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ABSTRACT
While associations between DNA methylation and chronological age are well-established and 
chronological age can be accurately predicted from DNA methylation, most studies focused on 
blood and little is known on tissue-shared and tissue-specific age-related DNA methylation 
changes. 
	 To investigate the tissue-dependency of age-related changes we identified and 
characterized age-related differentially methylated position (aDMPs) in public data of seven 
tissues including brain (N=603), buccal (N=96), liver (N=147), kidney (N=171), subcutaneous 
fat (SAT, N=648), monocytes (N=1,202) and T-helper cells (Th cells, N=214) using the 
Illumina 450k array. aDMPs were defined as CpGs with a significant (Pbonf ≤ 0.05) gain or loss 
of methylation of ≥2% per 10 years. Out of the 428,279 CpGs investigated, 7,850 aDMPs gained 
DNA methylation in one or more tissues (gain-aDMPs) and 4,287 aDMPs lost DNA methylation 
in one or more tissues (loss-aDMPs). The majority of the aDMPs were tissue-specific (gain-
aDMPs:85.2%; loss-aDMPs: 97.4%), although the overlap between gain-aDMPs was relatively 
higher compared to loss-aDMPs. Gain-aDMPs occurred almost exclusively at CpG islands 
(42%-88%) and affected CpG islands were also tissue-specific (70.1%) and so were the genes 
near gain-aDMPs (64.8%). Loss-aDMPs often resided in regions marked by active histone 
modifications and also genes near loss-aDMPs were tissue-specific (83.6%). Genes near gain-
aDMPs related to developmental processes, while genes near loss-aDMPs were involved in cell 
motion and signal transduction. 
Together, these results show that age-related gain and loss of DNA methylation in multiple 
tissues target the same type of functional elements, but at the CpG, functional element and 
gene level they are tissue-specific, implicating that the loss of epigenetic control with age is 
tissue-specific.

Supplementary figures can be found in Appendix IV
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INTRODUCTION
The association between DNA methylation and chronological age is well-established in whole 
blood (Bell et al., 2012; Dozmorov, 2015; Florath et al., 2014; Garagnani et al., 2012; Johansson 
et al., 2013; Marttila et al., 2015; McClay et al., 2014; Rakyan et al., 2010; Steegenga et al., 2014; 
Yuan et al., 2015). However, also in adipose tissue, brain and hMSCs, loci have been found 
where DNA methylation closely track the chronological age (Fernández et al., 2014; Hernandez 
et al., 2011; Rönn et al., 2015). The association between DNA methylation and chronological age 
has been shown to be a powerful tool to predict chronological age. Multiple predictors have 
been developed that can estimate the chronological age based on the DNA methylation status 
of sets of CpG sites. Two predictors are specific for blood, while the age predictor by Horvath 
is independent of the tissue studied (Hannum et al., 2013; Horvath, 2013; Weidner et al., 2014). 
The tissue-independency of the Horvath age predictor suggests that in every tissue different 
CpGs contribute to the prediction of chronological age or that there are CpGs that are tissue- 
independent (Bekaert et al., 2015). Evidence for the latter exists as in two studies using the 27k 
array, in which it was shown that >60% of the aDMPs in whole blood are concordant in effect 
size direction in other tissues (Xu and Taylor, 2014) and that aDMPs found in tissues show 
overlap among each other (Day et al., 2013). Moreover, the CpGs near the ELOVL2 gene are 
examples of tissue-independent age-related changes as they have been identified in multiple 
tissues, including blood, hMSCs (Fernández et al., 2014) and teeth (Bekaert et al., 2015). Even 
in mice CpGs near ELOVL2 track chronological age (Spiers et al., 2016). 
	 These studies suggest that the epigenetic loss of control is tissue-independent. Yet, 
the functional changes that are observed in tissues are far from tissue-independent, where 
each tissue has its own tissue-specific functional age-related change (Richardson et al., 2014). 
This makes tissue-independent epigenetic changes counterintuitive, as one would expect a 
tissue-specific epigenetic changes. To further explore the tissue-specificity of aDMPs, we 
identified and characterized age-related DNA methylation changes in 7 tissues using the 450k 
array. 

RESULTS
To investigate age-related DNA methylation changes between tissues, Illumina 450k DNA 
methylation data of 16 tissues were obtained from public repositories, encompassing in total 
8,092 samples (Table S1). First, we investigated the age-related differentially methylated 
position (aDMP) near ELOVL2 (cg16867657), to investigate whether the tissue-independent 
character of this aDMP extended to more tissues than described in literature. Gain of 
methylation was observed in blood (N=4674, Figure 1A) and extended to most of the 16 tissues 
investigated (Figure 1B). However, the slope at which tissues gained DNA methylation was 
different between tissues, where buccal showed the highest age-related gain of methylation 
(Figure 1B). Within the brain, differences were observed between brain regions in the rate 
of gain of DNA methylation, where the dorsolateral prefrontal cortex (DLPFC) showed the 
strongest gain of DNA methylation with age, in contrast to the cerebellum, which almost did 
not gain DNA methylation over time. 
	 The tissue-specific rate of age-related gain of methylation of the ELOVL2 CpG, 
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raises the question to what extent age-related changes are tissue-specific. To this end, we 
identified aDMPs in tissues with a large sample size (96≤N≤1,202, Table S1), which included 
brain (N=603), buccal (N=96), liver (N=147), kidney (N=171), subcutaneous fat (SAT, N=648), 
monocytes (N=1,202) and T-helper cells (Th cells, N=214). We included aDMPs in subsequent 
analyses if the association with age was genome-wide significant (Pbonf ≤ 0.05) and if the age-
related gain or loss was greater than 2% per 10 years. Out of the 428,279 CpGs investigated, 
7,850 aDMPs gained DNA methylation in one or more tissues (gain-aDMPs) and 4,287 aDMPs 
lost DNA methylation in one or more tissues (loss-aDMPs). The number of aDMPs identified in 
each tissue varied strongly, with the highest number in buccal (4857 aDMPs in N=96; Figure 
2A) and the lowest number in Th cells (39 aDMPs in N=214). The number of gain- versus loss-
DMPs differed between tissues, for example in liver aDMPs mainly gained DNA methylation 
(gain:2499, loss:411, Figure 2A), while in monocytes aDMPs mainly lost DNA methylation 
(gain:83, loss:574). The differences in number per tissue were driven neither by the known 
replication rate of the stem cells (r=0.14, P=0.79, Figure S1A) (Tomasetti and Vogelstein, 
2015), nor by the number of samples used in each tissue (r=-0.28, P=0.54, Figure S1B). The 
differences in magnitude of gain and loss with age as observed for ELOVL2, were also found in 
the other identified aDMPs, where particularly buccal showed a strong age-related gain or loss 
of DNA methylation (Figure 2B). 

The majority of aDMPs are tissue-specific 

To access the tissue-dependency of aDMPs, we calculated per tissue the overlap of gain- or 
loss-aDMPs with aDMPs in other tissues. The large majority of aDMPs were tissue-specific, 
although the overlap was higher for gain-aDMPs compared to loss-aDMPs (Figure 2C). Of the 
gain-aDMPs, 1161 (14.8%) were identified in ≥2 tissues (Figure 3A). Only 2 gain-aDMPs were 
found in all 7 tissues studied and both mapped to the ELOVL2 locus (Table S3).
	 The low overlap between tissue raises the question what fraction of the Horvath clock 

Figure 1 Age-related change in DNA methylation in ELOVL2. A DNA methylation (y-axis) against age 
(x-axis) in blood for the ELOVL2 CpG (cg16867657). B DNA methylation (y-axis) against age (x-axis) 
in other tissues for the ELOVL2 CpG (cg16867657).
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overlaps with the identified aDMPs in various tissues. Yet, the overlap the Horvath CpGs and 
here identified aDMPs was low (Figure S2). The highest overlap with gain-aDMPs was found 
in the brain (13 gain-aDMPs) and with loss-aDMPs in monocytes (N=6 loss-aDMPs). This 
illustrates Horvath’s CpGs are different CpG sites than those that show a large age-related 
change in various tissues. 
	 In the primary dataset we used different sets of individuals in each tissue. To exclude 
that the differences between tissues were driven by the fact that they originate from different 
individuals, we determined the slope of aDMPs in a dataset comprising 10 tissues (blood, 
subcutaneous fat, heart, kidney, kidney fat, liver, muscle, omentum, skin and spleen) of the 
same individual (10-16 individuals per tissue, age range 44-85 years, Table S1). Unique and 
overlapping aDMPs in liver, kidney, SAT, monocytes and Th cells were also observed in this 
independent dataset (Figure S3). Observed age-related changes were, however, often specific 
for that tissue only. For example, the slopes of liver gain-aDMPs were high in the liver, kidney 
and to some extent spleen, but not in the other tissues (Figure S3). Likewise, liver loss-aDMPs 
were low in the liver and spleen in contrast to other tissues. These results suggest that age-
related changes in one tissue are not indicative of age-related changes in another tissue.

Gain-aDMPs are tissue-specific but share functional elements

To explore the overrepresentation of gain-aDMPs in specific functional elements in primary 
tissues, we compared aDMPs to previously published chromatin state segmentations 
which mark genomic function based on combinations of histone modifications (Roadmap 
Epigenomics Consortium et al., 2015). Gain-aDMPs were overrepresented at segmentations 
marked by the histone modification H3K27me3, including Bivalent Enhancers (OR:2.8-8.0, 
P<0.0001, Figure 3B) and Repressed Polycomb (3.4-9.8, P<0.0001). Next, we compared gain-
aDMPs to a CGI-centric annotation (CpG island, shore (+-2kb) and non-CGI). The majority 
of age-related gain of methylation occurred at CpG islands and their shores (OR=1.6-15.6, 
P<0.0001, Figure 3C). Comparison of gain of methylation with ENCODE transcription factor 

Figure 2 Identification of aDMPs. A Number of identified gain- and loss-aDMPs (y-axis) in this study 
for each tissue (x-axis). B Slopes of identified gain- and loss-aDMPs (y-axis) for each tissue (x-axis). 
C Overlap between tissues in identified gain- and loss-aDMPs. In the diagonal cells the number of 
aDMPs unique for that tissue, the upper number represents the percentage, the lower number the 
number of overlapping aDMPs. Blue – gain-aDMPs; Purple – loss-aDMPs
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binding sites showed that many of the gain-aDMPs overlapped with binding sites of Polycomb 
(PcG) repressive complex 2 (PRC2) protein EZH2 (any cell type, ChIP-seq, ENCODE), in line 
with the enrichment for Repressed Polycomb. In each of the tissues, about a third of the 
identified gain-aDMPs overlapped with an EZH2 binding site up to even over 60% in buccal 
(OR=12.7, P<0.0001, Figure 3D). To address what characteristic was underlying to the gain 
of DNA methylation (CGI, EZH2 or both) we directly compared aDMPs that overlapped with 
CGIs and EZH2. EZH2-CGIs were 2-fold enriched (1.9-2.8, P<0.0001) compared to aDMPs that 
overlapped with CGI or EZH2 only (Figure S4A). This suggesting that the EZH2 bound CGI is 
more likely to gain DNA methylation than regions with one of these characteristics. 

Figure 3 Characterization of gain-aDMPs. A Frequency of aDMPs (y-axis) against the number of tissues 
the aDMPs was identified in (x-axis). B Enrichment of gain-aDMPs in chromatin segmentations 
expressed as an odds ratio, grey non-significant.	C Percentage (top) and odds ratios (bottom) of 
aDMPs in CGIs, shores and non-CGIs. Blue enriched, red depleted, grey non-significant. D Percentage 
(top) and odds ratios (bottom) of aDMPs in EZH2 binding sites (ChIP-seq, any cell type, ENCODE). 
Blue enriched, red depleted, grey non-significant. E Frequency of CpG islands (y-axis) against the 
number of tissues a CpG island was identified in (x-axis). F Frequency of genes (y-axis) against the 
number of tissues a gene was identified in (x-axis). G Expression (y-axis, RPKM) of genes near gain-
aDMPs per tissue (x-axis). Abbreviations: TssA, Active TSS; TssAFlnk, Flanking active TSS; TxFlnk, 
Transcr. at gene 5′ and 3′; Tx, Strong transcription; TxWk, Weak transcription; EnhG, Genic enhancers; 
Enh, Enhancers; ZNF/Rpts, ZNF genes+repeats; Het, Heterochromatin; TssBiv, Bivalent/Poised 
TSS; BivFlnk, Flanking bivalent TSS/Enh; EnhBiv, Bivalent enhancer; ReprPC, Repressed Polycomb; 
ReprPCWk, Weak repressed Polycomb, Quies, Quiescent/low
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CGIs and genes that gain methylation are also tissue-specific

To explore whether not only CpGs were tissue-specific, but also the genomic feature and 
the gene they target, we investigated the overlap of affected CGIs and genes in each tissue. 
Similar to the gain-aDMPs were the CpG islands that gain DNA methylation tissue-specific 
(1722 CGIs, 70.1%, Figure 3E). Furthermore, genes near gain of DNA methylation were tissue-
specific, where 2029 genes were unique for a tissue (64.8%). The one gene that was identified 
in all 7 tissues was again the ELOVL2 gene (Figure 3F and Table S3). Among the 12 genes that 
were identified in 6 tissues, genes of interest were observed including BMI1 and LIN28B. BMI1 
is involved in DNA damage and part of the PRC1 complex (Ismail et al., 2012). LIN28B is a 
microRNA that enhances IGF-2 translation (Polesskaya et al., 2007). The tissue-specificity 
of genes was further confirmed, when in each tissue for each gene the frequency of nearby 
gain-aDMPs was calculated. In each tissue, genes were identified where the frequency of gain-
aDMPs was high in one tissue (>5 CpGs), but low in other tissues (Table S4), such as PRRT1 
in the brain (brain: 24, buccal:5, liver:7, kidney:1, monocytes:0, SAT:1, Th cell:2) and HOXD 
in buccal (buccal:26, other tissues:0). So, the majority of genes gain DNA methylation in one 
tissue and if genes overlap between tissues, the number of gain-aDMPs near the overlapping 
gene is often high in one tissue, but low in the others. 
	 Next, we investigated the function of genes near gain-aDMPs, by comparing them to 
gene ontology (GO) gene sets per tissue. In brain (84 processes), buccal (151 processes), liver 
(64 processes) and kidney (59 processes) significant enrichments (Pbonf≤0.05) were found for 
genes near gain-aDMPs. Processes that were common among the top enriched GO terms were 
embryonic morphogenesis (Number of genes in brain: 82, buccal: 98, liver: 69, kidney: 37; 
Pbonf<0.0001, Table S5) and regulation of transcription (Number of genes in brain: 231, buccal: 
318, liver: 209, kidney: 134; Pbonf<0.0001, Table S5). Finally, we investigated the gene expression 
of genes near gain-aDMPs, by using public gene expression data of matching tissues (GTEX 
data, frontal cortex, N=108; esophagus – mucosa, N=286; liver, N=119; kidney cortex, N=32; 
whole blood, N=393; age-range 20-79 years). In line with the developmental character of 
genes near gain-aDMPs, the expression was low and the expression remained constant over 
with age (Figure 3G and Figure S4B). That these genes do not change in expression with age, 
was further confirmed as we found a low overlap between genes near gain-aDMPs and genes 
with age-related differential (brain: 91, buccal: 104, liver: 88, kidney:28, monocyte:1, SAT:3, 
Th cell: 0) (Peters et al., 2015). 

Loss-aDMPs are enriched for active regions including tissue-specific enhancers

In contrast to gain-aDMPs, loss-aDMPs were often found in non-CGI regions (OR: 1.3-9.1, 
P<0.0001, Figure 4A). Loss-aDMPs were more tissue-specific than gain-aDMPs, as 4176 loss-
aDMPs (97.4%) were unique for one tissue and only 111 loss-aDMPs (2.6%) were found in 
≥2 tissues (Figure 4B). We further explored the functionality of loss-aDMPs per tissue by 
comparing them to previously published chromatin state segmentations of matching primary 
tissues. Loss-aDMPs were particularly overrepresented at chromatin states marking an active 
genome (Figure 4C). In 5 tissues enrichment was found for Enhancers: in the brain (OR:6.6, 
P<0.0001, Figure 4C), buccal (OR:2.7, P<0.0001), liver (OR:1.6, P<0.001), monocytes (OR:2.9, 
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P<0.0001) and Th cells (OR:11.2, P<0.001) and Genic enhancers in 2 tissues (brain, OR:11.9, 
P<0.0001; buccal, OR:3.6, P<0.0001). Moreover, loss-aDMPs were overrepresented at active 
transcribed regions, including Transcribed at 3’and 5’ in brain (OR:14.5, P<0.0001), buccal 
(OR:3.0, P<0.0001) and monocytes (OR:4.6, P<0.01). Next, we mapped loss-aDMPs to their 
nearest gene and compared the overlap between genes. The majority of genes was unique 
(2035 genes, 83.6%, Figure 4D). Loss-aDMPs were found near CD46 in 6 tissues and in 4 
tissues loss-aDMPs were found near KCNQ1, FAM92B, PLEC, GSE1, BAIAP2, PRDM16, ACTG1 

(Table S6). The genes that were identified in multiple tissues have a ‘housekeeping’ function, 
for example PLEC, BAIAP2, ACTG1 play a role in the maintenance of the cytoskeleton. Next we 

Figure 4 Characterization of loss-aDMPs. A Percentage and odds ratios of aDMPs in CGIs, shores 
and non-CGIs. Blue enriched, red depleted, grey non-significant. B Number of tissues an aDMPs was 
identified in. C Enrichment of gain-aDMPs in chromatin segmentations expressed as an odds ratio, 
gray non-significant enrichment. D Frequency of genes (y-axis) against the number of tissues an 
genes an aDMP was identified in (x-axis). E Expression of genes (y-axis, RPKM) near loss-aDMPs per 
tissue (x-axis). Abbreviations: TssA, Active TSS; TssAFlnk, Flanking active TSS; TxFlnk, Transcr. at gene 
5′ and 3′; Tx, Strong transcription; TxWk, Weak transcription; EnhG, Genic enhancers; Enh, Enhancers; 
ZNF/Rpts, ZNF genes+repeats; Het, Heterochromatin; TssBiv, Bivalent/Poised TSS; BivFlnk, Flanking 
bivalent TSS/Enh; EnhBiv, Bivalent enhancer; ReprPC, Repressed Polycomb; ReprPCWk, Weak 
repressed Polycomb, Quies, Quiescent/low
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investigated the frequency of loss-aDMPs near genes. As observed for the gain-aDMPs, a large 
number of loss-aDMPs were exclusively observed in one tissue. For example, 24 loss-aDMPs 
were identified near DIP2C in the brain, against low numbers in other tissues (buccal:1, liver:3, 
kidney:0, monocytes:0, SAT:0, Th cell:0). In buccal, 18 CpGs lost DNA methylation near SLC7A5, 
while no loss-aDMPs were found near this gene in other tissues (Table S7). To investigate the 
role of all identified genes in a tissue, we compared the genes with GO gene sets. Only brain 
showed a significant overlap with gene sets that related to signal transduction and motility, 
including regulation of Small GTPase mediated signal transduction (43 genes, Pbonf<0.0001) 
and Regulation of cell motion (33 genes, Pbonf<0.05, Table S8). However, among the top 10 of 
the other tissues, also GO terms related to intracellular signaling and cell motility were found 
to be overrepresented (P<0.05). Finally, we investigated the expression of genes near loss of 
DNA methylation and the expression of these genes was moderate (Figure 4E). Furthermore, 
the expression remained constant over time (Figure S4C) and similar to genes near gain-
aDMPs, a low overlap was found with previously identified age-related differentially genes in 
blood (brain: 114; buccal:77, liver:23, kidney:3, monocyte:36, SAT:0, Th cell:1). 

DISCUSSION
Here, we identified and characterized aDMPs in published datasets covering 7 tissues 
of different populations. The majority of the aDMPs were tissue-specific. Of the tissue-
independent aDMPs, most aDMPs gained DNA methylation with age. Of the latter, the ELOVL2 
promoter is an example of a locus that is exceptionally consistent across tissues. Gain of 
DNA methylation almost exclusively occurred at CpG islands and their flanking shores and 
often overlapped with regions to which the repressive protein EZH2 binds. The majority of 
CpG islands and nearest genes that gained methylation over time were also tissue-specific, 
illustrating that gain of methylation occurs at different CGIs and genes and not just different 
CpGs. Loss-aDMPs were enriched for active regions, including enhancers. Genes near gain-
aDMPs were associated with developmental processes and lowly expressed, while genes near 
loss-aDMPs were associated with signal transduction and cell motility. 
	 The tissue-specific character of aDMPs raises the question what mechanism underlies 
the age-related changes – especially since there is resemblance in the type of genomic elements 
that show age-related gain of DNA methylation. Age-related changes at regions marked by 
polycomb have been found in several studies investigating blood (Dozmorov, 2015; Rakyan 
et al., 2010; Teschendorff et al., 2010; Yuan et al., 2015) and have been found in other species 
(Maegawa et al., 2010; Spiers et al., 2016). A proposed theory for the gain of DNA methylation 
on CpG islands may be loss of binding – or erosion – of the polycomb repressive complex 2 
protein from the DNA (PRC2) (Jung and Pfeifer, 2015). Promoters overlapping with a CGI of 
genes that are lowly expressed, are kept in a repressive state. Some of these promoters are kept 
repressed by the repressive complex PRC2 and EHZ2 is part of this complex. Age-related loss 
of repression would allow DNA methyltransferases (DNMTs) to de novo methylate CGIs (Jung 
and Pfeifer, 2015). However, if true, it would require that some regions are more susceptible to 
age-related erosion of PRC2 and this should concern different regions in each tissue. 	
 In contrast to gain-aDMPs, loss-aDMPs were found to overlap with active regions, 



92

Chapter 5

such as enhancers. This is in line with studies in blood and hMSCs that show that age-related 
loss preferentially occurs at enhancers (Dozmorov, 2015; Fernández et al., 2014; Peters et al., 
2015). Genes near loss-aDMPs were not associated with tissue-specific processes, but instead 
with generic processes such as intracellular signaling cascade and cell motility pathways. Loss-
aDMPs in blood has been identified before with similar processes (Steegenga et al., 2014).
Although the mechanisms driving age-related DNA methylation changes remain inconclusive, 
the functional consequences it has are also limited. Previous studies showed that DNA 
methylation of aDMPs is only limited associated with expression of nearby genes (Reynolds et 
al., 2014; Steegenga et al., 2014; Yuan et al., 2015) and we also did not see changes in expression 
with age of genes near aDMPs. Nonetheless, it is likely that the aDMPs mark changes in the 
(stem) cell that occur on a higher level that do contribute to the ageing process. Age-related 
changes epigenetic changes show resemblance with the changes seen in cancer and cellular 
senescence (Teschendorff et al., 2010). For example, the number of passages in vitro can be 
tracked based on the changes that occur on the DNA methylation level (Koch et al., 2012). 
Moreover, cellular senescence is associated with hypermethylation of CGIs and flanking 
regions, while hypomethylation occurs on non-CGI features (Cruickshanks et al., 2013; Koch 
et al., 2013; Schellenberg et al., 2011). Cancer on the other hand is also characterized by hyper 
methylation of CpG islands and global hypomethylation (Akalin et al., 2012; Irizarry et al., 
2009; Schlesinger et al., 2007; Timp and Feinberg, 2013). 
	 A limitation of our study is that our primary set of aDMPs was determined in each 
tissue in a different group of individuals. To overcome this limitation, we investigated aDMPs 
also in an independent dataset consisting of 10 tissues of the same individual (N=10-16 per 
tissue, age range: 44-85 years). Identified differences between tissues were not the result 
of that we investigated aDMPs in different populations, as the tissue-specificity of the 
methylation of aDMPs was confirmed in tissues from the same individuals. Another limitation 
our study is that not all datasets were equally sized. Larger datasets may have more power to 
find aDMPs. However, as we showed in the results section we did not find a relation between 
sample size and the number of aDMPs and while the buccal dataset was smallest the number 
of aDMPs were highest. This suggests that the effect of sample size on the number of aDMPs 
is limited and this may also be the result of our stringent effect size criteria. Finally, subsets of 
CpGs have been reported to be the result of changes in cell heterogeneity (Rakyan et al., 2010). 
Some of the changes identified here may also be the result of a shift in cellular heterogeneity, 
although we adjusted for cellular heterogeneity in brain (neuronal and non-neuronal), 
monocytes and Th cells (residual impurities). Furthermore, we did not find indications that 
loss-aDMPs were the result of changes in cell heterogeneity as the GO terms linked to loss-
aDMPs did not show a strong enrichment for cell (subtype) specific processes. 
	 Together, our results show that while in each tissue different CpGs are affected by 
epigenetic erosion with limited overlap, the functional elements that are affected are the 
same: gain of methylation at CGIs repressed by PRC2 and loss of methylation at active regions 
such as enhancers. 
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METHODS

Datasets

Datasets used in this study are summarized in Table S1 and were obtained from the Gene 
Expression Omnibus (Barrett et al., 2013) or ArrayExpress (Kolesnikov et al., 2014). For each of 
the datasets normalized data or raw IDAT files were obtained. 
	 Generated tissue dataset Samples of 12 tissues from 16 cadavers were taken within 
12 hours post-mortem (Table S1). Solid tissues were snap frozen for further processing and 
stored at -80°C. Whole blood from the thoracic cavity was stored in disodium salt dehydrate 
(EDTA) tubes (BD, United Kingdom). Genomic DNA from blood was isolated using the Qiagen 
Minikit (Qiagen, Hilden, Germany) according to manufacturer’s protocol. Genomic DNA from 
tissues was isolated using phenol/chlorophorm extraction. Bisulfite-converted DNA was 
generated using the Zymo EZ DNA Methylation kit (Zymo, Irvine, CA, USA). DNA methylation 
was measured using the Illumina Infinium HumanMethylation450 BeadChip according to 
manufacturer’s protocol. Initial QC was performed using the R package MethylAid (van Iterson 
et al., 2014). Raw data underwent quality control using a custom pipeline (for more details 
see https://git.lumc.nl/molepi/Leiden450K). Briefly, data was normalized using functional 
normalization (Aryee et al., 2014), and probes were set to missing if ambiguously mapped 
(Chen et al., 2013), had a high detection p-value (P> 0.01), low bead count (< 3 beads) or low 
success rate (missing in >95% of the samples). Data is available from GEO under accession 
number GSE78743. 
	 External tissue datasets IDAT files of DLPFC samples (Age range 0-97 years) were 
downloaded and underwent the same QC procedure as the generated data (GEO accession 
number: GSE74193) (Jaffe et al., 2015). Normalized data of buccal (GEO accession number: 
GSE50759) consisted of 1,202 individuals with an age range of 1-28 years (Berko et al., 2014). 
Liver data consisted of 147 individuals with age range between 15 and 86, normalized data 
of 56 individuals (GEO accession number: GSE48325) (Ahrens et al., 2013), normalized data 
of 32 individuals (GEO accession number: GSE61258) (Horvath et al., 2014), IDAT files (Level 
1) of 30 samples from TCGA (TCGA Research Network) and IDAT files of 29 samples were 
kindly provided by the authors (GSE60753) (Hlady et al., 2014). IDAT files (Level 1) of kidney 
consisted of 171 individuals with an age range between 15 and 86 and were obtained from TCGA 
(TCGA Research Network). Normalized data of monocytes (GEO accession number: GSE56046) 
consisted of 1,202 individuals with an age range of 44-83 years (Reynolds et al., 2014). 
Normalized data of Th cells (GEO accession number: GSE56047) consisted of 214 individuals 
with an age range of 45-79 years (Reynolds et al., 2014)). Normalized data of subcutaneous 
fat (Array Expression accession number: MTAB-1866) consisted of 648 individuals with an 
age range of 39-85 years (Grundberg et al., 2012). Normalized data of multiple brain regions 
consisted between 25 and 41 individuals with an age range between 15-114 years (GEO accession 
number: GSE64509) (Horvath et al., 2015). Raw IDAT files of epidermis and dermis consisted 
38 and 40 individuals between 20 and 90 years (GEO accession number: GSE52980) (Vandiver 
et al., 2015). Normalized data of skeletal muscle consisted of 48 individuals with an age range 
between 18 and 89 years (GEO accession number: GSE50498) (Zykovich et al., 2014). Raw IDAT 
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files of thyroid were kindly provided by the authors and consisted of 28 individuals between 23 
and 81 years (GEO accession number: GSE53051) (Timp et al., 2014).
	 External blood datasets DNA methylation blood data consisted of six public datasets 
of 4,674 individuals (2,650 males and 2,024 females) with an age range 1 to 101 years with 
median age 50 (Table S1). Dataset 1 consisted of 643 whole blood samples and raw IDAT 
files were kindly provided by the authors and data was normalized as described above (GEO 
accession number: GSE40279) (Hannum et al., 2013). Dataset 2 consisted of 324 peripheral 
blood lymphocyte samples and normalized data was downloaded from GEO (GEO accession 
number: GSE51032). Dataset 3 consisted of 327 peripheral blood lymphocyte samples and raw 
data was normalized as described above (GEO accession number: GSE42861) (Liu et al., 2013). 
Dataset 4 consisted of 127 peripheral blood lymphocyte samples and raw data was normalized 
as described above (GEO accession number: GSE36054) (Alisch et al., 2012). Dataset 5 consisted 
of 614 peripheral blood lymphocyte samples and normalized data was downloaded from GEO 
(GEO accession number: GSE56105) (Shah et al., 2014). Dataset 6 consisted of 2639 whole blood 
samples and normalized data was downloaded from GEO (GEO accession number: GSE55763) 
(Lehne et al., 2015). 
Gene expression Gene counts were obtained from GTEX (Lonsdale et al., 2013) for frontal 
cortex (for brain-aDMPs measured in DLPFC), esophagus mucosa (for buccal-aDMPs), liver, 
kidney cortex and whole blood (for Th cell-aDMPs and monocyte-aDMPs). The package cqn 
was used to normalize for GC content and gene length (Hansen et al., 2012). Normalized data 
was used to calculate the average RPKM per tissue and gene. 

Age-related changes 

aDMPs were identified using linear regression between DNA methylation and age, with 
adjustment for covariates (sex, gender (all but SAT, females only), dataset (liver), cell 
composition (DLPFC, monocytes, Th cells). aDMPs were used in subsequent analyses if the 
slope was higher than 2% gain or loss per 10 years and if the Bonferroni adjusted P-value 
reached significance (Pbonf ≤0.05). Age-related changes were also investigated in the 
independent generated dataset described above. Slopes of identified aDMPs were determined 
in this dataset by fitting a linear model of methylation versus age adjusted for gender. 
Annotations CpGs were mapped to CpG islands (UCSC), shores (2kb regions flanking regions) 
and non-CGI described previously (Slieker et al., 2013). Chromatin state segmentations were 
obtained from the Epigenomics Roadmap (Roadmap Epigenomics Consortium et al., 2015). 
For each tissue studied the same tissue or the closest analogue was used from the Roadmap 
data. For the DLPFC, E073/DLPFC was used; buccal, E058/keratinocyte foreskin; liver, E066/
liver; kidney, E086/fetal kidney; SAT, E063/Adipose nuclei; monocytes, E029/Monocytes; 
Th cells, E043/Th cells. ChIP-seq data of transcription factor binding sites (such as EZH2) 
were obtained for all cell types from the ENCODE project (ENCODE, 2012). Enrichments were 
expressed as odds ratio and P-value was calculated using a chi-squared test. GO enrichment 
was performed using the default settings of DAVID using nearest genes of aDMPs (Huang et 
al., 2009). 
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