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Abstract

31

Aging is associated with widespread changes in genome-wide patterns of DNA methylation.

32

Thousands of CpG sites whose tissue-specific methylation levels are strongly correlated with

33

chronological age have been previously identified. However, the majority of these studies have

34

focused primarily on cosmopolitan populations living in the developed world; it is not known if

35

age-related patterns of DNA methylation at these loci are similar across a broad range of human

36

genetic and ecological diversity. We investigated genome-wide methylation patterns using

37

saliva and whole blood derived DNA from two traditionally hunting and gathering African

38

populations: the Baka of the western Central African rainforest and the ≠Khomani San of the

39

South African Kalahari Desert. We identify hundreds of CpG sites whose methylation levels are

40

significantly associated with age, thousands that are significant in a meta-analysis, and replicate

41

trends previously reported in populations of non-African descent. We confirm that an age-

42

associated site in the gene ELOVL2 shows a remarkably congruent relationship with aging in

43

humans, despite extensive genetic and environmental variation across populations. We also

44

demonstrate that genotype state at methylation quantitative trait loci (meQTLs) can affect

45

methylation trends at some known age-associated CpG sites. Our study explores the

46

relationship between CpG methylation and chronological age in populations of African hunter-

47

gatherers, who rely on different diets across diverse ecologies. While many age-related CpG

48

sites replicate across populations, we show that considering common genetic variation at

49

meQTLs further improves our ability to detect previously identified age associations.

50
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51

Introduction

52

Aging is a degenerative process that is associated with changes in many molecular, cellular and

53

physiological factors. Identifying biomarkers associated with these changes is of great interest

54

to researchers for generating accurate predictions of both chronological and biological age in

55

humans for health care and forensic applications. Recent epigenomic studies have shown that

56

patterns of DNA methylation change substantially with chronological age: genome-wide

57

methylation levels decrease with increasing age, while particular genomic regions, such as CpG

58

islands, become more methylated with increasing age1–5. An epigenome-wide study examining

59

over 475,000 CpG sites found significant age-associated changes in DNA methylation at almost

60

one-third of sites2, demonstrating the extensive and stereotypic effect of aging on the human

61

epigenome. Many previously proposed molecular biomarkers for aging, including leukocyte

62

telomere length6, aspartic acid racemization7 and expression levels of certain genes8–10, can be

63

challenging to apply for age estimation, due to lack of precision, instability over time, or difficulty

64

in measuring the quantity of interest11. In contrast, DNA methylation values measured from

65

relatively few (from three to up to a few hundred) age-associated CpG sites (a-CpGs) have

66

been shown to yield highly precise and accurate estimates of chronological age12–14. Recent

67

technological improvements, in particular the introduction of the Illumina Infinium®

68

HumanMethylation450 BeadChip array, have greatly expanded the scope of epigenetics

69

research. This platform increases the density of assayed CpG sites across the human genome

70

compared to the older Infinium® HumanMethylation27 array, leading to the discovery of several

71

novel potential aging biomarkers15.

72

Changes in DNA methylation at putative a-CpGs may be affected both by genetic and

73

environmental factors, in addition to aging itself. Extrinsic environmental factors such as

74

smoking, sun exposure and obesity, for example, are associated with specific changes in DNA

75

methylation patterns16–19. Intrinsic factors, such as genetic background, can also influence

76

patterns of epigenetic aging, including ‘baseline’ DNA methylation levels at a-CpGs and the rate

3
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77

of change with age1,20,21. Importantly, specific genetic variants occurring at different frequencies

78

or involving population specific gene-environment interactions, can lead to patterns of DNA

79

methylation that differ between human ethnic groups22–24 and drive divergent patterns of

80

epigenetic aging. Few studies have explored epigenetic aging while also explicitly considering

81

ancestry (but see Zaghlool et al.25 and Horvath et al.26), and most previous work has focused on

82

cosmopolitan populations of European origin1,2,27. However, it cannot be assumed that age-

83

related methylation trends identified in one human population will be the same in other

84

populations. Further validation of potential methylation-based aging biomarkers in cohorts of

85

diverse ethnic backgrounds is therefore essential before they can be widely applied in the fields

86

of health care, anthropology and forensics11. It is also important to note that different human cell

87

types exhibit significantly different genome-wide methylation patterns28–31, a factor that

88

potentially affects a-CpGs as well.

89

In order to explore the impact of genetic ancestry and cell specificity on epigenetic aging,

90

we methyltyped over 480,000 CpG sites in saliva and peripheral whole blood samples from 189

91

African hunter-gatherer individuals from two populations: the ≠Khomani San of the South

92

African Kalahari Desert and the Baka rainforest hunter-gatherers (also known as “pygmies”32) of

93

the western Central African rainforest. These two populations diverged relatively early from the

94

ancestors of all other modern humans, and exhibit much greater genomic variation than most

95

populations whose global methylation patterns have been assayed so far33,34. The ≠Khomani

96

San, in particular, are among the most genetically diverse populations on Earth33–35.

97

Furthermore, the ≠Khomani San and the Baka differ in terms of their nutritional subsistence,

98

ecological environs (semi-desert and equatorial rainforest, respectively) and physical activity

99

levels from the widely studied cohorts of cosmopolitan populations. By using methyltype data

100

from these populations, we are able to explore patterns of epigenetic aging across a greater

101

range of human genetic diversity and test previously published methods of estimating epigenetic

102

age in order to determine their accuracy across ethnicities and cell types.
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103
104

Materials and Methods

105

DNA and ethnographic collection

106

Saliva was collected from 56 ≠Khomani San individuals (aged 27-91, median age 62) and 36

107

Baka individuals (aged 5-59, median age 30) using Oragene DNA self-collection kits (Figure

108

S1). Blood was collected from 97 additional Baka individuals (aged 16-90, median age 44) for a

109

previous study24 (Figure S1). DNA samples from the ≠Khomani San were collected with written

110

informed consent and approval of the Human Research Ethics Committee of Stellenbosch

111

University (N11/07/210), South Africa, and Stanford University (Protocol 13829), USA.

112

≠Khomani San participant ages were verified ethnographically on a case-by-case basis. Various

113

documents, such as birth certificates, wedding certificates, school records, and other forms of

114

identification (e.g. apartheid government IDs), were cross-referenced to identify any

115

inconsistencies. Local major events, such as the creation of the Kalahari National Park in 1931,

116

were also used to verify participant’s life history stage. DNA samples from the Baka were

117

collected with informed consent from all participants and from both parents of any participants

118

under the age of 18. Ethical approval for this study was obtained from the institutional review

119

boards of Institut Pasteur, Paris, France (RBM 2008-06 and 2011-54/IRB/3). Baka participant

120

ages were determined ethnographically by Alain Froment by comparing individuals from a single

121

cohort to one another and with reference to major historical events. Baka individual ages are

122

estimated to be accurate to within five years. The Baka saliva sample was known to contain

123

nine trios and nine unrelated individuals.

124

DNA methylation data generation and data processing

125

The 97 Baka whole blood samples were previously processed and published in Fagny et al.24

126

while the 89 saliva samples were newly generated for this study. DNA extracted from all

127

samples was bisulfite converted, whole genome amplified, fragmented and hybridized to the

128

Illumina Infinium® HumanMethylation450 BeadChip. This array assays methylation levels at

5

bioRxiv preprint doi: https://doi.org/10.1101/073171; this version posted September 2, 2016. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available
under aCC-BY-NC-ND 4.0 International license.

129

over 485,000 CpG sites throughout the genome through allele-specific single-base extension of

130

the target probe with a fluorescent label. The saliva samples from both populations were

131

methyltyped together in two batches, and the blood samples in six batches. Methylation data

132

from Illumina methylation arrays often exhibits substantial batch effects; that is, samples from

133

one run may vary systematically from the same samples on a different run due to technical

134

artefacts. In order to account for this, we included one ≠Khomani San individual from the saliva

135

dataset on both runs. The overall correlation between beta values from the first and second runs

136

was over 0.99, indicating that batch effects are relatively minimal in our saliva dataset.

137

Technical replicates were also included in the whole blood methyltyping, and the overall

138

correlations of beta values between repeat individuals were all greater than 0.98. The intensity

139

of fluorescence was used to calculate methylation levels. Probes with a detection p-value above

140

0.01, those that were found to map to multiple genomic regions or to the sex chromosomes, or

141

to contain known SNPs were removed, leaving 334,079 sites in the saliva dataset and 364,753

142

sites in the blood dataset for subsequent analysis. Probe SNPs were identified using the 450k

143

array annotation file published by Price et al.36 and by cross-referencing the genomic

144

coordinates of our samples’ genotype data and the methyltyping probes using bedtools. These

145

values were background and colour-corrected, and technical differences between Type I and

146

Type II probes were corrected by performing quantile and subset-quantile within-array

147

normalization (SWAN) using the lumi and minfi R packages. For a discussion of the various

148

technical issues inherent in the 450k array design, see Dedeurwaerder, S. et al.37 and

149

Makismovic, J. et al.38. One Baka individual had abnormally low bisulfite controls, which made

150

methylation values for that sample unreliable. We conducted principal component analysis

151

(PCA) separately on the saliva and blood methylation datasets using the prcomp function in R.

152

A biplot of the first two principal components revealed that the previously flagged Baka

153

individual and six ≠Khomani San individuals were extreme outliers (Figure S2), and these

154

samples were excluded from further analyses. All analyses were performed using continuous

6

bioRxiv preprint doi: https://doi.org/10.1101/073171; this version posted September 2, 2016. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available
under aCC-BY-NC-ND 4.0 International license.

155

beta values for each CpG site, which range from 0 (indicating that the site is completely

156

unmethylated) to 1 (completely methylated).

157

Single nucleotide polymorphism (SNP) genotype data

158

The DNA samples were genotyped on either the Illumina OmniExpress, OmniOne or 550k SNP

159

array24,35,39,40. All Baka individuals and 48 of the ≠Khomani San individuals were successfully

160

genotyped. OmniExpress data from the Baka blood samples was imputed using the results of

161

the OmniOne genotyping. The datasets were filtered using a genotyping threshold of 0.95 and a

162

minor allele frequency threshold of 0.01.

163

Ancestry inference

164

We intersected the genotype data generated for the Baka and ≠Khomani San with genotype

165

data from African and European populations (specifically the Biaka pygmies, Mbuti pygmies,

166

Namibian San, southern Bantu-speakers, Kenyan Bantu, Yoruba, French and Italian) generated

167

by the Human Genome Diversity Project (HGDP) on the Illumina HumanHap array41. We

168

performed an unsupervised clustering analysis using ADMIXTURE42 on the resulting dataset of

169

254,080 SNPs from 319 individuals in order to determine the global ancestry proportions. We

170

specifically estimated the genetic contributions from Bantu-speaking agriculturalists and

171

Europeans to the hunter-gatherer populations. Prior work has demonstrated an average 6.5% of

172

ancestry from neighbouring Bantu-speakers in the Baka population40, and an average of 11%

173

for each of Bantu and European ancestry in the ≠Khomani San35.

174

Saliva epigenome-wide association study (EWAS)

175

We used the R package CpGassoc to conduct an epigenome-wide association test (EWAS) for

176

the Baka saliva data. Family identity as a fixed effect, the first two methylation PCs, and

177

percentage of Bantu ancestry were used as covariates in testing for association with age. We

178

used the program EMMAX with the dosage option to conduct the EWAS on the ≠Khomani San

179

methylation data. After removing the outlier individuals, we generated a Balding-Nichols kinship

180

matrix using genotype data from the remaining 44 individuals, which was included in the model

7
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181

to correct for relatedness within the population. For the ≠Khomani San analysis, proportions of

182

European and Bantu ancestry, methyltyping batch and the first PC were used as covariates.

183

The combination of ancestry and PC covariates used in the EWAS was selected in order to

184

minimize the genomic inflation factor (Figure S3). We note that these low genomic inflation

185

factors were obtained by including PCs that were moderately correlated with age as covariates

186

(Figure S4), which may decrease our power to detect a-CpGs. By minimizing the genomic

187

inflation factor in this way, our EWAS are likely to be overly conservative, especially given that a

188

substantial fraction of the 450k array becomes differentially methylated with age1,2,43. CpGassoc

189

was used on the Baka saliva dataset because it allowed family identity to be included as a fixed

190

covariate, which produced the lowest overall λ. This may be due to the fact that the kinship

191

matrix does not account as effectively for the presence of many first-degree relatives in this

192

dataset. We applied a Benjamini-Hochberg corrected threshold to both EWAS to identify CpG

193

sites whose methylation levels vary significantly with age at a FDR of 5%.

194

Blood EWAS

195

We performed a correction for cell-type composition using the method described by Houseman

196

et al. implemented in the minfi package44. This compares the observed methylation data from

197

the Baka with reference profiles of each cell type. Proportions of these cell types can vary

198

significantly with age, and, because each cell type has a distinct methylation profile, it is

199

important to correct for heterogeneity in order to avoid spurious correlations between

200

methylation and age in whole blood45. We used EMMAX with the dosage option to conduct the

201

analysis on the Baka whole blood methylation data. Genotype data was used to generate a

202

Nichols-Balding kinship matrix of all the individuals, which was included in the model to correct

203

for unknown relatedness within the population. The proportion of Bantu ancestry, methyltyping

204

batch, first three PCs, as well as the estimated proportions of five blood cell types (CD8 T

205

lymphocytes, CD4 T lymphocytes, B lymphocytes, natural killer lymphocytes and monocytes)

206

were used as covariates. The combination of ancestry and PC covariates used in the EWAS

8
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207

were selected in order to minimize the genomic inflation factor (Figure S3). We applied a

208

Benjamini-Hochberg corrected threshold to the Baka blood EWAS to identify CpG sites whose

209

methylation levels vary significantly with age at a FDR of 5%.

210

Meta-analysis

211

We conducted a meta-analysis by combining p-values from both ≠Khomani San and Baka

212

saliva EWAS using Fisher’s method46. We applied a Benjamini-Hochberg corrected threshold to

213

the Fisher’s p-values to identify CpG sites whose methylation levels vary significantly with age

214

at a FDR of 5%.

215

Hyper- and hypomethylation with age

216

For every significant CpG site identified in both the saliva EWAS, we fit a linear model of

217

methylation level with age using the R function lm and calculated the slope to determine if it

218

exhibited a hypermethylation (positive slope) or hypomethylation (negative slope) trend with

219

age. We also calculated the residual standard error, multiple r2 and AIC value (using the R

220

function AIC) of the linear model. We then fit a new model after first log transforming the age,

221

and recalculated the residual standard error, multiple r2 and AIC value. For every site, we then

222

calculated the difference in the residual standard error, multiple r2 and AIC value between the

223

linear model and the log-linear model. For all three of these measures, we performed a t-test to

224

compare sites that become hypermethylated with age to those that become hypomethylated

225

with age. Note that, under AIC, models are only considered a significantly better fit if the

226

difference in AIC values is greater than 247. However, as our goal was to examine general

227

trends in the characteristics of hypermethylated and hypomethylated sites, we included the

228

entire distribution of AIC value differences in our analysis.

229

Replication of previous studies

230

We compiled a comprehensive list of 163,170 significant a-CpGs published from 17 studies of

231

methylation and aging conducted in any tissue type1–3,13–15,25,27,48–56. We compared the

232

significant a-CpGs we identified in our three EWAS and the meta-analysis to this list and found

9
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233

107 a-CpGs that were uniquely identified in our study. For the dataset in which a given novel a-

234

CpG site was identified, we fit a linear model of methylation level and age using the R function

235

lm to determine the slope of the relationship and therefore the direction of the trend with age

236

(hyper- or hypomethylated). We also calculated the Pearson’s correlation coefficient between

237

methylation and age using the R function corr.

238

Age prediction

239

We applied a previously published multi-tissue epigenetic age calculator to estimate the

240

chronological ages of our sampled individuals12. The calculator accepts methylation array data

241

as input and outputs a DNA methylation-based age estimate. We used datasets that were not

242

filtered for any probes because the normalization step of the algorithm would not run with a

243

large quantity of missing data. We also tested 450k methylation data from a total of 60

244

European individuals that were freely available from the Gene Expression Omnibus data

245

repository (GSE308703 and GSE4906543). We plotted the estimated age against the individual’s

246

self-reported age and compared the line of best fit to the data with line x=y, which represents

247

perfect prediction.

248

Methylation quantitative trait loci (meQTL) scan

249

We identified cis-meQTLs in the Baka blood samples by conducting linear regressions in R of

250

the methylation value at each of the 346,753 CpG sites against the genotype dosage of all

251

SNPs that lay within 200kb of that site, and had a minor allele frequency of at least 10% in the

252

sample. 11,559 significant cis-meQTL associations were identified by applying a Benjamini-

253

Hochberg correction to the p-values at a FDR of 1%, as determined by 100 permutations.

254

Conditional analysis

255

We performed a conditional association analysis for each a-CpG with a significant meQTL by

256

including the genotype state of the associated SNP as an additional covariate in the model.

257

Because EMMAX cannot handle missing values, and because some genotype information was

258

missing, we repeated the ‘baseline’ EWAS for the Baka whole blood data and performed the

10
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259

conditional analysis using CpGassoc correcting for all the same covariates, but excluding the

260

Balding-Nichols kinship matrix. We also performed a permutation analysis by pairing each CpG

261

site with a randomly chosen meQTL SNP and repeating the conditional EWAS, where the

262

genotype state of the ‘false meQTL’ was included as a covariate instead of the ‘true’ one. We

263

permuted CpG-SNP associations a total of 100 times to build a distribution of effects of a

264

random meQTL on general age-association trends.

265
266

Results

267

Principal component analysis and ADMIXTURE

268

We performed principal component analyses (PCA) to determine if there were factors other than

269

age driving systematic differences in DNA methylation profiles. PCA were conducted on the

270

saliva and blood datasets separately, since it is expected that these tissues will differ

271

substantially in their methylation profiles29. Individuals clustered together by batch identity in

272

biplots of the first and second PCs, demonstrating that batch effects were the strongest drivers

273

of DNA methylation profile differences, as expected57, but population identity (for the saliva

274

dataset) and sex did not appear to drive clustering in the first two PCs (Figure S2). Six

275

≠Khomani San and one Baka individual were removed from subsequent analyses because their

276

methylation profiles were extreme outliers. We found a significant correlation for some PCs with

277

age, in particular saliva PC 1 with ≠Khomani San age and blood PCs 1 and 2 with Baka age

278

(Figure S4).

279

Both the Baka and ≠Khomani San have experienced recent gene flow, to differing

280

extents, from Bantu-speaking agriculturalists and additionally, for the ≠Khomani San, with

281

Europeans40,58–60. Since DNA methylation patterns vary substantially across human populations,

282

it is possible that ancestral makeup could also affect patterns of epigenetic aging in admixed

283

individuals22,23. To account for this, we inferred global ancestry proportions using ADMIXTURE

11
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284

for a total of 181 individuals for whom we had SNP genotype array data. Based on previous

285

studies of African genetics, we expect distinct ancestral components corresponding to Pygmy,

286

San, European and Bantu-speaking populations to be present to some degree in our

287

dataset35,39,40. Therefore, we assumed k=4 ancestries when running the ADMIXTURE algorithm

288

(Figure S5). Both the ≠Khomani San and the Baka populations remain relatively endogamous,

289

and coupled with field sampling bias, members of extended families are often collected

290

together. Therefore, we also used the genotype data to generate Balding-Nichols61 kinship

291

matrices for the association analyses of the ≠Khomani San saliva and the Baka blood datasets

292

to control for the degree of relatedness between individuals in subsequent analyses. Genetic

293

relationship matrices have been shown to appropriately control for stratification in association

294

studies62.

295

Epigenome-wide association studies

296

We conducted an epigenome-wide association study (EWAS) of DNA methylation level and

297

chronological age in each of the three datasets: the ≠Khomani San saliva, the Baka saliva, and

298

the Baka blood. We identified 399 CpG sites in the Baka saliva, 276 sites in the ≠Khomani San

299

saliva and 306 sites in the Baka blood that were significantly associated with age at a false

300

discovery rate (FDR) of 5% (Figure 1, Tables S2-4). 67 of these sites replicated independently

301

in both saliva EWAS and 26 in all three EWAS (Figure 2).

302

Meta-analysis of saliva EWAS

303

In order to improve our power to detect significant age associations in hunter-gatherer saliva,

304

we performed a meta-analysis by calculating Fisher’s p-values from the p-values of both saliva

305

EWAS. We identified 2060 CpG sites that were significantly associated with age at a FDR of 5%

306

in the meta-analysis of our saliva studies. Of these, 1500 (72.8%) show a hypermethylation

307

trend (increasing beta value) with age and 560 (27.2%) show a hypomethylation trend

308

(decreasing beta value) with age (Table S5). The location of each of these a-CpG sites relative

309

to specific genes, genic features and CpG islands was determined from the 450k annotation file

12
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310

available from Illumina. Among these a-CpGs, 1250 (60.7%) fall in CpG islands, 80 in island

311

shelves (3.9%; 50 ‘North’ and 30 ‘South’), 413 in island shores (20.0%; 239 ‘North’ and 174

312

‘South’) and 317 (15.4%) in ‘open sea’. When considering all CpG sites assayed in the saliva

313

EWAS, 33.2% of them fall in CpG islands, 9.0% in shelves, 23.6% in shores and 34.2% in open

314

sea. All but 36 of the island sites (2.9%) showed a hypermethylation trend with age, while 73

315

‘open sea’ sites (23.0%) showed a hypomethylation trend with age, which is broadly in line with

316

previously reported trends (Figure 3A)2,3,31. 1536 of our a-CpGs were annotated to specific

317

genes. Among these, we counted the number of sites in each of the following six genic regions:

318

1st exon, 3’ untranslated region (3’ UTR), 5’ untranslated region (5’ UTR), gene body, within

319

1,500 base pairs of the transcriptional start site (TSS) and within 200 base pairs of the TSS

320

(Figure 3B).

321

We noted that several a-CpGs exhibited a log-linear change in methylation level with

322

age, and particularly in children, as previously reported by Alisch et al.48. Interestingly, we

323

observed this pattern more frequently in a-CpGs that become hypomethylated with age. We

324

systematically tested this observation by fitting a linear model to the beta values at each of

325

these 2060 sites for both direct chronological age and a log-transformation thereof, and

326

calculated the residual standard error and the multiple r2 values for both models. We found that

327

these two classes of sites showed significantly different distributions of residual standard error

328

(p = 1.38 x 10-36) and multiple r2 (p = 6.14 x 10-86). We also calculated the difference in Akaike

329

Information Criterion (AIC) values between the linear and log-linear models of methylation level

330

and age47. We then performed a t-test on the difference in AIC values for linear and log-linear

331

models and found, again, that sites that become hypermethylated with age are significantly

332

different from sites that become hypomethylated (p = 1.95 x 10-76). All three methods yielded the

333

same general trend: hypomethylated sites tended to be better fit by log-linear models, as

334

demonstrated by their generally higher r2 values, lower residual standard errors and lower AIC
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335

values when fit by a log-linear rather than a strictly linear model, while hypermethylated sites

336

tended to be better fit by linear models (Figure 4).

337

Replication of previous studies

338

We sought to determine the independent replication rate of significant a-CpGs that we identified

339

by searching the literature for studies that quantitatively investigate the relationship between

340

CpG methylation and chronological age. We included 17 studies conducted on either 27k or

341

450k array technologies in any human tissue1–3,13–15,25,27,48–56. We found that over 95% of the a-

342

CpGs sites we identified in our analyses were reported in one of these previous studies.

343

However, we also found 107 a-CpG sites that were uniquely identified in our study of African

344

hunter-gatherer groups. For each of these 107 sites, we calculated the Pearson’s correlation

345

coefficient between beta value and chronological age and also fit a linear model to determine

346

the slope and trend of the association (Table S1). In order to identify robust aging markers from

347

among these novel a-CpGs, we focused on sites that either exhibited a high Pearson’s

348

correlation value (absolute value over 0.6) or a high slope (absolute value over 0.001 beta value

349

per year); 19 of these 107 a-CpGs met at least one of these two criteria (Figure 5).

350

The site cg16867657, annotated to the gene ELOVL2, is significantly associated with

351

chronological age in all three datasets, across populations and tissues. This site was first

352

identified as a potential biomarker for age by Garagnani et al.15 and replicated in subsequent

353

epigenetic aging studies of additional cohorts of European, Hispanic and Arab descent1,2,25,27.

354

By observing a signal of age association independently in three African cohorts following

355

different lifestyles, and using DNA sourced from two different tissue types, we further validate

356

the use of cg16867657 methylation as a true biological marker for age across the full spectrum

357

of human diversity. The pattern of age-related methylation change is also remarkably congruent

358

across blood and saliva15,63.
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359

In the saliva datasets, we observed a significant age-associated hypomethylation signal

360

in the transcriptional start site of the gene D-aspartate oxidase (DDO) at cg02872426 in both

361

African populations (Figure 2B). This site was previously identified in a study of whole blood of

362

Arab individuals25 and other CpG sites annotated to DDO have also been previously associated

363

with age25,53,64. We identified additional sites (cg00804078, cg06413398 and cg07164639) in the

364

transcriptional start site of the gene DDO, which exhibit hypomethylation with age at a relaxed

365

significance threshold of p < 0.001 in all three datasets (Figure S6).

366

Testing an epigenetic aging predictor

367

DNA methylation can be affected by genetic variation, as well as environmental and lifestyle

368

variation during development. We therefore asked how accurately existing age prediction

369

models, developed primarily on methylation data derived from individuals of European ancestry,

370

would perform on our African datasets. We applied a multi-tissue age predictor developed by

371

Horvath12 to all three datasets, hereafter referred to as the “Horvath model” (Figure 6A). This

372

model uses a linear combination of methylation information from 353 sites, termed ‘clock-CpGs’,

373

to produce an estimate of age. The DNA methylation age estimates for the Baka saliva were

374

very accurate, with a median absolute difference of 3.90 years between the true and estimated

375

ages (r = 0.94), and the estimates for the ≠Khomani San saliva dataset had an overall greater

376

median absolute difference of 6.01 years (r = 0.90) (Figure 6B), typically underestimating the

377

chronological age. In order to investigate whether the reduction in accuracy was specific to the

378

≠Khomani San, we applied the age predictor to European methylation datasets from blood

379

(Gene Expression Omnibus datasets GSE308703 and GSE4906443). We observed a similar

380

underestimation of age in older Europeans, suggesting that underestimation in adults older than

381

50 years is not indicative of a ≠Khomani San-specific slowdown in the epigenetic aging rate

382

(Figure 6C).
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383

Finally, we observed a systematic overestimation of age from the DNA methylation

384

profiles of Baka blood (median absolute difference of 13.06 years, r = 0.81) (Figure 6D). It is

385

important to note that the correlation between chronological and estimated age remains high,

386

and the discrepancy between the two may be indicative of technical artefacts or batch effects in

387

the application of the arrays. However, it is not possible to rule out a biological driver that

388

causes Baka blood to exhibit increased epigenetic age under the Horvath model (see

389

Discussion).

390

Methylation quantitative trait loci in age-related CpG sites

391

Given the observed differences in accuracy of age estimation in different human populations,

392

we sought to further understand why age-related epigenetic patterns might not replicate across

393

study cohorts. Even at lower significance thresholds, success in reconciling reported epigenetic

394

signals of aging in different studies has been mixed1. Indeed, several age-related CpG sites that

395

have been reported previously did not replicate in our populations. There are many potential

396

reasons for this, including our smaller sample sizes, and the comparison of different tissue types

397

which may exhibit tissue-specific patterns of methylation with age. However, it is also possible

398

that population-specific genetic variants or different allele frequencies may drive these

399

differences.

400

In order to explore this, we sought to determine if methylation quantitative trait loci

401

(meQTLs) play a role in these disparate aging patterns. MeQTLs are genetic variants that are

402

statistically associated with methylation levels at distant CpG sites65. We scanned all 346,753

403

CpG sites in the Baka blood dataset for cis-meQTL associations, where a SNP was considered

404

in cis if it was within 200kb of the CpG site. We fit a linear model of methylation by genotype

405

state using chronological age, sex and blood cell type proportions as covariates. We identified

406

11,559 meQTLs at a FDR of 1% in the Baka blood dataset. We also compiled a list of 18,229 a-

407

CpGs identified in previous studies of blood methylation1,3,14,15,25,27,48–52,54–56. Interestingly, there

408

is an overlap of 901 CpG sites that were identified as being associated with age in Europeans
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and are also associated with a specific cis genetic variant in the Baka. This is more overlap than

410

would be expected by chance, as determined by randomly sampling and intersecting 18,229

411

CpG sites with the 11,559 significant meQTLs; after 10,000 simulations, the maximum overlap

412

obtained under this null scenario was 662 (p < 0.001). Only eight of these 901 sites were among

413

the 306 significant a-CpGs identified in our EWAS of Baka blood methylation.

414

We performed a conditional analysis to determine if incorporating genotype information

415

recovers significant age association in the Baka at these CpG sites. For each of these 901 CpG

416

sites, we included the genotype state at the associated meQTL as an additional covariate and

417

repeated the association analysis. We also permuted all the CpG-SNP associations 100 times

418

by assigning each of the 901 CpG sites a SNP selected at random from among the 11,559

419

identified meQTLs. In the true conditional analysis, we observed an overall upward shift in the

420

distribution of –log 10 p-values when meQTL-specific genotype data was included (Figure 7A),

421

indicating that incorporation of the meQTL genotype generally improves the age-methylation

422

association for these CpG sites (mean increase in –log 10 p-value after conditional analysis of

423

0.15); this increase was not observed in our permutation analysis when a random SNP

424

covariate was included (mean difference in –log 10 p-value of -0.008) (Figure 7B). More

425

specifically, 39 of the 901 CpGs (4.3%) that were not significantly associated with age at a FDR

426

of 5% in the original EWAS recovered significance when true meQTL genotype was included,

427

while this occurred only 0.17% of the time in the permutation analysis. We observe that a small

428

number (15 out of 901, 1.7%) of CpGs decrease in significance by over one order of magnitude,

429

which may be due to meQTL genotypes that are spuriously correlated with age in the discovery

430

EWAS. We also observe that 6.1% of CpGs increase in significance by over one order of

431

magnitude under the conditional analysis, while only 0.023% of CpGs increase by as much in

432

the permutation analysis. Furthermore nine CpG sites (1%) become more significantly

433

associated with age by over two orders of magnitude under the conditional analysis (Figure 8).

434

These results suggest that, for some CpG sites, the genotype state of the true meQTL provides
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435

valuable information for characterizing the relationship between methylation level and

436

chronological age.

437
438

Discussion

439

In this study, we investigated patterns of aging in the epigenome across an extended range of

440

human genetic diversity by characterizing the DNA methylation profiles of saliva and whole

441

blood tissues from two modern African hunter-gatherer populations using a large,

442

comprehensive methylation array, which assays over 485,000 CpG sites across the genome.

443

We replicate several of the strongest signals of age-related DNA methylation changes reported

444

in previous studies, including cg16867657 in the gene ELOVL2, which supports the utility of this

445

gene as a predictive marker of chronological aging in all humans as was previously suggested

446

by Garagnani et al.15. We further demonstrate that this a-CpG replicates strongly in saliva,

447

identifying it independently in both our hunter-gatherer datasets. ELOVL2 is part of a family of

448

enzymes that are responsible for elongating polyunsaturated fatty acids, whose levels have

449

been shown to decline with chronological age in human skin66. It is possible that the continuous

450

life-long increase in methylation of cg16867657 and the ELOVL2 promoter in general

451

contributes to this trend. It is important to note that this aging biomarker has not been identified

452

in skin tissue itself, but rather in whole blood and white blood cells2,19,25,43.

453

We identified a strong hypomethylation trend with age in the gene D-aspartate oxidase

454

(DDO), particularly in saliva tissue. The most significant DDO-annotated CpG site from our

455

study, cg02872426, was found to be significantly age-related in a previous study of an Arab

456

population25. The enzyme encoded by DDO deaminates D-aspartic acid, the enantiomer of L-

457

aspartic acid which is the optical form naturally synthesized by biological organisms67,68. Non-

458

enzymatic accumulation of D-aspartic acid is age dependant in living tissues, and is so

459

pronounced in tissues with low turnover that it has been proposed as a biomarker for aging7.

460

The role of DDO is to eliminate this abnormal version of aspartic acid in proteins and counteract
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the racemization process and, interestingly, its levels increase in the liver and kidneys with

462

age67. The hypomethylation trend we observe in the DDO promoter is compatible with these

463

observations and previous age-related methylation studies, and suggests a potential

464

mechanism by which DDO expression levels are regulated throughout an organism’s lifetime.

465

Our observations further suggest that the hypomethylation of DDO, which may be related to its

466

continued upregulation throughout life, is protective against the effects of age-accumulated

467

protein damage and facilitates ‘healthy’ aging.

468

A parallel can be drawn between methylation at DDO and telomerase reverse

469

transcriptase (TERT), their transcriptional regulation, and their function as biomarkers of aging.

470

Shortened telomere length in lymphocytes, a commonly used indicator of biological age, is

471

associated with decreased telomerase levels6. Almén et al. observe hypermethylation of TERT

472

with age, and speculate that this epigenetic trend is what ultimately underlies the observed trend

473

of telomere shortening with age18. Age-related changes in DDO methylation may influence gene

474

transcription, but unlike the relationship with TERT methylation and telomere shortening,

475

increased levels of DDO in older individuals would counteract pathogenic accumulation of

476

abnormal protein. It is tempting to speculate that modulation of DDO methylation throughout life

477

is, overall, protective against the detrimental effects of biological aging.

478

We also identify 107 significant a-CpGs across three EWAS and a meta-analysis that

479

have not, to our knowledge, been reported in any previous study of DNA methylation and aging.

480

19 of these have high correlation coefficients or strong regression between methylation level

481

and age. Of these, all but cg01519742 are absent from the 27k array and therefore could not be

482

identified in studies using only that technology. However, there exist other difficulties in

483

replicating our results between populations and tissue types, even within our own study. For

484

example, the site cg26559209 exhibits a clear hypomethylation trend in the saliva, but a slight

485

hypermethylation trend in whole blood. This may indicate a tissue-specific pattern of epigenetic

486

aging that is further complicated by the cell-type heterogeneity of whole blood, which, despite
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bioinformatic correction algorithms, could introduce noise to the aging signal at certain a-CpGs.

488

We also note that many of our novel a-CpGs change only slightly in methylation level over time.

489

The aging signal at these sites may be too weak to be consistently perceptible in other studies,

490

or they may be false positives in our study.

491

We replicate general trends in the genomic features of a-CpGs, such as the differences

492

in CpG island context of hypermethylated and hypomethylated classes of sites. Previous work

493

on methylation and aging in pediatric cohorts found dramatic changes in methylation patterns

494

occurring during childhood, and that most a-CpGs, both hyper- and hypomethylated, are better

495

modelled by a log-linear relationship between beta value and age48. In our study, the

496

methyltyping of Baka children allowed us to observe a similar pattern. However, we also found

497

that hypomethylated a-CpGs were significantly better fit by log-linear models than were

498

hypermethylated a-CpGs. Taken together, this suggests that hyper- and hypomethylated a-

499

CpGs in general are affected differently by aging, and that different biological mechanisms may

500

underlie these epigenetic modifications. It has been generally accepted that the substantial

501

changes in DNA methylation that occur over an organism’s lifetime are mainly a signal of

502

dysregulation of the epigenetic machinery, which ultimately underlies an individual’s age-

503

elevated risk for cellular damage and cancer4,69. In particular, the pervasive hypomethylation

504

with age of CpG sites that lie outside of CpG islands has been spotlighted as an indication of

505

this biological breakdown. Lifestyle and environmental factors can also affect the trajectory of

506

changes in genomic methylation, which can potentially compound or mitigate this risk9,18,19,70.

507

However, there are also certain regions of the genome where epigenetic changes appear to be

508

tightly regulated throughout life despite environmental and stochastic variation, and we

509

speculate that these may be protective against the detrimental effects of aging or otherwise

510

adaptive. We hypothesize that DDO is an example of a gene that is regulated in such a manner

511

throughout an individual’s life. This is in agreement with the recently proposed conceptual

512

distinction made by Jones et al. between random ‘epigenetic drift’ that may occur due to loss of
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513

regulatory control with age and the ‘epigenetic clock’ that is much more precisely correlated with

514

age in humans5.

515

We tested the Horvath model of epigenetic age-prediction built on 353 ‘clock-CpGs’,

516

which were selected only from sites present on both the 27k and 450k arrays, and was trained

517

primarily on European tissue methylation datasets12. This model was also tested on

518

chimpanzees in an effort to demonstrate its wide applicability to all human groups, and was

519

found to produce accurate estimates in this closely related species, particularly from whole

520

blood where the correlation between chronological and predicted age was 0.9 and the median

521

error was 1.4 years12. However, this type of validation does not account for the possibility of

522

variation in methylation profiles among diverse human populations, potentially resulting from

523

divergent selection on meQTLs or unique environmental or nutritional factors.

524

We found that the Horvath model does not predict age accurately in our Baka whole

525

blood methylation dataset, and yields an inflated estimate of epigenetic age. We rely on self-

526

reported age in this study, and although it can often be challenging to determine true

527

chronological age in the field, this does not appear to be a driving cause of the inflation

528

observed in Baka blood, as saliva-derived DNA methylation profiles from the same population

529

yield highly accurate estimates of age. As these arrays were run in several batches and

530

separately from our saliva datasets, we speculated that this result might be due to a technical

531

artefact. We explored additional pre-processing pipelines and ComBat batch correction, but

532

could not eliminate the overestimation effect (results not shown). An additional possibility is that

533

the methylation profiles of Baka whole blood are truly epigenetically ‘older’ than European whole

534

blood and the increase in predicted age is biologically meaningful. A recent study of this model

535

found that ancestry-specific differences in epigenetic aging indeed exist and can explain

536

differential mortality rates between ethnic groups26. Therefore the population and tissue-specific

537

difference that we observe in the Baka could be driven by genetic background or environmental

538

factors, such as stress, that affect methylation levels at the 353 ‘clock-CpGs’. We performed a
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539

sensitivity analysis of the Horvath model to determine if specific CpG sites were

540

disproportionately contributing to the observed overestimation, but did not find any significant

541

results (results not shown). Ultimately, we were unable to determine if systematic over-inflation

542

of predicted ages from our whole blood dataset was due to batch effects, a small variation in the

543

pipelines we used compared to the original study, or a real biological effect.

544

We found that methylation levels at 901 previously reported a-CpGs are also

545

significantly associated with the genotype state at a cis genetic variant. Only eight of these are

546

also significant a-CpGs in our study, and we demonstrate that variation at the associated

547

meQTL is a significant explanatory factor for this lack of replication. By performing a conditional

548

analysis, which accounts for the genotype state of the known meQTL, we were able to recover

549

significant age association in 39 of these 901 CpG sites. For nine CpG sites, including the

550

genotype state at the known meQTL increases the statistical age association by over two orders

551

of magnitude (Figure 8). These sites may prove to be excellent candidates for aging biomarkers

552

or components of an epigenetic age predictor when used in tandem with SNP data, as many of

553

them exhibit large changes in beta value over the measured age range and are strongly

554

correlated with age. The results from our conditional analysis also offer an explanation for the

555

difficulty in replicating a-CpGs from one study to another, namely that differences in the degree

556

of genetic variation at meQTLs confounds the consistent identification of a-CpGs across

557

cohorts, both between and within human populations. Identifying genetic variants that affect a-

558

CpGs is a challenge because the noise introduced by this genetic variability makes it difficult to

559

statistically identify signals of age-related changes in methylation. The approach we use here,

560

which identifies meQTLs at all assayed CpG sites in one cohort and finds overlap with a-CpGs

561

identified in a separate cohort, makes it possible to identify these interactions and recover

562

significant a-CpG association signals.

563
564

In this study of African hunter-gatherer DNA methylation patterns, we demonstrate that
some CpG methylation changes with age are strongly conserved at specific a-CpGs across
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565

genetically diverse human populations and across tissues, and can be confirmed as reliable and

566

universal biomarkers for human aging. We identify 107 novel a-CpGs, which may be useful

567

aging biomarkers. We also observe that genetic variation in a population, particularly at

568

meQTLs, can result in variation in age-related differential DNA methylation. This variation, if

569

uncharacterized or unaccounted for in epigenetic age prediction algorithms, can lead to poor

570

estimates of age in different cohorts and populations. On the other hand, this variation can also

571

be leveraged to improve the precision of age prediction. We conclude that DNA methylation

572

patterns are a promising suite of molecular biomarkers for age across diverse human groups,

573

and that further characterizing these patterns in genetically and ecologically diverse cohorts will

574

facilitate the development of more precise and accurate epigenetic age predictors in the future.
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Figures

Figure 1 - Manhattan plot of epigenome wide association study (EWAS) for age
associated CpGs
The –log10 p-values from the EWAS are plotted against the assayed autosomal genomic
CpGs for A) the Baka saliva dataset, B) the ≠Khomani San saliva dataset and C) the Baka
blood dataset. All samples were assayed on the Illumina Infinium® HumanMethylation450
BeadChips. The horizontal dashed line in each panel represents the Benjamini-Hochbergcorrected threshold for significance (FDR of 5%) for each EWAS.
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Figure 2 - Scatterplots of beta value versus age for a-CpGs
Methylation levels as beta values, which are continuous from 0 (indicating that the site is
completely unmethylated) and 1 (indicating that the site is completely methylated), are
plotted against age for three of the age-associated CpG sites (a-CpGs) that were identified
as significant in A) all three epigenome-wide association studies (EWAS), B) only the two
saliva EWAS, and C) only the Baka blood EWAS. Beta values plotted here are not adjusted
for the covariates included in each EWAS.
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Figure 3 - Locations of a-CpGs according to genic features and hyper/hypomethylation trend
Bar plots indicate counts of a-CpGs and their physical positions relative to A) CpG islands B)
genes. In cases where a single CpG site was annotated to multiple gene regions, each
region was counted separately. Annotations were provided in the probe information file from
Illumina. 76% of a-CpGs become hypermethylated (increase in beta value) with age, and the
majority of these lie in CpG islands. By contrast, none of the a-CpGs that become
hypomethylated (decrease in beta value) with age lie in CpG islands
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Figure 4 - Evaluating the fit of log-linear vs. linear models of methylation level and age
to hyper- and hypomethylated a-CpGs
Each of the 67 significant a-CpGs that were identified in both saliva EWAS were fit with both
a linear and log-linear model of age with methylation level. The distribution of the differences
in A) residual standard error B) correlation coefficient and C) AIC values between the linear
model and the log-linear model are shown. The means of the distributions are indicated by
dashed vertical lines of the same colour. The linear model is a better fit for the relationship
between methylation and age when differences in residual standard error are large and
positive and when differences in correlation coefficient and AIC value are large and negative.
By all three measures, a-CpGs that hypermethylate with age (orange) are better fit by a
linear model and a-CpGs that hypomethylate (green) by a log-linear model.
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Figure 5 - Scatterplots of methylation level and age for novel age-associated CpG
sites
Methylation (beta) value is plotted against age for the 19 novel a-CpGs exhibit either an
absolute Pearson correlation coefficient of 0.6 or higher, or an absolute slope of 0.001 or
higher. Novel a-CpGs were identified if they exceeded the Benjamini-Hochberg-corrected
threshold for significance (FDR of 5%) in at least one of the three EWAS or the metaanalysis conducted in this study. Beta values plotted here are not adjusted for the covariates
included in each EWAS. Points are greyed out if the CpG site was not identified as
significantly associated with age in that dataset.

bioRxiv preprint doi: https://doi.org/10.1101/073171; this version posted September 2, 2016. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available
under aCC-BY-NC-ND 4.0 International license.

Figure 6 - Scatterplots of true age against estimated age as predicted by the Horvath
model
Chronological age reported by individuals is plotted against estimated ages generated from
epigenetic data using Horvath’s age prediction model12. All four panels show the age
estimates for the Baka, ≠Khomani San and European blood and saliva datasets, coloured to
emphasize different features of the data. Blood and saliva tissue sources are indicated by
triangles and circles, respectively. A) All data points, coloured based on population identity.
B) Only estimates for African saliva data are coloured; all others are greyed out. C) Only
estimates for individuals whose true age is 50 or more, except for the Baka blood data, are
coloured. D) Only estimates for Baka blood are coloured. The dashed line represents
perfectly accurate prediction of chronological age.
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Figure 7 - Conditional analysis of meQTL associated a-CpGs
A) The –log10 p-values from an epigenome-wide association study on Baka blood are plotted
against the –log10 p-values from a conditional analysis in which a methylation quantitative
trait locus (meQTL) genotype state was included as an additional covariate for 2,842 aCpGs. B) The distribution of effects of the conditional analysis are depicted as the difference
in –log10 p-values before and after conditional analysis. The orange points and bars
represent the results of the conditional analysis. The grey points and bars represent the
results of 100 permutations of the conditional analysis where the CpG-meQTL associations
were randomized.
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Figure 8 - Scatterplots of a-CpGs with associated meQTL genotype states
Scatterplots of beta value and age are shown for the nine CpG sites for which age
association improves (i.e. p-value decreases) by over two orders of magnitude when SNP
genotype information from a known methylation quantitative trait locus is accounted for in the
EWAS. Individuals are coloured by their genotype (homozygous reference, alternative or
heterozygous) state, demonstrating genotype-specific trends between methylation and age
exist at these CpG sites. Beta values plotted here are not adjusted for the covariates
included in each EWAS.
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Figure S1 - Age structure of the African datasets
Age structure of the Baka saliva, ≠Khomani San saliva and Baka blood datasets based on
reported individual ages.
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Figure S2 - Principal Component Analysis Bi-plots
Principal components analyses (PCA) were performed on both the saliva datasets together
and the blood dataset separately. The first two PCs are plotted against each other, coloured
by additional variables. The percentage of the variation in the dataset explained by each PC
is shown in brackets along the x- and y-axes. Bi-plots of the Baka and ≠Khomani San saliva
datasets are coloured by A) batch, B) sex, and C) population. Bi-plots of the Baka blood
dataset are coloured by D) batch and E) sex.
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Figure S3 - Quantile-quantile plots
The ranked p-values resulting from A) the Baka saliva epigenome-wide association study
(EWAS) B) the ≠Khomani San saliva EWAS and C) the Baka blood EWAS are plotted
against the expected p-values given no association between methylation level and age. CpG
sites that exceeded the Benjamini-Hochberg significance threshold are plotted in red. The
dashed curves represent the upper and lower 5% confidence intervals around the null
expectation. The genomic inflation factor is shown for each EWAS.
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Figure S4 - Scatterplot of age and principal component values
Values of the principal components (PC) used as covariates in the epigenome-wide
association studies are plotted against chronological age for A) the Baka saliva dataset, B)
the ≠Khomani San saliva dataset, and C–E) the Baka whole blood dataset. The dashed lines
represent the line of best fit from the linear models of the PC value and age. The Pearson
correlation value between age and PC value and p-value of the linear model are shown in
each panel.
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Figure S5 - Inferred genome-wide ancestry proportions for Baka and ≠Khomani San
samples
Major global ancestry portions for the individuals in the Baka saliva, ≠Khomani San saliva
and Baka blood datasets were inferred based on unsupervised clustering of 254,080 SNPs
using ADMIXTURE42, using additional Illumina 660K SNP array data from a panel of Human
Genome Diversity Project (HGDP) populations from Africa and Europe41. We focus on k=4
ancestries for the Baka Pygmies and ≠Khomani San, concordant with previous
observations35,39,40.
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Figure S6 - Hypomethylation with age of CpG sites in the gene D-aspartate oxidase
The methylation level is plotted against age for three additional sites in the gene D-aspartate
oxidase (DDO) that exhibit age-associated hypomethylation at a relaxed significance
threshold of p < 0.001 in the two saliva datasets. Beta values plotted here are not adjusted
for the covariates included in each EWAS.

