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Table S1: DNAm profiles for selection of AR-CpGs. 

GEO 
accession 

Ref. Tissue Cell type Samples 
(n) 

Age range 
(median) in 

years 

Gender 
(f/m) 

GSE19711 [1] blood leukocytes 261 52 – 78 (64) 261/0 

GSE20242 [2] blood CD14
+
 monocytes 22 16 – 69 (34) 16/6 

GSE20242 [2] blood CD4
+
 T cells 18 16 – 69 (29.5) 13/5 

GSE23638 [3] blood lymphocytes 23 2 – 35 (12) 11/12 

GSE20236 [2] blood leukocytes 88 49 – 74 (63) 88/0 

GSE27317    [4] cord blood MNCs 163 0 78/85 

All of these datasets were generated on the 27k Illumina BeadChip. Data are accessible under 

http://www.ncbi.nlm.nih.gov/geo/. 

 

Table S2: beta-values from 102 AR-GpGs of 575 samples.  

(provided as separate file) 
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Table S3: Gene Ontology analysis of the 102 AR-CpG sites. 

 
  58 CpG sites with negative correlation (43 genes) 

GO category total 
genes 

changed 
genes 

enrich-
ment 

log10 
(p-

value) 

GO:0050868_negative_regulation_of_T_cell_activation 39 3 19.9 -3.35 
GO:0051250_negative_regulation_of_lymphocyte_activation 51 3 15.2 -3.01 
GO:0002695_negative_regulation_of_leukocyte_activation 56 3 13.9 -2.89 
GO:0001775_cell_activation 571 8 3.6 -2.87 
GO:0050866_negative_regulation_of_cell_activation 62 3 12.5 -2.76 
GO:0042752_regulation_of_circadian_rhythm 23 2 22.5 -2.45 
GO:0042130_negative_regulation_of_T_cell_proliferation 25 2 20.7 -2.38 
GO:0042180_cellular_ketone_metabolic_process 699 8 3.0 -2.32 
GO:0002683_negative_regulation_of_immune_system_process 94 3 8.3 -2.25 
GO:0070664_negative_regulation_of_leukocyte_proliferation 32 2 16.2 -2.17 
GO:0016053_organic_acid_biosynthetic_process 206 4 5.0 -2.10 
GO:0046394_carboxylic_acid_biosynthetic_process 206 4 5.0 -2.10 

 
  44 CpG sites with positive correlation (32 genes) 

GO category total 
genes 

changed 
genes 

enrich-
ment 

log10 
(p-

value) 

GO:0070252_actin-mediated_cell_contraction 40 3 22.5 -3.51 
GO:0006936_muscle_contraction 209 5 7.2 -3.22 
GO:0003012_muscle_system_process 223 5 6.7 -3.10 
GO:0019219_regulation_of_nucleobase_nucleoside_nucleotide 2468 17 2.1 -2.94 
GO:0051252_regulation_of_RNA_metabolic_process 1598 13 2.5 -2.89 
GO:0030326_embryonic_limb_morphogenesis 80 3 11.3 -2.63 
GO:0043484_regulation_of_RNA_splicing 22 2 27.3 -2.62 
GO:0035108_limb_morphogenesis 91 3 9.9 -2.47 
GO:0060173_limb_development 96 3 9.4 -2.41 
GO:0048598_embryonic_morphogenesis 325 5 4.6 -2.38 
GO:0046058_cAMP_metabolic_process 119 3 7.6 -2.15 
GO:0008015_blood_circulation 246 4 4.9 -2.06 

 

Table S4: Primers used for pyrosequencing. 

Primer Sequence 

ASPA-for 5´-ATTATTTGGTGAAATGATT-3´ 
ASPA-rev 5´-CAACCCTATTCTCTAAATCTC-3´ 
ASPA-seq 5´-CCCTATTCTCTAAATCTCA-3´ 
ITGA2B-for 5´-TAATTTTTTTTGGGTGATG-3´ 
ITGA2B-rev 5´-ACCAAAAATAAACAATATACTCAAT-3´ 
ITGA2B-seq 5´-CAATATACTCAATACTATACCT-3´ 
PDE4C-for 5´-AGGTTTGTAGTAGGTTGAG-3´ 

PDE4C-rev 5´-AACTCAAATCCCTCTC-3´ 
PDE4C-seq 5´-GTTATAGTATGATTAGAGTTT-3´ 
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Figure S1: Nucleotides and motifs near AR-CpGs. 

(a) Frequency of nucleotides next to CpG sites which are either hypomethylated or hypermethylated upon 

aging. Letter-size indicates the probability of each base at a specific location (AR-CpGs at position 11/12). (b) 

Predicted transcription factor (TF) binding sites within 1 kb up- and down-stream of AR-CpGs. Enrichment 

score (ES) and p-values are presented for the five most significant results. Significance was calculated by 

Fisher´s Exact Test. 
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Figure S2: Enrichment of histone modifications near AR-CpGs.  

Chromatin immunoprecipitation data for histone modifications (H3K4me3 and H3K27me3) of embryonic stem 

cells (a, b and c), CD14
+
 monocytes (d), and mononuclear cells (MNCs; e) were matched to CpG loci 

represented on the HumanMethylation27 BeadChip platform. Enrichment of histone modifications in age-

related hypomethylation (blue) or AR-hypermethylation (red) was determined in relation to all CpG sites on the 

array (grey). AR-hypermethylation is significantly enriched in genomic regions which harbor bivalent 

modifications in ESCs and H3K27me3 modifications in hematopoietic cells. Significance was calculated by 

Fisher´s Exact Test. 

 

 

 

 

 

 

Figure S3: DNAm level in age-related hypo- or hypermethylation. 

Pearson correlation was calculated for each of the 27,578 individual CpG sites in relation to age (based on 

575 DNAm profiles). The mean DNAm level for CpGs with corresponding r-values (mean of 1,000 CpGs) was 

plotted for cord blood (CB, green), leucocytes of elderly donors (> 70 years, red), and iPSCs (GSE24676, 

blue). Overall, CpG sites with AR-hypomethylation are rather highly methylated and vice versa. Changes upon 

aging tend towards a DNAm level of 50%.  
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Figure S4: Analysis of AR-CpG sites in independent datasets.  

(a) Three additional datasets (GSE41037 [5], GSE37008 [6] and GSE49904) [7]) – all based on the 

HumanMethylation27 BeadChip - were used for further validation of the Epigenetic-Aging-Signature. Age 

predictions based on 102 CpG sites underlined the precision and reproducibility of the model. (b) Additionally, 

AR-CpG sites were analyzed in the dataset of Hannum and coworkers [8]. This data was generated on the 

HumanMethylation 450k BeadChip which comprised 99 of our 102 AR-CpGs. Notably, most of the features on 

this platform are based on a slightly modified DNAm assay (Infinium II beadtype) [9]. (c) When we calculated 

age-predictions based on 99 CpG sites, they clearly correlated with chronological age (grey dots). However, 

the linear offset indicated a systematic bias which might be due to the three missing CpG sites or to the 

different assay design of the two microarray platforms. A multivariate model based on the 99 CpGs of the 450k 

BeadChip facilitated reliable age predictions (MAD: 4.12 years; black) indicating that these CpGs are clearly 

age-associated. MAD = mean absolute deviation. 
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Figure S5: Age prediction in ESCs and iPSCs. 

Publically available DNAm profiles of embryonic stem cells (ESCs, n = 19) and induced pluripotent stem 

cells (iPSCs, n = 5) were used for age prediction applying the multivariate model based on 102 CpG sites 

(GSE34869) [10].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S6: Flowchart for selection of the Epigenetic-Aging-Signature. 

Selection of three CpG sites from 102 age-associated pre-filtered loci for pyrosequencing. IQR = 

interquartile range. 
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Figure S7: DNAm level at CpGs in the neighborhood of 5 AR-CpG sites. 

For the five top AR-CpGs we analyzed DNAm at 10 up- and down-stream located CpG sites on the 450k 

BeadChip. DNAm was analyzed in blood samples of different age-groups [8] and in relation to embryonic 

stem cells [11]. The distance to the corresponding AR-CpG site is depicted in base pairs. Grey arrows 

indicate orientation of the genes. AR-DNAm changes were often also observed in surrounding CpGs but 

they are not necessarily associated with promoter regions. Notably, the trend of AR-DNAm changes 

towards younger donors continues in ESCs in each of these genomic regions. 
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Figure S8: Gene expression of selected genes with age-related CpG sites. 

Gene expression profiles of whole blood samples from the Leiden Longevity Study (150 samples; 

GSE16717) [12] were analyzed for the top 5 AR-CpG loci. ITGA2B and ASPA were hardly expressed, 

which is indicated in red. Overall, DNAm changes upon aging were hardly reflected in expression of these 

genes.  

 

 

 

 

 

 

 

 

Figure S9: DNAm level in different blood subsets. 

Results of the Epigenetic-Aging-Signature might be due to myeloid skewing – a phenomenon particularly 

observed in the elderly [13]. (a) To this end, DNAm profiles of various blood cell types from a dataset of 

Reinius and coworkers (GSE35069) [14] were analyzed for the three AR-GpG sites of the Epigenetic-

Aging-Signature (n=6; age 38±13.6 years). DNAm at cg02228185 depicted a constant level for all blood 

subsets. Myeloid cells revealed a slightly lower methylation level than lymphoid cells for the CpG sites 

cg25809905 and cg17861230. As cg17861230 is hypermethylated upon aging (Figure 2d) these results 

indicate that AR-DNAm is not due to myeloid skewing. (b) In addition, age predictions were calculated on 

available DNAm profiles of different cell types in peripheral blood (PB) and cord blood (CB) (GSE20242 

[2] and E-MTAB-487 [15]). For this analysis the multivariate model, based on 3 CpG sites of 

pyrosequencing data, had to be adopted because the Illumina BeadChips do not cover the neighboring 

CpG site of cg17861230 (Figure 2c). To this end, we have recalculated the multivariate model based on 

the initial 575 DNAm profiles (Table S1; GSE20242 has also been included in this training-set but the 

results are very similar if it would be excluded for this analysis): cg02228185 = α, cg25809905 = β and 

cg17861230 = γ. The formula for age prediction is: predicted age [in years] = 96.6 – 56.8 α – 64.2 β + 

90.5 γ. Overall, age prediction was feasible in all data of isolated hematopoietic subsets that we analyzed 

– even though the deviation was larger than in pyrosequencing data of whole blood. CB samples were 

always predicted close to 0. Thus, AR-DNAm changes at the three CpGs cannot only be attributed to 

changing composition of blood upon aging. 
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Figure S10: Influence of blood cell composition on age prediction. 

Lam and coworkers provided DNAm profiles of 99 blood samples (age 24 - 45) including information on 

blood counts (GSE37008)[6]. (a) In this age range blood counts revealed only very moderate changes 

upon aging – but there was high variation in the percentage of white blood cells (wbc) between individual 

samples. (b) To further analyze, if the composition of specific cell types has major impact on age-

predictions we applied the multivariate model based on 3 CpG sites (multivariate model of Figure S9 for 

Illumina BeadChip data). Overall, age-predictions were overestimated in this dataset (MAD = 7.57 years) 

which might be due to technical differences by inter-comparison of different studies. Increased 

percentages of monocytes (c), lymphocytes (d), neutrophils (e), basophils (f), or eosinophils (g) did not 

reveal a systematic effect on age prediction.  
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Figure S11: Effect of clinical and lifestyle parameters on age-predictions. 

The deviation of predicted and chronological age (residuals) was correlated to the following parameters in 

105 samples from the HNR-study: years of education (a; P = 0.37) [16], coronary-artery calcium (CAC) 

score (b; P = 0.79) [17], sports (c; no sports or at least once a week; P = 0.60) or physical activity (d; P = 

0.62) [18], smoker-status (e; P = 0.33) and packyears (f; P = 0.89), cholesterol level (g; P = 0.82) and 

systolic blood pressure (h; P = 0.34) on the age-prediction model. None of the presented parameters was 

significantly associated with regard to the deviation of predicted and chronological age.  
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Figure S12: Age-predictions based on telomere length. 

(a) Age was predicted with regard on telomere length in granulocytes measured by Flow-FISH (MAD 

18.21 years). (b) Telomere length in relation to age-adjusted mean - given as delta telomere length - is 

presented for 104 healthy controls, 15 patients with aplastic anemia (AA) and 5 patients with dyskeratosis 

congenita (DKC). Significance was calculated by two-sided Student´s T-test. MAD = mean absolute 

deviation of predicted and chronological age. 
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