
Supplementary Information 
 
Data acquisition, quality control, and normalization for known technical factors 
 
Data from the ROSMAP study were used in this work, and are available at: RADC 
Research Resource Sharing Hub at www.radc.rush.edu, and 
https://www.synapse.org/#!Synapse:syn3219045. The ROSMAP study is a 
longitudinal study where all participants are healthy at enrolment. The sampled 
subjects thus represent a relatively random set of older individuals. By the time of 
death, 58% and 38% of participants are diagnosed with pathological and clinical AD, 
respectively (Table S1). These percentages are consistent with AD population 
prevalence. We note that a single person performed all of the dissections of the 
frozen tissues in isolating the gray matter for gene expression, DNA methylation, 
and histone modification data generation to minimize technical variability in sample 
preparation. 
 
Genotype data1. Genotyping of the ROS and MAP subjects was performed on the 
Affymetrix Genome-Wide HumanSNP Array6.0 (n=1709) and the Illumina 
OmniQuad Express platform (n=384). DNA was extracted from whole blood, 
lymphocytes, or frozen brain tissue, as previously described1. To minimize 
population admixture, only self-declared non-Hispanic Caucasians were genotyped. 
At the sample level, samples with genotyping success rate < 95%, discordant 
genetically inferred and reported gender, or excess inter/intra-heterozygosity were 
excluded. At the probe level, genotyping data from both platforms were processed 
with same quality-control (QC) metrics: Hardy-Weinberg equilibrium p > 0.001, 
genotype call rate < 0.95, misshap test < 1x10-9. QC was performed using version 
1.08p of the PLINK software2. EIGENSTRAT3 was used with the default setting to 
remove population outliers and to generate a genotype covariance matrix. The 
resultant datasets include 729,463 SNPs for 1,709 individuals (Affy) and 624,668 
SNPs for 384 individuals (Omni). Dosages for all SNPS (>35 million) on the 1000 
Genomes reference were imputed using version 3.3.2 version of the BEAGLE 
software4 (1000 Genomes Project Consortium interim phase I haplotypes, 2011 
Phase 1b data freeze(verify) data freeze). Imputed SNPs were filtered based on 
minor allele frequency (MAF) > 0.01 and imputation INFO score > 0.3, resulting in 
7,321,515 SNPs available for analysis. 
 
Gene expression data5. Gene expression data were generated using RNA-sequencing 
from Dorsolateral Prefrontal Cortex (DLPFC) of 540 individuals, at an average 
sequence depth of 90M reads. Detailed description of data generation and processing 
was previously described (Mostafavi, Gaiteri et al., under review) and summarized here.  



Samples were submitted to the Broad Institute’s Genomics Platform for transcriptome 
analysis following the dUTP protocol with Poly(A) selection developed by Levin and 
colleagues6. All samples were chosen to pass two initial quality filters: RNA integrity 
(RIN) score >5 and quantity threshold of 5 ug (and were selected from a larger set of 
724 samples). Sequencing was performed on the Illumina HiSeq with 101bp paired-end 
reads and achieved coverage of 150M reads of the first 12 samples. These 12 samples 
will serve as a deep coverage reference and included 2 males and 2 females of non-
impaired, mild cognitive impaired, and Alzheimer's cases (Figure S3A). The remaining 
samples were sequenced with a target coverage of 50M reads; the mean coverage for 
the samples passing QC is 95 million reads (median 90 million reads) (Figure S3A). The 
libraries were constructed and pooled according to the RIN scores such that similar RIN 
scores would be pooled together (Figure S3B). Varying RIN scores results in a larger 
spread of insert sizes during library construction and leads to uneven coverage 
distribution throughout the pool.  
 
RNA-seq data were processed by our parallelized pipeline. This pipeline included 
trimming the beginning and ending bases from each read, identifying and trimming 
adapter sequences from reads, detecting and removing rRNA reads, aligning reads to 
reference genome (using Bowtie7) and quantification of transcript expression levels 
(using RSEM8). Specifically, RNA-Seq reads in FASTQ format were inspected using 
FASTQC program. Barcode and adapter contamination, low quality regions (8bp at 
beginning and 7bp at ending of each fastq reads) were trimmed using FASTX-toolkit. To 
remove rRNA contamination, we aligned trimmed reads to rRNA reference (rRNA genes 
were downloaded from UCSC genome browser selecting the RepeatMask table) by 
BWA then extracted only paired unmapped reads for transciptome alignment. rRNA 
depleted reads were then mapped to transcriptome reference (gencode v14) using 
Trinity package with RSEM as output option. Gene expression FPKM values were 
estimated by “rsem-calculate-expression” from RSEM. 
 
Samples from 494 individuals were used in the eQTL analysis, which include those that 
had QC’d genotype and pass the expression outlier test (a D-statistic below 0.99).To 
quantify the contribution of experimental and other confounding factors to the overall 
expression profiles, we performed a PCA analysis on log transformed FPKM values in 
all samples, and computed the correlation between the top 10 PCs and experimental 
factors. As shown in Figure S4, we observed significant correlations between many of 
these technical and confounding factors and top expression PCs. Thus, with the log 
transformed FPKM data, we used the COMBAT algorithm11 to account for the effect of 
batch and linear regression to remove the effects of RIN, post-mortem interval (PMI), 
sequencing depth, study index (ROS sample or MAP sample), genotyping PCs, age at 
death, and sex. (i.e. all factors shown in Figure S3). Finally, only highly expressed 



genes were kept (mean expression >2 log2-FPKM), resulting in 13,484 expressed 
genes for eQTL analysis. This FPKM-based threshold was determined based on visual 
inspection of histogram of mean expression values to approximately define two 
expression distributions: a) no expression or very low expression and b) moderate to 
high expression.  
 
DNA methylation data12. DNA methylation data were generated using the 450K Illumina 
array from DLPFC of 740 individuals. Detailed description of data acquisition and QC 
are previously published12. Briefly, methylation probes that coincided with common 
polymorphic sites were removed. Initial normalization of CpG probes to account for 
differences between type I and type II probes, was performed using the BMIQ algorithm 
from the Watermelon package13 and beta-values were extracted for further analysis. 
The SNM approach14 was then used to regress out the effects of batch, PMI, sex, age 
at death, and a previously published estimate of proportion of neurons present in each 
sample12. In this study, samples from 468 individuals were analyzed for which gene 
expression data was also available. As described below, this decision was made to 
enable using gene expression data to estimate the proportions of the five major brain 
cell types. This correction for cell type proportions was done in addition to the 
regression approach for removing the effect of generic neuronal proportions based on 
DNAm marks12. 
 
Histone modification data5. Histone modification data were generated using H3K9Ac 
ChIP-sequencing from DLPFC of 714 individuals. Single-end reads were aligned by the 
BWA algorithm11, and peaks were detected in each sample separately using the 
MACS2 algorithm12 (using the broad peak option and a q-value cutoff of 0.001). A series 
of QC steps were employed to identify and remove low quality reads13, and samples 
that did not reach (i) ≥ 15x106 unique reads, (ii) non-redundant fraction ≥ 0.3, (iii) cross 
correlation ≥ 0.03, (iv) fraction of reads in peaks ≥ 0.05 and (v) ≥ 6000 peaks were 
removed. Cross correlation was defined as the maximum Pearson’s correlation between 
the read coverage on the negative and positive strand after binning reads into 10bp 
bins15.  Cross correlation was calculated after shifting the reads on the negative strand 
by s base pairs for s = 0, 10, 20, ..., 1000, and the maximum cross correlation was 
reported. In total, 669 samples passed quality control. Distribution of these QC metrics 
across the samples are reported in Figure S4. 
 
H3K9Ac domains were defined by calculating all genomic regions that were detected as 
a peak in at least 100 of the 669 samples (15%). Regions within 100bp from each other 
were merged and very small regions of less than 100bp were removed. Reads were 
then extended towards the 3' end to the fragment size of the respective sample. The 
fragment size was estimated by the shift smax that maximized the cross correlation 



(mean smax = 271bp). Finally, the number of extended reads in each H3K9Ac region 
was determined for each sample. Only uniquely mapped distinct reads were considered.  
Quantified histone acetylation data were quantile normalized to account for variability in 
sequencing depth across individuals. Samples from 433 individuals for which gene 
expression data were available were used in our analysis. 
 
Additional removal of known and hidden confounding factors 
 
In addition to the data-specific QC and normalization described above, the effect of 
ancestry, cell type composition, and “hidden factors” were regressed out from the gene 
expression, DNA methylation, and histone acetylation data. Variables representing 
ancestry were defined using the top three principal components of the genotype data. 
Cell type composition was estimated using gene expression levels of markers of major 
brain cell types: neurons (ENO2), oligodendrocytes (OLIG2, MBP, CNP), astrocytes 
(GFAP), microglia (CD68), and endothelial cells (CD34). Hidden confounding factors 
included top N PCs from the gene expression, DNA methylation, and histone 
modification data (separately). PCA-based hidden factors typically capture variation in 
cell type proportions across individuals and other unmeasured confounding factors19,20. 
Following previous studies21, for each molecular phenotype data, we varied N from 1 to 
30 at a log10 scale, and defined “optimal” N as the value at which the number of 
significant hits in chromosome 18 saturated, Figure S1. We chose to assess 
performance on only chromosome 18 as opposed to all chromosomes to avoid 
overfitting. The optimal N was found to be approximately 10 for all three data types. 
 
xQTL Association Analysis 
 
Spearman’s rank correlation was used to estimate the association strength between the 
alleles of each SNP and the three molecular phenotypes measured. For eQTL analysis, 
we used SNPs that are up to 1MB upstream or downstream from the TSS of each gene. 
For mQTL analysis, we used SNPs that are within 5KB of each methylation site. For 
haQTL analysis, we used SNPs that are within 1MB of each acetylation peak. The 
window sizes are informed by prior studies22-24. For each xQTL type, we declare an 
association as significant if its p-value is less than 0.05 after Bonferroni correction. 
Bonferroni threshold was determined separately for eQTL (p<8x10-8), mQTL (p<5x10-9), 
and haQTL (p<4x10-10) analysis based on the number of tested associations.  
 
Replication estimation with π1 statistics 
 
Replication analysis for eQTLs and mQTLs was performed using previous brain-based 
studies25-27, blood-based studies28,29, and the GTEx study30 to evaluate cross sample 



replication and cross tissue replication. Replication rates were estimated using the π1 
statistics31, which provides an estimate of the proportion of xQTLs that are significant 
based on their p-value distribution. Only associations comprising the top SNP for each 
eQTL gene and each mQTL probe were included in the π1 estimation, to avoid including 
many SNPs in LD with each other in this analysis. For π1 estimation, we used p-values 
from this study restricted to the eQTLs and mQTLs found in previous studies. That is, 
we used an existing reference eQTL or mQTL list, and assessed the replication of those 
reported xQTLs in our dataset. When possible, we also estimated π1 in the other 
direction. Specifically, we assessed the replication rate of our eQTLs in a large whole-
blood dataset28. To determine if the replication rate is higher than chance level, we 
generated empirical null distributions by computing π1 for 104 random p-value subsets 
of size m, where m is the number of eQTLs or mQTLs. Only p-values of associations 
that do not overlap with the eQTLs and mQTLs are used for null estimation. 
 
Genomic annotations  
 
To examine if the xQTL SNPs are enriched in specific gene regions, we used genomic 
annotations from the ChomHMM resource32, which comprise 15 categories: 1. Active 
TSS (TssA), 2. Flanking Active TSS (TssAFlnk), 3. Transcription at gene 5' and 3' 
(TxFlnk), 4. Strong transcription (Tx), 5. Weak transcription (TxWk), 6. Genic enhancers 
(EnhG), 7. Enhancers (Enh), 8. ZNF genes & repeats (ZNF/Rpts), 9. Heterochromatin 
(Het), 10. Bivalent/Poised TSS (TssBiv), 11. Flanking Bivalent TSS/Enhancers (BivFlnk) 
12. Bivalent Enhancers (EnhBiv), 13. Repressed PolyComb (ReprPC), 14. Weak 
Repressed PolyComb (ReprPCWk), and 15. Quiescent/Low (Quies). We also used the 
knownGene table (GRCh37/hg19 assembly) provided on the UCSC genome browser 
website33 to examine if the xQTL SNPs are enriched in exons and introns. For each 
xQTL type, we computed the odds ratio of the xQTL SNPs being in each of the gene 
regions versus all other tested SNPs, i.e. those within predefined windows from the 
molecular features (1Mb, 5Kb, and 1Mb for eQTL, mQTL, and haQTL analyses). We 
further estimated the probability of observing an xQTL SNP at a certain distance away 
from the TSS of its respective gene(s) by computing the number of xQTL SNPs at 
different distances away from TSS and dividing that by the number of tested SNPs to 
account for sampling biases.  
 
Estimation of xQTL SNP sharing across molecular phenotypes 
 
The π1 statistics was employed to estimate the sharing of xQTL SNPs across molecular 
phenotypes. Using sharing between mQTLs and eQTLs as an example with methylation 
and gene expression being the “discovery” and “test” phenotypes, respectively, we 
computed π1 with p-values of the tested SNP-expression associations that consist of 



mQTL SNPs. This π1 analysis provides an estimate of the proportion of SNP-expression 
associations that are significant when we restrict to associations comprising mQTL 
SNPs, i.e. if majority of mQTL SNPs also drive gene expression, then the corresponding 
π1 would be high. Importantly, since an mQTL SNP might be tested for association with 
expression levels of multiple genes, a decision had to be made regarding which 
associations to include in the π1 estimation. A lenient strategy would be to retain only 
the strongest association for each mQTL SNP, and a more stringent strategy would be 
to include all tested associations. With the lenient strategy, we estimated a cross-
phenotype sharing (π1) of ~0.83-0.97 for different pairs of phenotypes. With the more 
stringent strategy, we estimated a cross-phenotype sharing (π1) of ~0.1-0.35. For the 
more stringent strategy, we note that as we decreased the allowable genomic distance 
between a “discovery” SNP and a “tested” feature, which by construction shrinks the 
coverage of xQTL SNPs, the cross-phenotype sharing increased (Figure S2).  
 
The lenient strategy likely provides an over-estimate of π1, since the retained 
associations were selected by their strength, i.e. the smaller p-values kept. To tighten 
up our assessment of xQTL SNP sharing while not being too stringent, we examined 
the distance between each pair of “discovery” SNP and “test” feature, which we found to 
be a prime determinant of cross-phenotype sharing. For example, the strongest 
associated eQTL gene for each mQTL SNP is often the gene closest to the mQTL SNP 
(Figure 3C). We also observed similar trends for other cross-phenotype comparisons 
(results not shown). Based on this observation, we modified our analysis to only 
consider the closest feature to each xQTL SNP (Figure 3D). 
 
Mediation analysis 
 
We applied causal inference test (CIT)34 to investigate whether the effect of a regulatory 
cis eQTL SNP is propagated through its impact on DNA methylation and/or histone 
modification (causal model) as well as whether the effect of an eQTL SNP on DNA 
methylation and/or histone modification is mediated through gene expression (reactive 
model). In brief, for the causal model, applying CIT involves testing the following four 
associations: 1) an eQTL SNP is associated with the first PC of its associated histone 
acetylation peaks and methylation probes (i.e. epigenome PC), 2) this eQTL SNP is 
associated with expression of a gene, 3) this eQTL SNP is associated with the 
epigenome PC conditioned on gene expression, and 4) this eQTL SNP is independent 
of gene expression given epigenome PC. Testing the reactive model involves reversing 
the role of gene expression and epigenome PC. A p-value was assigned to each set of 
associations using the Intersection-Union test34. Bonferroni correction was applied to 
account for the number of tested association sets, m.  We declared an association set 
as conforming to the causal model (or epigenetic mediation model) if pCausal < 0.05/m 



and pReact > 0.05/m and conforming to the reactive model (or transcription mediation 
model) if pCausal > 0.05/m and pReact < 0.05/m. An association set was declared as 
conforming to the independent model if pCausal > 0.05/m and pReact > 0.05/m. The 
remaining association sets were considered unclassified.The above analysis was 
performed on 20,916 association sets for the 10,897 xQTL SNPs that are associated 
with all three molecular phenotypes. We restricted analysis to these shared xQTL SNPs 
since only these SNPs would fulfill conditions 1 and 2. The same analysis was also 
performed to assess the mediation of the shared xQTL SNPs through DNA methylation 
and histone acetylation separately. In this analysis, when multiple CpG probes (or 
acetylation peaks) were associated with a given xQTL SNP, we used their first PC to 
summarize their combination.  
 
Disease enrichment analysis  
 
We performed enrichment analysis on reported p-values of 16 GWAS datasets 
downloaded from the Psychiatric Genomics Consortium website: 
https://www.med.unc.edu/pgc/results-and-downloads. Data from the following GWAS 
studies were used in the analysis:  
 
 Attention deficit hyperactivity disorder (ADHD)36 
 Alzheimer’s disease (stage 1 data from IGAP)37 
 Anxiety (case vs. control and factor score from ANGST)38 
 Autism39  
 Bipolar disorder40,41 
 Major depressive disorder (MDD)42 
 Schizophrenia41,43 
 Body mass index (BMI)44 
 Height45 
 Crohn's disease46 
 Ulcerative colitis47 
 Inflammatory bowel disease48  
 Diabetes49 

 
Enrichment was assessed using stratified LD score regression (LDSR) to estimate 
partitioned heritability50. For example, we labeled all xQTL SNPs as one category and 
SNPs in the LDSR baseline model as background. Significant enrichment was declared 
at an α of 0.05.  
 
Cell type specificity analysis 
 
We used a previous approach to estimate the cell-specificity of an eQTL SNP, based on 
a statistical model that tests for an interaction effect between the SNP genotype and 
proportion of a cell type of interest52. Proportions of neurons, astrocytes, microglia, 
oligodendrocytes, and endothelial cells were estimated with known cell type markers for 



these cells. Specifically, ENO2 was used as the marker for neurons, CD68 for microglia, 
OLIG2 for oligodendrocytes, GFAP for astrocytes, and CD34 for endothelial cells. To 
reduce the number of tests, we only tested for cell-specificity of the lead eQTL SNPs. 
That is, we tested for cell-specificity of leads SNPs that impacted the expression levels 
of 3,388 genes with at least one significant eQTL SNP. In this analysis, we only 
corrected for known confounding factors, since regressing out the effect of hidden 
confounding factors would remove the effect of cell-specific expression52.  
 
xQTL-weighted GWAS 
 
We used the weighted Bonferroni procedure53 to prioritize xQTL SNPs in GWAS 
analysis. This procedure involves weighting p-values (or summary statistics) from a 
GWAS study by their potential relevance. Provided that the weights are non-negative 
and average to one, strong control on family-wise error rate is guaranteed53. We used 
this approach with a simple binary weighting scheme on the 16 GWAS datasets listed in 
the previous section, as well as GWAS datasets pertaining to systolic and diastolic 
blood pressure54 and BHRadj BMI, which were excluded from the LDSR enrichment 
analysis due to unavailability of some of the required summary statistics. Specifically, p-
values of xQTL SNPs are weighted by w1 and all other SNPs are weighted by w0, where 
w1 = s/(1+(s-1)n1/n) and w0 = 1/(1+(s-1)n1/n) with s = w1/w0 ranging from 1 to 100. n1 is 
the number of xQTL SNPs in our list and n is the number of SNPs in a study.  
 
When only summary statistics are available, i.e. GWAS p-values, selecting the optimal s 
is nontrivial, since w1 and w0 do not depend on the p-values, i.e. w1 and w0 only depend 
on s, the number of SNPs, and the number of xQTL SNPs. Hence, we cannot “train” w1 
and w0 based on p-values. We thus instead proposed to divide the list of p-values into 
random half splits and use the following criterion: J(s) = (D1(s)/π1

1 + D2(s)/π1
2) / 

|D1(s)/π1
1 – D2(s)/π1

2|, where Di(s) is the number of SNPs in half split i with weighted p-
values < 5x10-8, and π1

i is the estimated proportion of SNPs in half split i that are 
significant based on their non-weighted p-values. The rationale behind the proposed 
criterion, J(s), is two-fold. First, if a given s is generalizable, then the detection rate 
should be similar for two half splits of randomly selected SNPs, as opposed to being 
large for one half but not the other. Second, among the s values that provide high 
“reproducibility” between splits, we should select the one that maximizes detection rate. 
We note that |D1(s)-D2(s)| would not reflect reproducibility if the ground truth number of 
significant SNPs are different between the two splits. This complication is alleviated by 
dividing Di(s) by π1

i.  
 
To determine the number of independent significant SNPs, we applied PLINK1.956 
pairwise LD pruning function (r2 = 0.2) on the 1000 Genomes phase 1 data57.  
 



 
Figure S1. Figure shows the number of “features” (genes, methylation probes, histone peaks) detected to 
have a significant xQTL as the number of PCs (hidden confounds) was increased from 0 to 30. The 
optimal number of PCs to account for was deemed to be 10 for all three data types (data for gene 
expression shown in the right panel, DNA methylation shown in the in the middle panel, histone 
acetylation shown in the left panel). To avoid overfitting, this analysis was performed on features that 
reside on chromosome 18.  

 

 
Figure S2. Figure shows the π1 statistics for replication rate of mQTLs (“discovery”) in eQTLs 
(“replication”). As the window size centered at an mQTL for defining the “replication set” from eQTL data 
is decreased, the π1 statistic also decreases but so does the coverage of testable eQTLs (SNPs and 
genes).  

 

 

 

 

 



 

Figure S3. Figure on the right shows the number of aligned reads for RNA-seq data per batch. Figure on 
the left shows the distribution of RIN scores per RNA-seq batch. 

 

 

 

Figure S4. Figure shows the strength of the association between top expression PCs and 11 technical 
and biological confounding factors. Batch refers to the date of RNA preparation. PMI refers to the 
postmortem interval. Genotype PCs were computed as the top 3 PCs of genotype data. Study index 
refers to RUSH vs MAP samples. The heatmap depicts the log10 pvalues for correlation coefficient.  

 



 

Figure S5. Figure shows several quality control metrics for H3K9Ac acetylation ChiP-Seq dataset. 
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