Supplemental Material
Methods
Sample processing and DNA methylation detection in the Veteran Aging Cohort Study (VACS)
To minimize batch effects, all samples were randomly assigned to chips used for the Infinium HumanMethylation 450 Beadchip (HM450K) and were processed in the same period of time using the same protocol by the same scientist (G Wang) at the Yale Center of Genomic Analysis. The scientist who processed the samples was blinded to the phenotypic variables such as HIV status, age, and race. Each sample profiled 485,512 CpG sites using the Illumina HM450K. This array covers 99% of RefSeq genes, with an average of 17 CpG sites per gene, distributed across the promoter, 5′-untranslated region, first exon, gene body, and 3′-untranslated region. The array covers 96% of CpG islands, with additional coverage in island shores and flanking regions.
A total of 500 ng genomic DNA was treated with bisulfite using the EZ-96 DNA Methylation Kit (D5004, Zymo Research, Irvine, CA, USA) to convert unmethylated cytosine bases to uracil. After bisulfite conversion, the methylation level of each CpG was detected using the Infinium Methylation Assay (San Diego, CA, USA). The following procedures were applied to ensure data quality in the VACS samples. 
Work-flow of data processing and statistical analyses
Probe intensities --- PCA1 on control probe --- Pearson correlation1 of PC 1–30 and potential confounders
Cell type estimation ---- 6 cell types 
Regression model 1 --- residual methylation --- PCA 2—Pearson correlation 2 between confounding factors and residual methylation
Regression model 2 --- residual methylation and HIV infection 
The detail procedure was as follows. 
Quality control 
Because the HM 450K methylation array includes multiple different probe types, each using different chemistry, and involves bisulfite conversion of DNA and other steps that introduce assay variability and batch effects, we adopted the recently developed comprehensive pipeline for quality control [1]. 
HM450K intensity data were retrieved using the read.450k.exp function in the minfi R package (version 1.10.2) and downstream analyses were performed using minfi version and R (version 3.2.1). We took the following steps to ensure the quality of the data:
1) Detection of p value threshold An initial detection P value threshold of p < 0.05 was set according to Illumina recommendation. However, we used a more stringent signal detection threshold than that recommended by Illumina because the default detection of p < 0.05 was not sufficient to prevent spurious results [1]. Following the recommendations of Lehne (2015), we selected 416 probes on the Y chromosome to determine the threshold of detection p value. A set of p values including 5e-2, 1e-2, 1e-5, 1e-8, 1e-10, 1e-12, 1e-14, 1e-16, 1e-18, 1e-20, 1e-22, 1e-24, 1e-26, 1e-28, and 1e-30, was used to calculate the call rate of each subject. A detection p value was determined considering the low ratio of 0-call-rate subjects and low rate of missing values. A detection p value threshold of p < 10−12 was chosen (Fig S6) and the probes with detection p ≥ 10−12 were set to missing data. 
2) Probe QC We removed 11,648 probes on the X and Y chromosomes to avoid sex bias. An additional 36,535 probes were removed because they were within 10 base pairs single-nucleotide polymorphisms. A total of 437,722 probes remained for the EWAS.
3) Sample QC We determined the proportion of missing data per sample and calculated the sample call rate. All samples passed quality control with a passing rate > 98%. We compared the methylation-predicted sex with the self-reported sex of the subject. One subject was inconsistent between predicted and self-reported sex and was excluded from subsequent analyses. 
Quantile normalization of intensity values Illumina background correction was conducted for all raw intensity values using function preprocessIllumina in the minfi package. Intensity values were separated into six different probe-type categories defined by color channel, probe-type, and M/U subtype (Type-I M red, Type-I U red, Type-I M green, Type-I U green, Type-II red, Type-II green) using the function getBeta in the minfi package. Within each category, intensity values were quantile normalized using limma in the R package (3.26.2). Normalized intensity values were then used to calculate percentage methylation at each CpG site and presented as the β value.
Adjustment for technical bias We used control probes designed for the HM450K to adjust for technical bias. We obtained manifest information for the Illumina 450K chip using the function getManifest in minfi, and then we identified 850 control probes using the function getProbeInfo. After removing 613 negative probes, we performed principal component (PC) analysis of 237 control probes using the function prcomp in R, resulting in PCs 1–30, which were regressed out in subsequent regression models. 
Estimation of blood cell type composition Cell type heterogeneity in the blood contributes significantly to methylation signals. The Minfi R package provides a function named projectCellType, which is based on an algorithm developed by Houseman et al [2-4] and uses 600 probes on the HM450K array that are highly correlated with cell type. We applied this method to estimate 6 cell type compositions (natural killer cells, CD4+ T cells, CD8+ T cells, B cells, monocytes, granulocytes) and total white blood cells in the VACS sample. We found high correlations between estimated cell proportions and laboratory-measured cell counts for CD4+ and CD8+ cells (Fig S4A and S4B). The cell type proportion for each sample was regressed out in linear regression models. 

[bookmark: _GoBack]Assessment and adjustment of potential confounding factors To detect potential confounding factors affecting HIV status, we conducted Pearson correlation analysis between PC1–30 on control probe intensities and technical and biological variables including batch, age, sex, age, smoking, alcohol, combined antiretroviral therapy, total white blood cell, and 6 cell types. The heatmap (Fig S3A and S3B) of negative log10(P) visualization for each variable was produced using pheatmap (version: 1.0.8) in the R package. Variables with p < 0.05 were subsequently regressed out in a regression model. 
Statistical models 
PCA of intermediary residuals
β value (quantile normalized, QN) ~ age + race + smoking status + WBC + 6 cell type proportions + PCs 1–30 on intensities of 237 control probes 							(1)
Logistic regression analysis to identify differential methylation for HIV infection
To detect differential methylation, we performed a final regression analysis for each methylation marker predicting disease status Y as a function of the beta value adjusted for technical and biological factors and PCs (2).
We then performed PCA on the resulting regression residuals (excluding markers with missing data) and included PC1–5 as linear predictors in the final regression model
β value (quantile normalized, QN) ~ HIV + age + race + smoking status + 6 cell types + PC 1–30 on control probes + PCs 1–5 on residuals of model 1. 	
For final correction of global covariation that remained unaccounted for, we performed linear regression to predict the (quantile normalized) beta values adjusted for technical and biological factors and study-specific confounders such as gender and age (1).

GSE67705 replication analysis 
The raw dataset for GSE67705 was downloaded from GEO (http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE67705). After removing the samples with missing methylation data, the final dataset contained 186 samples, with 142 HIV-infected and 44 HIV-uninfected samples. All individuals, which included 184 men and 2 women, were of European descent. Subject ages were 25–67 years. 
We used p < 0.01 as methylation signal detection cutoff and applied the same quantile normalization and cell type estimation pipeline to perform data normalization and cell type percentage estimation. Twenty probes showing significant associations with HIV infection from the VACS sample and an additional 21 probes on the NLRC5 gene were examined for their association with HIV infection. Age, race, cell type, and the first 10 PCs on the quantile normalized β value were covariates in the linear regression model. The p value was adjusted using the Bonferroni test. 
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