Supplementary Methods
Supplement for:
Genetic correlations of alcohol consumption and alcohol use disorder with sex hormone levels in females and males

T. Cameron Waller1; Ada M.-C. Ho2; Anthony Batzler1; Jennifer R. Geske1; Victor M. Karpyak2; 
Joanna M. Biernacka1,2; Stacey J. Winham1

1Department of Quantitative Health Sciences; Mayo Clinic in Rochester, Minnesota
2Department of Psychiatry and Psychology; Mayo Clinic in Rochester, Minnesota

SUPPLEMENTARY METHODS
Selection and preparation of summary statistics for GWAS on alcohol-use and sex-hormone traits
We selected GWAS summary statistics that would be suitable to estimate the genetic correlations of alcohol-use traits with levels of sex-hormones and their binding proteins. The prior GWAS of levels of steroid sex hormones and their binding proteins (Table S1) were based on UK Biobank data. While the LDSC method appears to be reasonably robust in comparisons of GWAS from overlapping sample cohorts 1, we took extra precaution to avoid the risk of bias or inflation of type I errors by using summary statistics from GWAS of alcohol consumption 2 and alcohol dependence 3 based on sample cohorts that did not include UK Biobank data. These specific versions of summary statistics from GWAS of alcohol consumption and alcohol dependence were not identical to the primary discovery GWAS described in the respective publications.

Before use in our study, we harmonized each set of GWAS summary statistics in our collection (Table S1). A few sets of GWAS summary statistics were missing information that was relevant to our subsequent analyses, such as the total sample size of the GWAS cohort or the counts of cases and controls in GWAS of dichotomous traits, and we filled this missing information by consulting the respective publications and accompanying documentation. For summary statistics from GWAS of dichotomous traits, namely risk of alcohol dependence 3 and detectability of estradiol levels 4, we also calculated the effective sample size (Neffective) 5 for use in our subsequent analyses. Where necessary, we used CrossMap 6 with chain files from Ensembl 7 to convert genomic coordinates to the GRCh37 assembly of the human genome. After these preliminary steps, we applied GWAS2VCF 8 (https://github.com/MRCIEU/gwas2vcf) to clean and harmonize all GWAS summary statistics in our collection. This tool verified accurate reference SNP cluster identifiers (rsIDs) of each variant locus by comparison to build 155 of dbSNP (RefSeq accession “GCF_000001405.25”), and it also flipped designations of reference or alternate (effect) alleles and adjusted effect directions and allele frequencies accordingly to align all GWAS summary statistics to the same reference human genome sequence (file: “human_g1k_v37.fasta.gz”; human genome assembly GRCh37).

Estimates of SNP heritability and genetic correlation
[bookmark: _Hlk143186823]We used version v1.0.0 of LDSC 9,10 (https://github.com/bulik/ldsc) to munge GWAS summary statistics and to estimate SNP heritability (h2) and genetic correlation (rg). To ensure the use of SNPs with high-confidence quality of genotype imputation, we filtered GWAS summary statistics to SNPs (file: “w_hm3.snplist”) from the HapMap3 reference (PubMed:20811451) that had minor allele frequency (MAF) greater than 5% in the European-ancestry cohort from Phase 1 of the 1000 Genomes Project 11. We also used reference LD scores (directory: “eur_w_ld_chr”) calculated on the European-ancestry cohort from Phase 1 of the 1000 Genomes Project 11. For LDSC estimates of SNP heritability and genetic correlation, we did not constrain the regression intercept to decrease the potential for bias from LD differences between reference and sample populations or from cryptic sample overlap 9,10. For GWAS of dichotomous traits, we estimated SNP heritability on the liability scale using the values of sample and population prevalence in Table S1, and we estimated SNP heritability on the observed scale for all other GWAS of continuous traits. All estimates of genetic correlation were based on 920,164 or more SNPs shared between the two sets of GWAS summary statistics (Table 1, Table 2).
SUPPLEMENTAL RESULTS
SNP heritability of GWAS on alcohol-use and sex-hormone traits used for genetic correlation
Based on the prior-published GWAS summary statistics that we used to estimate genetic correlations, Table S1 presents the SNP heritability estimates due to common genetic variants for quantity of alcohol consumption 2, risk of alcohol dependence 3, and blood levels of total testosterone 12, bioavailable testosterone 12, estradiol 4, SHBG 12. and albumin 13. The SNP heritability estimate was low for alcohol consumption (h2 = 0.0397, se = 0.0030) but was higher for alcohol dependence (h2 = 0.1021, se = 0.0166). The SNP heritability for testosterone was higher, with estimates for total testosterone of 0.1621 (se = 0.0106) in females and 0.2133 (se = 0.0309) in males; findings for bioavailable testosterone were similar for females (h2 = 0.1668, se = 0.0167) but considerably lower for males (h2 = 0.1238, se = 0.0081). In contrast, the SNP heritability estimates for detectable levels of estradiol were much lower in females (h2 = 0.0170, se = 0.0069) than in males (h2 = 0.1075, se = 0.0231). For SHBG the estimates of SNP heritability were higher, particularly with adjustment for BMI (Table S1), in both females (h2 = 0.3027, se = 0.0320) and males (h2 = 0.3151, se = 0.0386). Finally, the SNP heritability for albumin in a sex-combined cohort was 0.1303 (se = 0.0078).
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