Supplementary Methods

Participants
The Texas Twin Project is a longitudinal study of school-aged twins and other multiples in central Texas.1 Ethical approval for all study procedures was granted by the University of Texas Institutional Review Board. Twin children and their families were recruited from public school rosters and public outreach. Participants were excluded from enrollment if they did not speak English or Spanish sufficiently to complete survey measures, or if one of the twin children had a medical or psychiatric condition that prevented them from completing an in-laboratory assessment. Data collection included educational records extraction, in-laboratory cognitive assessments, biosample collection, and surveys of twins and their caregivers. 

For EWAS analyses of pubertal age and pubertal pace in TTP data, analyses were restricted to a single epigenetic sample per participant (Table 1 in main text). For elastic net analyses, repeated measures data were used for participants who contributed more than one epigenetic sample, and families were randomly divided into a training set (75% of the sample) and a test set (25%), as summarized here: 
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The Future of Families and Child Wellbeing Study is a 20-city birth cohort that recruited children born between 1998 and 2000 in the United States.2 Ethical approval for all study procedures was granted by the Princeton University Institutional Review Board. Women were randomly selected from hospitals at the birth of the target child. Unmarried mothers were oversampled by a ratio of 3:1, as the original aims of the study were to examine the downstream effects of families who were disproportionately likely to break up and live in poverty, rather than more advantaged and historically privileged family structures. Participants were excluded from enrollment at baseline if they planned to place the child up for adoption, if the father of the baby was not living at the time of birth, if they did not speak English or Spanish sufficiently to complete the interview, if the mothers or babies were too ill for the mother to complete the interview, or if the baby died before the interview could take place. Assessments continued at ages 1, 3, 5, 9, and 15; an additional follow-up is ongoing. Data collection included medical records extraction, in-home assessments, biosample collection, and surveys of the mother, father, primary caregiver, child, and teachers. This cohort has been extensively used to characterize pathways linking family structure, socioeconomic resources, and child as well as family outcomes.3 Participants provided written informed consent for the study. The data used in this manuscript were prepared by the Fragile Families and Childhood Wellbeing Study administrators following approval of the manuscript proposal. 
The German Twin Family Panel (TwinLife) is a representative, longitudinal study of twins conducted annually. The study received ethical approvals from the German Psychological Association (Deutsche Gesellschaft für Psychologie) and is described in detail in Rohm et al.4 The TwinLife study used a stratified random sampling design that focused on an initial sample of 500 municipalities. In these, twin participants were identified by screening population registers for persons of the same sex with the same date of birth who were registered at the same. An initial sample of N = 4,097 families with monozygotic or dizygotic same-sex twin pairs were recuited at baseline. This TwinLife sample comprised four age cohorts with twins aged 5 (cohort 1), 11 (cohort 2), 17 (cohort 3), and 23 (cohort 4) at the time of the first survey. In total, each age cohort includes approximately 1,000 families. The assessment method alternates each year between face-to-face home visits and telephone interviews. A subsample had DNA methylation data available. 
DNA-methylation acquisition and processing 
DNA extraction and methylation profiling in the TTP was conducted by Edinburgh Clinical Research Facility (UK). DNA-methylation preprocessing was primarily conducted with the ‘minfi’ package in R statistical software. Within-array normalization was performed to address array background correction, red/green dye bias, and probe type I/II correction, and it has been noted that at least part of the probe type bias is a combination of the first two factors.5 Noob preprocessing as implemented by minfi’s “preprocessNoob”6 is a background correction and dye-bias equalization method that has similar within-array normalization effects on the data as probe type correction methods such as BMIQ.7 CpG probes with detection p > 0.01 and/or fewer than 4 beads in more than 5% of the samples were excluded.8 Sixty-four samples were excluded because (1) they showed low intensity probes as indicated by the log of average methylation < 9 and (2) their detection p was > 0.01 in > 10% of their probes, or (3) there was a self-reported and methylation-estimated sex mismatch. Ten additional samples were removed through visual inspection of violin plots. 
DNA extraction and methylation profiling for FFCW was conducted by the Notterman Lab of Princeton University and the Pennsylvania State University College of Medicine Genome Sciences Center. DNA-methylation image data were processed in R statistical software using the ENmix package.9 The red and green image pairs were read into R and the ENmix preprocessENmix and rcp functions were used to normalize dye bias, apply background correction, and adjust for probe-type bias. The majority of sample filtering was applied using the ewastools packages.10 Samples were excluded using the following criteria: if >10% of DNA-methylation sites had detection p-value >0.01, if there was sex discordance between DNA-methylation predicted sex and recorded sex, or if two sequential samples from the same individual exhibited genetic discordance between visits. ENmix QCinfo function identified samples with outlier methylation values which were cut. DNA-methylation sites were removed if they had detection p-value > 0.01 in 5% of samples.
As part of two TwinLife satellite studies, TwinSNPs and TECS, saliva samples were collected for DNA extraction. During TwinLife's in-person interviews between 2018 and 2020, twins and their family members were invited to take part in the molecular genetic analyses. For those who consented, saliva samples were sent to researchers at University Hospital Bonn in Germany. The samples were gathered using Oragene self-collection saliva kits (OG-500 and OG-600, DNA Genotek, Canada), with DNA extraction in line with the manufacturer’s guidelines. Preprocessing of the methylation sample was performed in line with the pipeline of Maksimovic and colleagues using the R package “minfi” (version 1.40.0).11,12 Samples were excluded when 1) mean detection p-value > 0.05 (n = 3), 2) sex mismatches between phenotypic sex and sex estimated from methylation data (n = 14), 3) there appeared to be a sample mixup (n = 4). Beta values were normalized applying stratified quantile normalization and BMIQ. Probes were removed if 1) containing SNPs (n = 24,038), 2) X or Y chromosome probes (n = 16,263), 3) cross-hybridizing probes (n = 46,867) and polymorphic probes (n = 297), and probes with a detection p-value > 0.01 in at least one sample (n = 79,922). The batch effects were corrected for transformed M-values using Combat. The strongest batch effects were iteratively removed. 
Epigenetic aging clocks

GrimAge. GrimAge is a DNAm measure developed on a set of physiological indicators using machine learning analyses and DNAm algorithms to predict morbidity and mortality.13 GrimAge signifies the age in years at which average mortality risk in the Framingham Heart Study Offspring cohort matches actually predicted mortality risk. We used DNAm principal components when computing GrimAge to increase reliability and to reduce technical noise,14 and created GrimAge Acceleration residualizing GrimAge for chronological age. 

PhenoAge. PhenoAge is modeled based on physiological markers and chronological age and subsequently applied to a new sample modeled from DNA methylation to derive a final DNA methylation clock.15 It represents the age in years at which average mortality risk in NHANES III matches the mortality risk predicted by the PhenoAge algorithm. We used DNAm principal components when computing PhenoAge to increase reliability and to reduce technical noise,14 and created PhenoAge Acceleration by residualizing PhenoAge for chronological age. 
[bookmark: _dc3wog31teum]
[bookmark: _u6ivvbfs5nq8]DunedinPACE. DunedinPACE was calculated using a published algorithm available at https://github.com/danbelsky/DunedinPACE.16 Scores indicate years of physiological decline experience per calendar year. The expected value of DunedinPACE in midlife adults is 1. Values >1 indicate accelerated aging, while values <1 indicate slowed aging. DunedinPACE measures the rate at which aging occurs and was derived from analysis of longitudinal changes at 19 biomarkers (e.g., body mass index, glycated hemoglobin, total cholesterol, cardiorespiratory fitness, and tooth decay) measured at 26, 32, 38, and 45 years of age in the Dunedin Study.
[bookmark: _mrphre4txfom][bookmark: _dj5xmhkwh62s][bookmark: _13pqdgcfm1we]
Horvath Multi-Tissue 
Horvath Multi-Tissue17 was trained on 7,844 samples from 51 different tissue and cell types. It was developed by regressing a transformed version of chronological age on CpGs. We used DNAm principal components when computing Horvath Multi-Tissue to increase reliability and to reduce technical noise,14 and created Horvath Multi-Tissue Acceleration by residualizing Horvath Multi-Tissue for chronological age. 

Horvath Skin-and-Blood
[bookmark: _81olsjactxzb]Horvath Skin-and-Blood18 was developed for human fibroblasts, keratinocytes, buccal cells, endothelial cells, lymphoblastoid cells, skin, blood, and saliva samples and was trained on a calibrated version of chronological age. We used DNAm principal components when computing Horvath Skin-and-Blood to increase reliability and to reduce technical noise,14 and created Horvath Skin-and-Blood Acceleration by residualizing Horvath Skin-and-Blood for chronological age. 
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