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[bookmark: _Toc368641091]Limitations 
Here I highlight several limitations of my study. First, the number of samples per tissue varied greatly (Additional file 1). Second, data were measured using two different platforms: the Illumina Infinium27K and the more recent Infinium450K platform. Third, chronological age was confounded with data set: e.g. several data sets involved only cord blood samples (age zero) while others involved many elderly subjects. Given these limitations, the test set accuracy of the age predictor is remarkable (Figure 2).
The following reasons may explain the remarkable accuracy of the age predictor in the test data sets. First, measurements from Illumina DNA methylation arrays (Methods) are known to be less affected by normalization issues than those from gene expression (mRNA) arrays and even non-normalized beta-values (Methods) turn out to be highly correlated with corresponding measures found using pyrosequencing [1-3]. Second, the penalized regression model automatically selected CpGs that are relatively robust since it was trained on data sets from different labs and platforms. Third, the large number of data sets helped average out spurious results and artifacts. Fourth, age has a profound effect on the DNAm levels of tens of thousands of CpGs as shown by many authors [4-13]. 
The results of this article do not contradict previous studies that have noted age-related DNA methylation changes which occur in a tissue specific manner, e.g. [14, 15]. Instead, the results of this article demonstrate that one can use a couple of hundred CpGs for forming an age predictor that a) performs remarkably well across a broad spectrum of human tissues (Figure 1, Figure 2, and Figure 3) and b) the resulting DNAm age estimate is biologically meaningful.
[bookmark: _Toc368641092]Description of the healthy tissue and cell line data sets
A table that provides an overview of the publicly available human DNAm data sets is provided in Additional File 1. The table reports the sample size, median age, age range, tissue source, and citation. All data are publicly available as can be seen from the column that reports GSE identifiers from the Gene Expression Omnibus (GEO) database and other online resources. In the following I provide a more detailed description of the individual data sets.
Data sets 1 and 2 (whole blood samples from a Dutch population) are comprised of schizophrenics and healthy control subjects measured on the Illumina 27K and 450K array platform, respectively. These data from Dr. Roel Ophoff's lab were formerly used to find co-methylation modules related to age [13]. The current study has a different aim, namely the development of an age predictor based on methylation levels. Since schizophrenia status had a negligible effect on age relationships [13], it was ignored in this analysis. Further, it turned out that schizophrenia status was not related to DNAm age. GEO identifier of the data is GSE41037.
Data set 3 (whole blood) consists of whole blood samples from a recent large scale study of healthy individuals [16]. The authors used these data (and additional data) to estimate human aging rates and developed a highly accurate predictor of age based on blood data.
Data set 4 (leukocytes from healthy male children from Children's Hospital Boston) consists of 72 peripheral blood leukocyte samples from healthy males (mean age 5, range 1-16) [17].
Data set 5 (peripheral blood leukocytes) from a DNAm study of Crohn's disease and ulcerative colitis [18]. Illumina 450K were used on 48 samples of peripheral blood leukocyte (PBL) DNA from discordant MZ twin pairs (CD: 3; UC: 3) and treatment-naive pediatric cases of IBD (CD: 14; UC: 8), as well as controls (n = 14). I ignored disease status in the analysis. I did not find significant evidence that disease status affects DNAm age in this moderately sized data set.
Data set 6 (cord blood from newborns) is comprised of cord blood samples from 216 subjects (of age zero) [19].
Data set 7 (cerebellum) is comprised of postmortem cerebellum brains. The data were provided by C. Liu and C. Chen (GEO identifier GSE38873).
Data set 8, 9, 10, 13 (cerebellum, frontal cortex, pons, temporal cortex) consist of brain tissue samples obtained from the same subjects whose mean age was 49 (range 15-101) [20]. These subjects, who had donated their brains for research, were of non-Hispanic, Caucasian ethnicity, and none had a clinical history of neurological or cerebrovascular disease, or a diagnosis of cognitive impairment during life. Demographics, tissue source and cause of death for each subject are reported in [20]. Unbiased removal of potential outliers (as described in the section on sample pre-processing) reduced the number of retained samples (Additional File 1). 
Data set 11 (prefrontal cortex from healthy controls) consists of 108 samples (mean age 26, ranging from samples before birth up to age 84) [21]. These post-mortem human brains from non-psychiatric controls were collected at the Clinical Brain Disorders Branch (National Institute of Mental Health). The DNAm data are publicly available from the webpage of the standalone package BrainCloudMethyl, which can be downloaded from the following URL:
http://braincloud.jhmi.edu/Methylation32/BrainCloudMethyl.htm
Data set 12 (neuron and glial cells) from [22]. The authors developed a cell epigenotype specific model for the correction of brain cellular heterogeneity bias and applied it to study age, brain region and major depression. After performing fluorescence activated cell sorting (FACS) of neuronal nuclei in post mortem frontal cortex 58 samples(29 major depression and 29 matched control samples) followed by Illumina HM450 microarray based DNAm profiling, the authors characterized the extent of neuron and glia specific DNAm variation independent of disease status and identified significant cell type specific epigenetic variation at 51% of loci. I ignored disease status in the analysis. I found no evidence that disease status accelerated age in this data set.
Data set 14 (breast) consists of normal breast tissue from 23 females (mean age 48, range 19-75) downloaded from GEO [23].
Data set 15 (buccal cells) involved 109 fifteen-year-old adolescents from a longitudinal study of child development [24]. While the authors found that DNA derived from buccal epithelial cells showed differential methylation among adolescents whose parents reported high levels of stress during their children’s early lives, parental stress was ignored. All samples have the same chronological age (15 years).
Data set 16 (buccal cells) involved 8 different subjects. Rakyan et al (2010) confirmed that these buccal cell preparations contained very little, if any, leukocyte contamination, hence showing that the measured methylation profiles were predominantly from buccal cells [25].
Data set 17 (buccal cells) from [26]. The authors applied the Illumina 450K platform to buccal swabs from 10 monozygotic (MZ) and 5 dizygotic (DZ) twin pairs from the Peri/postnatal Epigenetic Twins Study (PETS) cohort. In this longitudinal study, DNAm profiles were generated at birth (age 0) and at age 1.5 years (18 months). 
Data set 18 (cartilage, chondrocytes) from [27]. The authors analyzed human articular chondrocytes from osteoarthritic patients and healthy cartilage samples. I did not find a relationship between disease status and accelerated DNAm age.
Data sets 19 (colon, normal tissue) consists of samples downloaded from TCGA data base measured on the Illumina 27K array.
Data set 20 (colon mucosa) from [28]. Crohn's disease, ulcerative colitis, and normal colon mucosa samples were measured on the Illumina Infinium HumanMethylation450 BeadChip v1.1. Samples came from 9 Crohn's disease affected, 5 ulcerative colitis affected, and 10 normal individuals. I did not detect a significant relationship between disease status and DNAm age acceleration.
Data set 21 (dermal fibroblasts) consists of 14 female fibroblast samples (mean age 32, range 6-73). The samples came from different locations on the human body (5 abdomen, 2 arm, 2 breast, 3 ear, and 2 leg samples) [2]. The single blepharoblast sample was removed from this data set since hierarchical clustering (based on the Euclidean distance, single linkage) indicated that it was an outlier.
Data set 22 (epidermis) came from a study that evaluated the epigenetic effects of aging and chronic sun exposure [29]. I used the 10 epidermal samples collected using suction blistering.
Data set 23 (gastric tissue) from [30]. The Illumina HumanMethylation27 BeadChip was used to obtain DNAm profiles across 27,578 CpGs in 203 gastric tumors and 94 matched non-malignant gastric samples. I focused on matched control samples.
Data set 24 (head/neck normal adjacent tissues) measured on the Illumina 450K platform from the TCGA data base (HNSC data).
Data set 25 (heart tissue) [31]. The authors generated DNAm profiles from human left ventricular myocardium DNA in order to study alterations in cardiac DNAm in human dilated cardiomyopathy (DCM). There were n = 8 controls (patients after heart transplantation) and n = 9 patients with idiopathic DCM. I ignored disease status in the analysis. I could find no significant evidence that disease status affects DNAm age in this small data set.
Data sets 26 (renal papillary, normal tissue) consists of 44 samples (mean age 66) downloaded from TCGA data base (KIRP) measured on the Illumina 450K array.
Data sets 27 (adjacent normal tissue, kidney measured on the Illumina 450K array) from TCGA (Kidney Clear Cell Renal Carcinoma, KIRC).
Data set 28 (liver) consists of normal adjacent tissue samples from Taiwanese hepatocellular carcinoma subjects[32]. The data were downloaded from GEO (GSE37988). 
Data set 29 (lung squamous cells from normal adjacent tissue) consists of samples downloaded from TCGA data base (normal from LUSC) that were measured on the Illumina 27K array. 
Data set 30 (lung normal adjacent lung tissue, Illumina 27K) from the The Cancer Genome Atlas (TCGA) data base (http://tcga-data.nci.nih.gov/), LUAD.
Data sets 31 (lung squamous cells from normal adjacent tissue measured on the Illumina 450K) from the TCGA data base (normal samples from LUSC). 
Data set 32 (mesenchymal stromal cells from bone marrow) consists of 16 female samples (mean age 53, range 21-85) [33]. The MSC from human bone marrow were either isolated from bone marrow aspirates or from the caput femoris upon hip fracture of elderly donors [33]. Due to sample size constraints, cell passage status (reflecting short versus long term culture) was ignored. 
Data set 33 (placenta) from mothers of monozygotic and dizygotic twins [34]. Since placenta only develops during pregnancy, its chronological age was set to zero.
Data set 34 (prostate) consists of 69 normal prostate samples (mean age 61) [35].
Data set 35 (prostate, normal adjacent tissue) measured on the Illumina 450K platform from the TCGA data base (PRAD data).
Data set 36 (saliva from alcoholic males) is from [36] as data set 68, but involves 131 male samples (again with mean age 32, range 21-55). Thus, I split the original data by gender.
Data set 37 (saliva from healthy men) involved 69 healthy male samples (mean age 35, range 21-55). We used these twin pairs and triplets to develop a saliva based predictor of age [3]. Since all twins were monozygotic, I could not use these data to estimate heritability with Falconer's formula.
Data sets 38 (stomach normal adjacent tissue measured on the Illumina 27K array) consists of 41 samples (mean age 69) downloaded from TCGA data base (STAD data).
Data set 39 (thyroid, normal adjacent tissue) measured on the Illumina 450K platform from the TCGA data base (THCA data).
Data set 40 (WB from type 1 diabetics) consists of samples from 191 subjects (mean age 44, range 24-74) [12, 37]. Since all subjects had type 1 diabetes, disease status was ignored. These data were downloaded from GEO (GSE20067).
Data set 41 (WB from healthy females) consists of 93 whole blood samples from women whose mean age was 63 (range 49-74) [25]. The samples were collected from different healthy females (both twin pairs and singletons). 
Data set 42 (WB from postmenopausal women) consists of 262 whole blood samples from women with ovarian cancer (mean age 66 , range 49-91). These are the cases from the UKOPS data (see data set 43). These samples were used since ovarian cancer did not have a global effect on blood methylation levels [12, 37].
Data set 43 (WB from healthy postmenopausal women) consists of 269 whole blood samples from women with a mean of 65 (range 52-78) [12, 37]. While the data come from the United Kingdom Ovarian Cancer Population Study (UKOPS), it is important to emphasize that the samples come from healthy age matched controls of ovarian cancer patients. The data were downloaded from GEO (GSE19711).
Data set 44 (WB from rheumatoid arthritis) from a differential DNAm study of rheumatoid arthritis [38]. The authors found DNAm could serve as an intermediary of genetic risk in rheumatoid arthritis. I ignored disease status in the analysis. I did find that the whole blood of rheumatoid arthritis patients showed evidence of negative age acceleration compared to controls. While the large sample size led to a statistically significant (p=0.0049) finding, the effect size (age difference of 1.2 years) appears to be negligible.
Data set 45 (leukocytes from healthy children of the Simons Simple Collection) consists of peripheral blood leukocyte samples from 386 healthy (mostly male) subjects (mean age 10, range 3-17). These are healthy siblings of subjects with autism spectrum disorder (ASD) [17]. 
Data set 46 (peripheral blood mononuclear cells from newborns and nonagenarians) [39] can be downloaded from GEO GSE30870.
Data set 47 (peripheral blood mononuclear cells) collected from a community-based cohort stratified for early-life socioeconomic status [40]. The data were downloaded from GEO (GSE37008). The authors found that psychosocial factors, such as perceived stress, and cortisol output were associated with DNAm patterns, as was early-life socioeconomic status. But none of these factors turned out to be related to DNAm age which justified that these covariates were ignored in this study.
Data set 48 (cord blood samples from newborns) comes from a study that related DNAm data to birth weight. Incidentally, DNAm age did not appear to be correlated with birth weight. No citation appears to be available for these data that were submitted to GEO (GSE36812) by N Turan and C Sapienza.
Data set 49 (cord blood mononuclear cells) comes from a study that investigated the effects of periconceptional maternal micronutrient supplementation on infant blood methylation patterns from offspring of Gambian women enrolled into a randomized, double blind controlled trial [41]. No significant relationship between DNAm age and micronutrient supplementation status could be observed.
Data set 50 (cord blood mononuclear cells) is from monozygotic and dizygotic twins [34] but twin status was ignored in our analysis. 
Data set 51 (CD4 T cells from infants) consisted of sorted CD4+ T cell samples. The authors used the data to investigate the dynamics and relationship between DNAm and gene expression during early T-cell development[42]. The mononuclear cells were collected from 24 infants at birth (n=12) and resampled at 12 months (n=12). CD4+ cells were purified and the DNA analyzed using Illumina Inf450K arrays. The data were downloaded from GEO (GSE34639).
Data set 52 (CD4+T cells and CD14+monocytes) consisted of sorted CD4+ T-cells and CD14+ monocytes from blood of an independent cohort of 25 healthy subjects [25]. 
Data set 53 (immortalized B cells) and other cells from progeria and Werner syndrome patients and controls [43]. The Hutchinson-Gilford Progeria Syndrome (HGP) and Werner Syndrome are two premature aging diseases showing features of common aging. Mutations in LMNA and WRN genes are associated to disease onset; however for a subset of patients the underlying causative mechanisms remains elusive. In this study, the authors aimed to evaluate the role of epigenetic alteration on premature aging diseases by performing genome-wide DNAm profiling of HGP and WS patients. The authors analyzed Epstein-Bar virus (EBV) immortalized B cells, naive B-cells, and peripheral blood mononuclear cells. The authors found aberrant DNAm profiles in the premature aging disorders Hutchinson-Gilford Progeria and Werner syndrome [43]. In this relatively small data set, I found no evidence that these premature aging diseases accelerate DNAm age in immortalized B cells. Future studies could evaluate whether premature aging diseases are associated with accelerated DNAm age in other tissues or cell types. Interestingly, chronological age continued to be highly correlated with DNAm age in these immortalized B cells which suggests that immortalization via EBV does not have a major effect on DNAm age.
Data set 54 (cerebellar samples) and data set 55 (occipital cortex samples) from autism cases and controls [44]. The authors collected idiopathic autistic and control cerebellar and BA19 (occipital) brain tissues. Here we ignored autism disease status. Incidentally, we could not detect an association between autism status and DNAm age.
Data set 56 (breast, normal adjacent tissue, Illumina 450K) consists of normal breast tissue samples from 90 female breast cancer cases (mean age 57, range 28-90) from TCGA, but unlike data set 57 these samples were assayed on the Illumina 450K platform.
Data set 57 (breast, normal adjacent tissue, Illumina 27K) consists of normal breast tissue samples from 27 female breast cancer cases (mean age 55, range 35-88) from the The Cancer Genome Atlas (TCGA) data base (http://tcga-data.nci.nih.gov/).
Data set 58 (buccal cells) from [45]. The authors performed a longitudinal study of DNA methylation at birth and age 18 months in DNA from buccal swabs from 10 monozygotic (MZ) and 5 dizygotic (DZ) twin pairs from the Peri/postnatal Epigenetic Twins Study (PETS) cohort.
Data sets 59 (colon) normal adjacent tissue measured on the Illumina 450K array, downloaded from TCGA (COAD data).
Data set 60 (adipose) from monozygotic Twins Discordant for Type 2 Diabetes. [46]. Monozygotic twins discordant for type 2 diabetes constitute an ideal model to study environmental contributions to type 2 diabetic traits. The authors aimed to examine whether global DNAm differences exist in major glucose metabolic tissues from twelve 53–80 year-old monozygotic discordant twin pairs. DNAm was measured by the Illumina HumanMethylation27 BeadChip in 22 (11 pairs) skeletal muscle and 10 (5 pairs) subcutaneous adipose tissue biopsies. Diabetes status was ignored in my analysis. I could find no significant evidence that disease status affects DNAm age in this small data set.
Data set 61 (heart tissue) consists of only 6 human male samples (mean age 61, range 55-71) [47]. Clearly, larger sample sizes will be needed to evaluate this tissue.
Data set 62 (kidney) normal adjacent tissue from clear cell renal carcinoma consists of samples downloaded from the TCGA data base (KIRC) that were measured on the Illumina 27K platform.
Data set 63 (liver normal adjacent tissues) measured on the Illumina 450K platform from the TCGA data base (LIHC data).
Data sets 64 (lung, normal adjacent tissue) measured on the Illumina 450K arrays. The data consists of samples downloaded from TCGA data base (normal from LUAD). 
Data set 65 (muscle) from monozygotic Twins Discordant for Type 2 Diabetes. [46]. Monozygotic twins discordant for type 2 diabetes constitute an ideal model to study environmental contributions to type 2 diabetic traits. The authors aimed to examine whether global DNAm differences exist in major glucose metabolic tissues from twelve 53–80 year-old monozygotic discordant twin pairs. DNAm was measured by the Illumina HumanMethylation27 BeadChip in 22 (11 pairs) skeletal muscle and 10 (5 pairs) subcutaneous adipose tissue biopsies. Diabetes status was ignored in my analysis. I could find no significant evidence that disease status affects DNAm age in this small data set.
Data set 66 (muscle) tissue from healthy men who were 24 years old. These data came from an epigenetic analysis of healthy young men following a control and high-fat overfeeding diet [48]. These data came from a randomized cross-over design, where all subjects received both treatments (control and high-fat overfeeding diet). Biopsies were obtained from 23 different individuals amounting to 22 samples following the control diet and 22 samples following the high-fat overfeeding diet (paired n=21). The resulting 44 samples were analyzed using the Illumina 27K platform. Diet status was ignored in my analysis. I could find no significant evidence that diet affects DNAm age in this relatively small data set.
Data set 67 (placenta) from [49]. DNA from 20 third trimester early onset preeclampsia placentas and 20 gestational age matched controls. 
Data sets 68 (saliva) from alcoholic females involved 52 samples (mean age 32, range 21-55) [36].
Data set 69 (uterine cervix) involved cytologically normal cells from the uterine cervix of 152 women [23, 50]. 
Data set 70 (uterine endometrium normal adjacent tissue) measured on the Illumina 450K platform from the TCGA data base (UCEC data).
Data set 71 (various human tissues)from the ENCODE/HAIB Project. These Illumina 27K data were downloaded from GEO GSE40700.
Data set 72 (chimpanzees and humans) from [47] The authors used the Illumina 27K array to compare DNAm profiles in the following human and chimpanzee tissue samples: 6 human livers, 6 human kidneys, 6 human heart, 6 chimpanzee livers, 6 chimpanzee kidneys, and 6 chimpanzee hearts.
Data set 73 (ape blood) from [51]. The authors applied the Illumina 450K arrays to blood derived DNA from humans, chimpanzees, bonobos, gorillas and orangutans. Since ages were not available for humans and orangutans, I focused on chimpanzees, bonobos, gorillas for whom ages were available.
Data set 74 (sperm) from [52]. The authors performed a genome-wide analysis of sperm DNA isolated from 21 men with a range of semen parameters presenting to a tertiary male reproductive health clinic. DNAm was measured with the Illumina Infinium array at 27,000 CpG loci. 
Data set 75 (sperm) from [53]. The authors applied the 450K platform to DNA derived from 26 normal sperm samples.
Data set 76 (vascular endothelial cells from human umbilical cords) from monozygotic and dizygotic twins [34].
Data sets 77 and 78(special cell types) involved human embryonic stem cells, iPS cells, and somatic cell samples measured on the Illumina 27K array and Illumina 450K array, respectively [54]. Although no specific age information was available, these two valuable data sets could be used a) to compare adult somatic tissues versus fetal somatic tissues (Additional File 8), b) to compare the DNAm ages of different tissues from the same individual (Figure 3), c) to assess the variance of methylation probes across adult somatic tissues and fetal somatic tissues (Additional File 8) d) to study how the DNAm age of iPS cells compares to that of somatic primary tissue and primary cell lines (Figure 6), e) to evaluate how cell passaging effects DNAm age (Figure 6). Data set 78 contained multiple tissue samples from two adults. For data set 78, the following tissues and sample sizes were available: Adipose (n=2 samples), Adrenal (n=4), Aorta (2), Bladder (2), Blood (2), Brain (3), Breast (1), Colon (1), Diaphragm (2), Duodenum (1), human embryonic stem (ES) cells (118), Gallbladder (1), Heart (2), iPS (46), Kidney (2), Liver (1), Lung (4), Lymph Node (2), Ovary (2), Pancreas (2), Prostate (1), Skeletal Muscle (2), Skin (1), Small Intestine (1), Somatic Primary Cell Line (49), Spleen (3), Stomach (4), Tongue (1) Ureter (2). For data set 52, the following sample sizes were available [54] Adipose (2), Adrenal (5), Bladder (2), Blood (2), Brain (5), ES (19), Heart (5), iPSC (29), Kidney (5), Liver (4), Lung (7), Lymph Node (2), Pancreas (2), Skeletal Muscle (2), Somatic Primary Cell Line (22), Spleen (5), Stomach (6), Thymus (2), Tongue (2), Ureter (2).

Data set 79 (reprogrammed mesenchymal stromal cells from human bone marrow (iP-MSC), initial MSC, and embryonic stem cells) [55]. The authors reprogrammed mesenchymal stromal cells from human bone marrow (iP-MSC) and compared their DNAm profiles with initial MSC and embryonic stem cells (ESCs) using the Illumina 450K array. The data were downloaded from GEO (GSE37066).

Data set 80 (hESC and normal primary tissue) from [56]. The authors extracted DNA from the following well-characterized human embryonic stem cell (hESC)lines: SHEF-1, SHEF-4, SHEF-5, SHEF-7, H7, H14, H14S9, H7S14, HS181 and I3. The authors used DNA from human normal primary tissues provided by Biochain (Hayward, CA, USA).

Data set 81 (hESC) from [57].DNA derived from H9, H13C, SHEF2 hESC cultured in two different media. The medium was not significantly related with DNAm age estimate.

Data set 82 (blood cell type data) [58] Six healthy male blood donors, age 38 ± 13.6 years, were included in the study. From each individual, global DNAm levels were analyzed in whole blood, peripheral blood mononuclear cells (PBMC) and granulocytes as well as for seven isolated cell populations (CD4+ T cells, CD8+ T cells, CD56+ NK cells, CD19+ B cells, CD14+ monocytes, neutrophils, and eosinophils), n=60 samples analyzed in total. The data were downloaded from GEO (GSE35069).
[bookmark: _Toc368641093]Criteria guiding the choice of the training sets
The choice of training data sets was guided by the following criteria: First, the training data should represent a wide spectrum of tissues and cell types. As can be seen from Additional file 1, the training data involve blood (whole blood, cord blood, PBMCs), brain (cerebellum, frontal cortex, pons, prefrontal cortex, temporal cortex, neurons and glial cells), breast, buccal epithelium, cartilage, colon, dermal fibroblasts, epidermis, gastric tissue, head/neck tissue, heart, kidney, liver, lung, mesenchymal stromal cells, prostate, saliva, stomach, thyroid, etc. 
Second, the mean age in the training data (43 years, standard deviation= 25) should be comparable to that of the test data (42 years, SD=25). Third, the training data should contain a high proportion of samples (37%) measured on the Illumina 450K platform since many on-going studies use this recent Illumina platform. Incidentally, 34% of test set samples were measured on the 450K platform. Here I only studied 21369 probes measured with the Infinium type II assay which satisfied the following criteria: a) they were present on both Illumina platforms (Infinium 450K and 27K) and b) had fewer than 10 missing values.
[bookmark: _Toc366247952][bookmark: _Toc368641094]Description of the cancer data sets
An overview of the publicly available cancer DNAm data sets can be found in Additional file 1. The table reports the sample size, median age, age range, and tissue source, citation. All data are publicly available as can be seen from the column that reports GSE identifiers from the Gene Expression Omnibus (GEO) database and other online resources. More details on the individual data sets are given in the following.
Data set 3 (glioblastoma multiforme, GBM) measured on the Illumina 450K array from [59] (GEO identifier GSE36278).
Data set 4 (breast cancer) measured on the Illumina 27K array from [60] (GEO identifier GSE31979).
Data set 5 (breast cancer) measured on the Illumina 27K array from [61](GEO identifier GSE20712).
Data set 6 (breast cancer) measured on the Illumina 27K array from [23] (GEO identifier GSE33510).
Data set 10 (colorectal cancer) measured on the Illumina 27K array from [62] (GEO identifier GSE25062).
Data set 23 (prostate cancer) measured on the Illumina 27K array from [35] (GEO identifier GSE26126).
Data set 30 (urothelial carcinoma) measured on the Illumina 27L array from [63].
All other cancer data sets came from the TCGA data base. In particular, acute myeloid leukemia (AML), bladder urothelial carcinoma (BLCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), colon adenocarcinoma (COAD), head/neck squamous cell carcinoma (HNSC), liver hepatocellular carcinoma (LIHC), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver ovarian serous cystadenocarcinoma (OVAR), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), sarcoma (SARC), thyroid carcinoma (THCA), skin cutaneous melanoma (SKCM), uterine corpus endometrioid carcinoma (UCEC).
[bookmark: _Toc368641095]DNAm profiling and pre-processing steps
Full experimental methods and detailed descriptions of these public data sets can be found in the original references. The following briefly summarizes the main steps. Methylation analysis was performed either using the Illumina Infinium Human Methylation27 BeadChip [64] or the Illumina Infinium HumanMethylation450 BeadChip. The Illumina HumanMethylation27 BeadChips measures bisulfite-conversion-based, single-CpG resolution DNAm levels at 27,578 different CpG sites within 5' promoter regions of 14,475 well-annotated genes in the human genome. Data from the two platforms were merged by focusing on the roughly 26k CpG sites that are present on both platforms. The HumanMethylation27 BeadChip mainly represents specific CpG that are located near gene promoter regions.
All of the public data were generated by following the standard protocol of Illumina methylation assays, which quantifies DNAm levels by the β value using the ratio of intensities between methylated (signal A) and un-methylated (signal B) alleles. Specifically, the β value was calculated from the intensity of the methylated (M corresponding to signal A) and un-methylated (U corresponding to signal B) alleles, as the ratio of fluorescent signals β= Max(M,0)/[Max(M,0)+Max(U,0)+100]. Thus, β values range from 0 (completely un-methylated) to 1 (completely methylated) [65]. 
The mean inter-array correlation was used to measure how similar (correlated) a given sample is compared to the remaining samples of the data set. To ensure high quality data without technical artifacts, non-cancer samples were only used if their mean inter-array correlation was larger than 0.90 and if their maximum DNAm level (across all probes) was larger than 0.96. This filtering step was not applied to the cancer samples since it is well known that cancer greatly affects the DNAm levels. It is worth mentioning that my results would barely change if all samples had been used. 
[bookmark: _Toc368641096]Normalization methods for the DNA methylation data
I carried out several normalization steps to ensure that these data are comparable. While quantile normalization is often used in gene expression studies, it is less frequently used in DNAm studies. Before explaining my unbiased normalization strategy, I briefly provide some background. The Illumina 450K platforms uses two different chemical assays. The Infinium I and Infinium II assays for the assessment of the DNAm status of more than 480,000 cytosines distributed over the whole genome. The older Illumina 27K platform only uses the Infinium II assays. Several authors have noted that the data generated by the two chemical assays used by the 450K platform are not entirely compatible [66]. Dedeurwaerder et al (2011) showed that their correction technique called 'peak-based correction', which rescales type II probes on the basis of type I probes greatly improved the signal in Illumina Inf450K data. Similarly, Maksimovic et al (2012) showed that their subset-quantile within array normalization (SWAN) substantially improves the results for the Illumina 450K platform [67]. Unfortunately, I could not adopt the SWAN normalization here since it requires idat input files, which were not available for many of the data sets.
Teschendorff et al (2012) developed a model-based intra-array normalization strategy for the 450K platform, called BMIQ (Beta MIxture Quantile dilation), which adjusts beta-values of type II probes into a statistical distribution characteristic of type I probes[68]. 
My own studies support the claim of these authors that normalizing type II probes so that they correspond to type I probes is a very useful pre-processing step for any study using the Illumina 450K platform. I could not adopt these techniques directly since my study only involves type II probes from the 27K platform. About 26000 CpGs from the 27K platform are also represented on the 450K platform and have the same probe identifier. Therefore, it is straightforward to merge data from the two platforms as long as one restricts attention to these overlapping probes. The age predictor was trained on the roughly 21368 type II probes that a) are shared between the Illumina 27K and the 450K platforms and b) had <= 10 missing values across the training data. However, I adopted the idea underlying these articles as follows. Instead of using type I probes as gold standard for rescaling type II probes, I created another gold standard by forming the mean DNAm value in the largest single study of this article (data set 1, i.e. whole blood samples from [13]). Next, I adapted the BMIQ R function from Teschendorff et al (2013) [68] so that it would rescale the overlapping 21k probes of each array so that their distribution matched that of the new gold standard. My empirical studies showed that this pre-processing step improved the accuracy of the resulting age predictor especially when it comes to the median error.
[bookmark: _Toc368641097]Explicit details on the definition of DNAm age
Based on the training set data, I found that it is advantageous to transform age before carrying out a elastic net regression analysis. Toward this end, I used the following function F for transforming age:
F(age)=log(age+1)-log(adult.age+1) if age<= adult.age.
F(age)=(age-adult.age)/(adult.age+1) if age> adult.age.
The parameter adult.age was set to 20 for humans and 15 for chimpanzees. Note that F satisfies the following desirable properties: it
i) is a continuous, monotonically increasing function (which can be inverted), 
ii) has a logarithmic dependence on age until adulthood (here set at 20 years),
iii) has a linear dependence on age after adulthood (here set to 20),
iv) is defined for negative ages (i.e. prenatal samples) by adding 1 (year) to age in the logarithm,
v) it has a continuous first derivative (slope function). In particular the slope at age=adult.age is given by 1/(adult.age+1).
The function F is visualized in Figure 6B,C by a red line. As expected, the red line passes through the weighted average of the CpGs (i.e. the linear part of the regression model). The inverse of the function F, denoted by inverse.F, is used to transform the linear part of the regression model into DNAm age.
An elastic net regression model (implemented in the glmnet R function) was used to regress a transformed version of age on the roughly 21k beta values in the training data. The elastic net regression results in a linear regression model whose coefficients b0, b1, ..., b353 relate to transformed age as follows
+error
The coefficient values can be found in Additional file 3. Based, on the coefficient values from the regression model, DNAmAge is estimated as follows

Thus, the regression model can be used to predict the transformed age value by simply plugging the beta values of the selected CpGs into the formula. The linear part, (i.e. the weighted average of the selected CpGs) is visualized as red line in Figure 6B,C.
The glmnet function requires the user to specify two parameters (alpha and beta). Since I used an elastic net predictor, alpha was set to 0.5. But the lambda value of 0.02255706 was chosen by applying a 10 fold cross validation to the training data (via the R function cv.glmnet).
The following R code provides details on the analysis.
library(glmnet)
# use 10 fold cross validation to estimate the lambda parameter 
# in the training data
glmnet.Training.CV = cv.glmnet(datMethTraining, F(Age), nfolds=10,alpha=alpha,family="gaussian")
# The definition of the lambda parameter:
lambda.glmnet.Training = glmnet.Training.CV$lambda.min
# Fit the elastic net predictor to the training data
glmnet.Training = glmnet(datMethTraining, F(Age), family="gaussian", alpha=0.5, nlambda=100)
# Arrive at an estimate of of DNAmAge
DNAmAgeBasedOnTraining=inverse.F(predict(glmnet.Training,datMeth,type="response",s=lambda.glmnet.Training))
[bookmark: _Toc368641098]Chromatin state data used for Additional File 9
While specific histone modifications correlate with regulator binding, transcriptional initiation and elongation, enhancer activity and repression, combinations of chromatin modifications can provide even more precise insight into chromatin state [69]. Here I used the chromatin state data from [69]. The authors profiled nine human cell types, including common lines designated by the ENCODE consortium and primary cell types. These consisted of embryonic stem cells (H1 ES), erythrocytic leukemia cells (K562), B-lymphoblastoid cells (GM12878), hepatocellular carcinoma cells (HepG2), umbilical vein endothelial cells (HUVEC), skeletal muscle myoblasts (HSMM), normal lung fibroblasts (NHLF), normal epidermal keratinocytes (NHEK), and mammary epithelial cells (HMEC). 
Ernst et al (2011) distinguish six broad classes of chromatin states, referred to as promoter, enhancer, insulator, transcribed, repressed, and inactive states. Within them, active, weak and poised promoters (states 1-3) differ in expression levels, strong and weak candidate enhancers (states 4-7) differ in expression of proximal genes, and strongly and weakly transcribed regions (states 9-11) also differ in their positional enrichments along transcripts. Similarly, Polycomb-repressed regions (state 12) differ from heterochromatic and repetitive states (states 13-15), which are also enriched for H3K9me3. It will be interesting to map the 353 clock CpGs to the states of individual cell lines. Since the number of profiled cell lines keeps expanding and warrants a comprehensive analysis, reporting results for individual cell lines is beyond the scope of this article. Instead, I provide a broad overview by averaging the results across the 9 cell lines mentioned by Ernst 2011. Specifically, the y-axis of Additional file 9 reports the mean number of cell lines (out of 9 cell lines) for which the CpGs were in the chromatin state mentioned in the title.
[bookmark: _Toc368641099]Comparing the multi-tissue predictor with other age predictors
Several recent publications describe age predictors based on DNA methylation levels [2, 3, 16]. Hannum et al (2012) found that computing a DNAm based age predictor for different tissues gave basically no overlap, e.g. blood-derived predictive CpGs were different from those from other tissues [16]. This suggests that an optimal age predictor for one tissue may be sub-optimal for another. I don't disagree with these results. Instead, I show that one can build a multi-tissue age predictor which can be used for addressing a wide range of questions arising in aging research. While slight gains in accuracy can probably be achieved by focusing on a single tissue and considering more CpGs, the major strength of the proposed multi-tissue age predictor lies in its wide applicability: for most tissues it will not require any adjustments or offsets. The proposed multi-tissue age predictor greatly outperforms the predictors by [2, 3] as detailed below. I could not directly evaluate the predictor by [16] since a) only seven out of its 71 CpGs are represented on the Illumina 27K platform, b) it included gender and body mass index as covariates. However, I was able to evaluate the performance of a sparse version of the published predictor by using the seven overlapping CpGs that could be found on both Illumina platforms. In the following, I provide more details. To provide an unbiased comparison, I constructed each predictor in an analogous fashion in the training data, i.e. its coefficient values were estimated using the same penalized regression approach. Thus, the predictors only differed with respect to the sets of CpGs that were considered in the penalized regression model. While this does not allow me to assess the performance of the published predictors directly, it provides a completely unbiased comparison of the age predictors. Using the coefficient values from the respective publications would have biased the comparison against them since most were constructed on significantly smaller training data sets (often involving a single tissue) or using a single Illumina platform.
I evaluated the performance of each age predictor a) across the training data sets and b) across the test data sets. Since I constructed each predictor using the training data sets, the estimated accuracy in the training set is overly optimistic. I also defined a "shrunken" version of my multi-tissue age predictor, which only involves a subset of 110 CpGs from the 353 CpGs. As indicated by its name, the shrunken predictor is defined by using a more stringent shrinkage parameter (50 times that of the original model) in the penalized regression model. The shrunken predictor is highly accurate in the training data (cor=0.95, error=4 years) and test data (cor=0.95, error=4.2 years). Coefficient values of the multi-tissue predictor and its shrunken version can be found in Additional File 3. I find that my multi-tissue age predictor greatly outperforms the predictors by [2, 3]. Even when I use the same penalized regression approach for re-training their CpGs, both predictors lead to high errors in training and test data (>14 years) and much lower age correlations (<=0.56). Hannum et al (2012) proposed an age predictor based on 71 CpGs [16]. The authors built a predictive model of aging using a penalized regression method (elastic net) but it differs from the current analysis in the following aspects. First, the aging model from [16] was trained on whole blood, which is a noteworthy advantage when it comes to the design of practical diagnostics and for testing blood samples collected from other studies. Second, it also included clinical parameters such as gender and body mass index as covariates. Third, it is based on CpGs from the Illumina 450K arrays while my predictor only involves CpGs from the Illumina 27K array. Since only seven of the 71 CpG markers from [16] can be found on the Illumina 27K array, I could not carry out a direct comparison across the many tissues considered here. Instead, I was only able to evaluate the performance of a very sparse version of the published predictor by using the seven overlapping CpGs (cg04474832, cg05442902, cg06493994, cg09809672, cg19722847, cg21296230, cg22736354) that could be found on both Illumina platforms. The resulting sparse version performs well in the training data (age cor=0.82, error=8.0 years) and in the test data (cor=0.86, error=8.0 years).
In conclusion, a sparse version of the predictor from [16](based on 7 CpGs) works best among predictors with fewer than 10 CpGs. The proposed multi-tissue predictor suggests that a couple of hundred CpGs will be needed to accurately predicted age across multiple tissue types and the two Illumina platforms.
[bookmark: _Toc368641100]Meta analysis for finding age-related CpGs
To measure pure age effects in the marginal analysis (Additional file 9), I used the metaAnalysis R function in the WGCNA R package [70]. This function allowed to to calculate two p-values: pValueHighScale and pValueLowScale for finding consistently positively and negatively age related CpGs, respectively. Thus, CpGs with a low pValueHighScale have a consistently high age correlation in the individual data sets. Since this meta analysis method conditions on the data sets, the p-values are not confounded by data set or tissue. I used the signed logarithm (base 10) of the meta analysis p-value in scatter plots (Additional file 8E,F). The sign was chosen so that CpGs with positive (negative) age correlations lead to positive (negative) log p-values. Additional file 8E shows that the meta analysis p-value based on the training data sets is highly correlated with a corresponding meta analysis p-value calculated using all training and test sets. The high correlation shows that little information is lost by focusing on the training data. The most significant age-related CpGs found in all data can already be found using the training data alone. 
[bookmark: _Toc368641101]Variation of age related CpGs across somatic tissues 
Since the age predictor performs well across a wide spectrum of tissues, I hypothesized that many of the 353 CpGs used for estimating DNAm age vary little across tissues and that many of them correlate highly with age. 
To test this hypothesis, I first defined three different measures of tissue variance. The first measure of tissue variance used analysis of variance (ANOVA) across the training data sets. Toward this end, I used a multivariate regression model to regress each CpG (dependent variable) on age and tissue type. The regression model included age as covariate since the analysis needed to adjust for the fact that different data sets had different age distributions (Additional File 1). ANOVA allowed me to calculate an F statistic for tissue effect which takes on a large value for CpGs that vary greatly across the different training set tissues. The second and third measure of tissue variance were defined using the adult somatic tissues and the fetal somatic tissues, respectively, from [54] (Additional File 1, data set 77). As an aside, I mention that the mean DNAm age (predicted age) of fetal somatic tissues is close to zero, i.e. it is much lower than that of adult somatic tissues in this data set, which again validates the age predictor. The adult- and the fetal measure of tissue variance of each CpGs is defined by its variance across the adult and somatic tissue samples from [54], respectively. I find that the adult and the fetal tissue variance measures are highly correlated (cor=0.8, Additional File 8A) which indicates that these measures are robustly defined and change little with age. Since the data from Nazor et al (data set 77 in Additional File 1) were not part of the training data, these measures could be used to validate the F-statistic measure of tissue variance. I find a high correlation between the adult measure of tissue variance and the F statistic (cor=0.73, Additional File 8D) which shows that these measures of tissue variance are highly reproducible. I also defined a stringent measure of age variation for each CpG using a meta analysis approach. The meta analysis calculated age correlations in each training data set separately and next aggregated the correlation test p-values resulting in a meta analysis p-value. Different from the construction of the age predictor, the meta analysis approach explicitly conditioned on each data set. Thus, a CpG has a significant meta analysis p-value if it consistently correlates with age irrespective of tissue type, data set effect, or Illumina platform version. It did not really matter that I calculated the meta analysis p-value using the training data alone since the resulting p-value is highly correlated (cor=0.97, Additional File 8E) with the analogous p-value that results from using all data sets.
To address the question how the tissue variation of a CpG relates to its age variation, I plotted tissue variance versus age variance. Using the ANOVA F statistic for tissue effect, I find the that CpGs with high positive or negative age correlations do not vary much across the somatic adult tissues (Additional File 8F). A completely analogous result can be observed when using the somatic variance measures involving the adult and fetal tissues from Nazor et al (data 77). CpGs that vary little across tissues appear to be more susceptible to aging effects. Conversely, CpGs that vary greatly across tissues are less affected by aging effects which might reflect that they are actively protected against aging effects. The red and blue dots in Additional File 8 correspond to the 353 CpGs used for estimating DNAm age. Additional File 8 also shows that the most significant CpGs were selected by the age predictor.
[bookmark: _Toc368641102]Studying age effects using gene expression data
The publicly available microarray data sets involved mainly healthy individuals (in particular no cancer samples were considered).
To estimate the age effect on gene expression levels, I analyzed multiple independent publicly available microarray data sets. Blood microarray data sets involving mainly healthy control individuals (referred to as SAFHS [71], Chaussabel [72] and NOWAC [73] data) and the CD8 T cell microarray data Cao [74]. To assess whether a gene was differentially expressed between naive CD8+ T cells and antigen exposed CD8+ T cells, I used the data from Willinger et al [75, 76]). In the following I provide more details.
The data from a study of post-menopausal women (the NOWAC data). In my largest expression data set, the San Antonio Family Heart Study (SAFHS) data set, individuals were ascertained from probands meeting two criteria: 1) having a living spouse and 2) having six first-degree relatives 16 years or older in the San Antonio area – excluding parents. While this data set was used to study cardiovascular phenotypes, the data was obtained without selection bias towards these traits, and therefore can be considered a random sampling.
I obtained the San Antonio Family Heart Study (SAFHS) blood data set, which was previously analyzed by Goring, et al [71].This data set was derived from lymphocytes; RNA was hybridized to Illumina Sentrix Human Whole Genome (WG-6) Series I BeadChips with probe sets corresponding to 18,544 genes. Quantile normalization was applied to the raw data. This data set consisted of 1,084 samples: 452 males and 632 females between ages 15 and 94 after outlier removal. Specifically, outlier detection and removal was performed using an iterative process of removing outliers with average interarray correlation (IAC) ≤ 2 SD below the mean until visual inspection of the cluster dendrogram and plot of the mean IAC revealed no further outliers. This analysis was completely unbiased and agnostic to chronological age. Toward this end, I used our recently developed sampleNetwork R function described in [77]
The Chaussabel data set was originally published by Pankla, et al.[72] and was used to study melioidosis. 67 whole blood samples were hybridized to Illumina Sentrix Human-6 V2 BeadChip arrays with 12,483 genes. Background subtraction and average normalization was performed using Illumina BeadStudio version 2 software, and standard normalization for one-color array data was performed using Gene-Spring GX7.3 software (Agilent Technologies) by the original authors. This data set consisted of 35 men and 32 women between the ages of 18 and 74. I also used healthy postmenopausal women from the Norwegian Women and Cancer (NOWAC)study [73]. The whole blood data were measured using AB Human Genome Survey Microarray V2.0 with 16,753 genes. For sets of technical replicates, arrays with the least number of probes with a S/N > 3 were excluded. Arrays with less than 40% of probes with a S/N ≥ 3 were removed. Probes with an S/N > 3 in less than 50% of samples were excluded. Log (base 2) transformation, quantile normalization and imputation was performed. I furthermore excluded samples using an iterative process of removing samples with average interarray correlation <2 SD ultimately resulting in 245 samples. Age ranges of [48,53), [53,58) and [58,63] were given, and I used for the analysis corresponding ages of 50, 55 and 60.
In the CD8+ T cell data set from Cao, et al.[74] Affymetrix HG-U133A_2 Gene Arrays were used to explore the expression profiles of three male and six female donors whose ages ranged from 23 to 81. Microarray Suite Version 5.0 (MAS 5.0; Affymetrix) was used to quantify the expression levels of 12,483 genes. In the CD8+ T cell data set from Willinger et al [75, 76], Affymetrix HG-U133 plus 2.0 arrays (log transformed MAS5 data) were used to explore the expression profiles of human CD8+ naive T cells (TN), central memory (TCM), effector memory (TEM), and effector memory RA (TEMRA) CD8+ T cells. TN can be regarded as peripheral stem cells, while TEM and TEMRA are differentiated cells with effector function. For each T cell type, the original data set contained 4 replicates (i.e. there were 16 arrays). Since one of the central memory samples had very low interarray correlation with the other samples, I removed this potential outlier from the analysis. A Student t-test of differential expression was used to compare expression levels in naive CD8+ cells versus the memory T cells.
The first brain data set was previously analyzed by Lu, et al. [78]. 30 frontal lobe samples were hybridized to Affymetrix HG-U95Av2 oligonucleotide arrays with 8,760 genes. Arrays were normalized by Lu, et al. using dChip V1.3 software, and after using the aforementioned iterative process of removing samples with average interarray correlation <2 SD below the mean I obtained 25 samples. This data set consisted of 16 men and 9 women between ages 26 and 91.
The second cortical brain data set was previously analyzed by Myers, et al. [79]. The Illumina HumanRef-8 Expression BeadChip was utilized, and expression profiles were rank-invariant normalized using Illumina BeadStudio software. I utilized an iterative normalization process and removed 25 samples for a total of 168 samples and 19,880 genes. This data set consisted of 92 men and 76 women between ages 65 and 100. The third cortical brain data set was previously analyzed by Oldham, et al. [80].Affymetrix HG-U95Av2 microarrays were used. Quantile normalization was utilized. Ultimately I identified 7763 genes in 67 individuals. This data set consisted of 48 men and 19 women between ages 22 and 81. The kidney data sets were previously analyzed by Rodwell, et al. [81]. I utilized data from HG-U133A high-density oligonucleotide arrays; Rodwell, et al. normalized data using the dChip program according to the stable invariant set, and I further processed using the normalization and iterative outlier removal process. These normalization and outlier detection procedures resulted in 63 kidney cortex samples and 52 kidney medulla samples. There were 12,606 genes in both data sets. The kidney cortex data set consisted of 35 men and 26 women between ages 27 and 87, and the kidney medulla data set consisted of 29 men and 23 women between ages 29 and 92.
The muscle data set was previously analyzed by Zahn, et al. [82]. 81 samples were hybridized to Affymetrix HG-U133 2.0 Plus high-density oligonucleotide arrays. The authors used the DChip program to normalize the data. I omitted 10 samples using the iterative normalization and outlier removal process, resulting in 71 samples and 19,621 genes. This data set consisted of 39 men and 32 women between ages 16 and 89.
[bookmark: _Toc368641103]Meta analysis applied to gene expression data


In the following, I describe how I obtained the Pearson correlation coefficient, the corresponding t-test statistic Z in each data set, the metaZ statistics summarizing correlation test statistics across multiple data, a corresponding empirical p-value (pMetaZ). I denote by rs the Pearson correlation coefficient (e.g. between age and the gene expression profile) in the s-th data set. The Student t-test statistic for testing whether the correlation is different from zero is given by where ms denotes the number of observations (i.e. microarrays, individuals) in the s-th data set. This Z statistic is equivalent to the Wald test statistic resulting from a univariate regression model where age is regressed on the gene expression profile. To combine multiple correlation test statistics across the data sets, I used the metaZ statistic  where ws denotes a weight associated with the s-th data set. All data sets received a weight of ws=1 but the weight had a negligible effect. Under the null hypothesis of zero correlation, metaZ follows an approximate normal distribution under weak assumptions, which will be outlined in the following. First, metaZ follows approximately a standard normal distribution if each individual Zs follows approximately a standard normal distribution since the data sets are independent. Second, even if individual Z statistics do not follow a normal distribution, one can invoke the central limit theorem if many independent data sets are being considered.
[bookmark: _Toc368641104]Names of the genes whose mutations are associated with age acceleration
Mutations in the following genes either increase or decrease DNAm age.
AKAP9–A kinase (PRKA) anchor protein (yotiao) 9 
CHD7–chromodomain helicase DNA binding protein 7 [Homo sapiens]
CTNND2–catenin (cadherin-associated protein), delta 2 
DMBT1–deleted in malignant brain tumors 1 
DSG3–desmoglein 3 
FAM123C–family with sequence similarity 123C 
FAT4–FAT atypical cadherin 4 
GATA3–GATA binding protein 3
KCNB1–potassium voltage-gated channel, Shab-related subfamily, member 1 
LEPR–leptin receptor 
MACF1–microtubule-actin crosslinking factor 1 
MB21D1–Mab-21 domain containing 1 
MGAM–maltase-glucoamylase (alpha-glucosidase) 
MUC17–mucin 17, cell surface associated 
MYH7–myosin, heavy chain 7, cardiac muscle, beta 
RELN–reelin 
THOC2–THO complex 2 
TMEM132D–transmembrane protein 132D 
TTN–titin 
TP53–tumor protein p53 
U2AF1–U2 small nuclear RNA auxiliary factor 1
[bookmark: _Toc368641105]Is DNAm age a biomarker of aging?
The American Federation for Aging Research proposed the following criteria for a biomarker of aging (reviewed in [83-85]): 
1. It must predict the rate of aging. 
2. It must monitor a basic process that underlies the aging process, not the effects of disease. 
3. It must be able to be tested repeatedly without harming the person. 
4. It must be something that works in humans and in laboratory animals. 
I will address these criteria in reverse order. DNAm age probably meets criterion 4 if chimpanzees are acceptable as lab animals (given my results in Figure 4). There is a good chance that it meets criterion 3 (given my results in blood, saliva, buccal cells, skin) and criterion 2 (see my EMS model of DNAm age and the vast literature on aging effects on DNA methylation levels). Large cohort studies will be very valuable for addressing criterion 1. These studies need to test whether a measure of DNAm based age acceleration will, in the absence of disease, better predict functional capability than chronological age [86]. 
[bookmark: _Toc368641106][bookmark: _GoBack]Online DNAm age calculator
I plan to develop a user-friendly web implementation of this software in the near future; please see my website http://labs.genetics.ucla.edu/horvath/htdocs/dnamage/ for updates.
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