MRS by adding an MRS-by-sex interaction term to the 
survival model used in out-of-sample validation (Model 
2 in Methods). The MRS-by-sex interaction tests whether 
the effect of the MRS on disease progression differs 
between males and females. The interaction term was not 
significant (P-value = 0.2382), indicating no sex-specific 
differences in the predictive value of the MRS. Taken 
together, these results suggest that our findings are rela-
tively robust to sex differences. However, future studies 
with larger samples sizes are needed to validate these 
non-significant interactions and comprehensively evalu-
ate potential sex-specific effects.

This study has several limitations. First, given the rela-
tively small sample size of our discovery cohort (n = 88), 
we performed our analyses using all available samples, 
which included samples from both CN and MCI sub-
jects. To test the association between DNAm and the 
RI, we employed a robust linear model that adjusted for 
diagnosis, which ensures that our findings are applica-
ble for both diagnostic groups. To further validate these 
results, we conducted sensitivity analyses by fitting the 
robust linear models separately to CN (n = 59) and MCI 
(n = 29) subjects. We found the Spearman correlation 
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between the estimated effect sizes in the all-sample 
analysis and the CN-only analysis was 0.74 (P-value < 2.2 
×  10–16), with all estimated effect sizes showing the same 
direction of change (Supplementary Table 20). Similarly, 
the Spearman correlation between the estimated effect 
sizes in the all-sample analysis and the MCI-only analy-
sis was 0.55 (P-value < 2.2 ×  10–16), with all but two CpGs 
(cg13462576 and cg01655777) showing the same direc-
tion of change. Therefore, the estimated effect sizes of the 
DNAm-to-RI associations in the CN-only and MCI-only 
analyses were largely consistent with those from the all-
samples analysis. Future studies with larger sample sizes 
of CN and MCI subjects will be crucial for identifying 
DNAm changes uniquely associated with the RI in each 
population.

Similarly, although our dataset included a small num-
ber of samples from Black (n = 11), Asian (n = 10), and 
Hispanic (n = 9) subjects, we did not have enough sample 
size to analyze each race and ethnicity separately. Moreo-
ver, the subjects in our dataset are highly educated with 
16 years of education on average. The HBI is an ongoing 
longitudinal study with a racially and ethnically diverse 
cohort, including many participants with lower educa-
tional levels. Future large-scale, multi-ethnic DNA meth-
ylation studies incorporating diverse backgrounds are 
needed to identify DNAm biomarkers of cognitive resil-
ience in minority and underrepresented populations.

In summary, our study provided new insights into the 
epigenetics underlying cognitive resilience and highlights 
the potential of methylation biomarkers as objective 
measures of resilience. We identified a number of CpGs 
and DMRs associated with the RI, many of which are 
involved in lipid metabolism, protein synthesis, oxidative 
stress, and neuroinflammation, which are key processes 
implicated in AD and cognitive aging. These significant 
RI-associated DNA methylation differences could point 
to novel targets and treatment strategies for AD, com-
plementing traditional approaches that identify disease-
associated variants directly. As the neurodegenerative 
process underlying AD is challenging to halt or reverse, 
the importance of prevention strategies has increasingly 
been recognized. Our results suggest that MRS could 
help capture the heterogeneity in lifestyle factors linked 
to cognitive decline and offers a promising approach for 
identifying individuals more likely to maintain cognitive 
function as they age, and more importantly, those most 
likely to experience cognitive decline. Future studies with 
larger, more diverse cohorts are needed to further vali-
date these findings and explore the potential of DNAm 
biomarkers for personalized medicine in AD.
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