Supplemental Methods:

1 Study design

RNA sequencing was performed entirely by GENEWIZ, from Azenta Life Sciences in South Plainfield, New Jersey. We
performed RNA sequencing of 779 cell lines. These cell lines represent 731 unique samples, 24 of which were sequenced
in triplicate. Sequencing was performed in batches of 15-48 cell lines each (twelve batches of 48 cell lines, four batches of
47 cell lines, and one batch of 15 cell lines). For samples with replicates, replicates were divided between batches such
that one replicate of the three was sequenced in one batch, and the other two replicates were sequenced in a separate batch
to allow for analysis of inter- and intra-batch variation for each of these samples.

2 Ancestry analysis

Ancestry composition of our study sample was assessed and compared to related studies using ADMIXTURE'", which
uses a likelihood model to estimate allele frequencies in & postulated ancestral populations, as well as ancestry proportions
for each individual that trace to each of those & populations. Genotype data for 1000 Genomes Project'' (1KGP) samples
were obtained from published data based on high coverage (~30x) sequencing by the New York Genome Center
(NYGC)*, subsetting to samples used in our study, by the Geuvadis consortium®, and or the African Functional Genomics
Resource'? (AFGR). Data were downsampled to SNPs in approximate linkage equilibrium (using the - -indep-
pairwise 200 20 0.2 flagin PLINK®) and restricted to common variants with MAF > 0.05 within the sample. This
set of variants was then extracted from genotype data from v8 of the GTEx Project'® as well as genotype data for samples
from the Maasai (MKK) population from AFGR (which are not part of 1KGP), requiring that the SNPs be polymorphic
and biallelic (with the same two alleles) in all data sets. Genotype data from this subset of variants was then merged
across the relevant data sets and used as input to ADMIXTURE with default stopping criteria. For the purpose of
visualization, k£ was set to 7, which exhibited the minimum 5-fold cross-validation error for the tested range of k=[2 .. 10]
(Fig. S1). Principal components analysis was performed on the same merged data set using PLINK® (Fig. S2).

3  RNA sequencing data production

3.1 Cell line processing and shipping

EBYV transformed lymphoblastoid cells lines (LCLs) were purchased from the Coriell Institute for Medical Research
(NIGMS and NHGRI Repositories) in Camden, New Jersey. Frozen cell pellets (=5 million cells per cell line) were
recovered by Coriell and cultured for 4 days (see Coriell LCL culture FAQ for information about growth media:
www.coriell.org/0/sections/support/global/Lymphoblastoid.aspx). After growth, cells were transferred to a growth-
limiting shipping media and were shipped directly to GENEWIZ (same-day delivery) for RNA isolation, library prep, and

sequencing.
3.2 RNA extraction and sequencing

At CORIELL, cells were spun down, then total RNA was extracted from cell pellets using Qiagen RNeasy Plus Universal
mini kit following manufacturer’s instructions. RNA was quantified using Qubit 2.0 Fluorometer and RNA integrity was
checked using the Agilent TapeStation. Sequencing libraries were prepared using the unstranded NEBNext Ultra Il RNA
Library Prep Kit for Illumina using manufacturer’s instructions with the polyA enrichment workflow. Sequencing


https://paperpile.com/c/vztv18/BoO3
https://paperpile.com/c/vztv18/VJNF
https://paperpile.com/c/vztv18/47pq
https://paperpile.com/c/vztv18/qxQo
https://paperpile.com/c/vztv18/itIN
https://paperpile.com/c/vztv18/WgGp
https://paperpile.com/c/vztv18/h4S5
https://paperpile.com/c/vztv18/WgGp
https://www.coriell.org/0/sections/support/global/Lymphoblastoid.aspx
https://www.coriell.org/0/sections/support/global/Lymphoblastoid.aspx
https://www.coriell.org/0/sections/support/global/Lymphoblastoid.aspx

libraries were validated on the Agilent TapeStation and quantified by using Qubit 2.0 Fluorometer as well as by
quantitative PCR. Sequencing was done on the [llumina NovaSeq 6000 instrument with 150bp paired-end sequencing,
with a desired minimum depth of 25M reads per sample. Sequencing libraries were multiplexed in batches of 15-48
samples (the same batches they were shipped in) and loaded onto the flow cell according to manufacturer’s instructions.

4 Preliminary gene expression level quantification

4.1 Gene-level counts

To quantify gene expression level in our data set, we use the GENCODE v38 transcript annotations'® and Salmon (version
1.5.2)% for expression quantification. Salmon is a kmer-based method that uses raw RNA-seq data to estimate the number
of reads aligning to a defined set of transcripts and their relative abundance. We first generated a Salmon index using
salmon index with the GENCODE v38 transcript FASTA file as input and with the - -gencode flag. For each of the
779 cell lines, we quantify transcript-level expression using salmon quant with the raw RNA-seq reads as input. We set
--1ibType=IU because our sequencing pipeline is expected to produce read-pairs that are inwardly-oriented and
unstranded. All other arguments use their default values. This produces, for each library, transcript-level estimates of read
counts and TPM. Finally, these transcript-level estimates were summed to gene-level estimates using tximport (version
1.18.0)°" in R. These gene-level quantifications are used as a starting point in down-stream analyses. Unless otherwise
stated, for the 24 samples that were sequenced in triplicate, downstream analyses are limited to the replicate with the most
reads for each of these samples.

4.2 Lowly-expressed gene filter

For most analyses of gene expression level differences, it is useful to filter out genes with low expression across samples.
Expression quantifications for lowly-expressed genes may be indistinguishable from sequencing noise and can introduce
false-positive results across analyses. As such, we limit most analyses to genes with >6 counts and >0.1 TPM in at least
20% (147/731) of samples. After filtering, we were left with 20,154 expressed genes (19,539 autosomal genes, 615 genes
on chrX) used for analyses of gene expression level.

5 Preliminary alternative splicing quantification

5.1 Quantification of intron excision ratios

To quantify alternative splicing in our data set, we followed the splicing quantification pipeline developed by the GTEx
consortium and described in their paper'> and on their GitHub repository (https:/github.com/broadinstitute/gtex-

pipeline/tree/master/qtl/leafcutter). Briefly, reads were first aligned to the reference with STAR (version 2.7.10a)", using
WASP correction to mitigate allelic mapping bias. For WASP correction, we used phased variant calls from the NYGC’s
high-coverage sequencing of the 1IKGP** (20201028 accession, located on the International Genome Sample Resource®
ftp server here:

https://ftp.1000genomes.ebi.ac.uk/voll/ftp/data_collections/1000G_2504 high coverage/working/20201028 3202 phase
d/). All other options were as described by GTEx.

These alignments were then supplied to Leafcutter (version 0.2.9)"7 to generate intron excision ratios. Notably, Leafcutter
is annotation agnostic; it defines its own splicing “clusters” (groups of related intron excision events) using split reads
rather than quantifying splicing using prior exon or transcript annotations. In a data set such as ours, where many
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individuals are from historically understudied populations, this eliminates bias from annotations generated from sample
sets with limited diversity and may allow us to elucidate novel intron excision events.

Intron usage was estimated for each library using regtools junctions extract using a minimum anchor length of 8
bp (-a 8), strand specificity set to unstranded (-s ©) based on our library prep, minimum intron size set to 50bp (-m

50), and the maximum intron size set to 500kb (-M 500000). Junction files were then used to cluster introns across all
samples using the Leafcutter leafcutter_cluster_regtools.py companion script, where 50 split reads were
required to support each cluster (-m 50) and the maximum intron size was set to 500kb (-1 500000).

While STAR and Leafcutter were run using all 779 sequencing libraries, unless otherwise stated, for the 24 samples that
were sequenced in triplicate, downstream analyses used results from the replicate with the most reads for each of these
samples.

5.2 Filtering lowly-expressed and low-complexity clusters

Introns with low counts and clusters with low complexity can lead to statistical issues when discovering sQTLs and
quantifying splicing variance. To avoid these issues, we applied a filtering procedure to the intron excision ratios
produced by Leafcutter, largely based on the leafcutter filtering applied by GTEx and described in their paper'® and on
their GitHub repository (https://github.com/broadinstitute/gtex-

pipeline/blob/master/qtl/leafcutter/src/cluster prepare fastgtl.py).

After running Leafcutter, we had intron excision ratios for 245,487 introns (51,466 splicing clusters) on the autosomes
and chrX. We first filtered out introns with low complexity across samples, defined as introns without any read counts in
>90% of samples, or with fewer than max (10, ©.1n) unique values, where n = 731 is the sample size. After this step,
154,816 introns (33,712 clusters) remained. Through use of the Leafcutter prepare_phenotype_table.py companion
script (described in more detail in section 11.1 below) 8,430 additional introns were dropped with SD < 0.005 across
samples or whose cluster had 0 counts in > 40% of samples. After this step, 146,386 introns (33,447 clusters) remained.
Finally, we dropped 580 clusters with only one intron.

After filtering, 145,806 introns (32,867 splicing clusters) were retained and used for down-stream analyses of splicing
variation.

6 Quantifying the contribution of batch effects to expression variation

Batch effects—along with other sources of technical variation—are a known confounder in RNA-seq data. As such, it is
critical to ensure that the effect of batch on gene expression level does not mask actual biological variation. To assess the
contribution of batch effects to expression level variation, we sequenced 24 samples in triplicate, as described in the
section 1 above. Using the filtered gene-level counts described in section 4.2, we calculated the Spearman rank
correlation between each pair of the 72 replicate sequencing libraries. Critically, we observe that pairs of libraries from
the same individual have higher correlations than pairs of libraries from the same batch (Fig. S3A).

Additionally, for each of the 19,539 autosomal expressed genes and across the 72 replicate sequencing runs (24 samples
sequenced in triplicate), we calculated the proportion of expression level variation explained by sample versus batch.
Using a VST normalized expression matrix (described in section 7.1 below) subset to samples sequenced in triplicate, we
performed a type Il ANOVA using the Anova function from the car package (version 3.1-2) in R with the following
regression formula: expression ~ batch + sample. To test whether expression variance between samples was greater than
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variance measured between sequencing batches, we performed a Wilcoxon signed-rank test using the proportion of
variance explained from the ANOVA above. We observed that, on average, the proportion of gene expression variance
explained by sample was greater than by sequencing batch (p < 1 x 107'°), concordant with the results from the
Spearman’s rank correlation test (Fig. S3B).

We performed a complementary set of analyses to quantify the contribution of batch effects to splicing variation. Using
the filtered intron excision ratios described in section 5.2, we calculated the Spearman rank correlation between each pair
of the 72 replicate sequencing libraries. As with the analysis of expression level, we observe that pairs of libraries from
the same individual have higher correlations than pairs of libraries from the same batch (Fig. S3C). Additionally, for each
of the 31,837 autosomal splicing clusters that passed filtering, we calculated the proportion of splicing variation explained
by sample versus batch. Using the intron excision ratios from Leafcutter, we performed a type II ANOVA using the
manta function from the manta package (version 1.0.0) in R to fit a model that regresses intron excision ratios onto batch
and sample. Described in more detail in section 9, MANTA’ is a tool for evaluation of multivariate linear models (such
as intron excision ratios) that uses the Hellinger distance between splicing ratios to estimate the variability in splicing
across individuals. As before, we performed a Wilcoxon signed-rank test using the proportion of variance from MANTA.
We observed that, on average, the proportion of splicing variance explained by sample was greater than by sequencing
batch (p < 1 x 10™°) - concordant with the results from the Spearman’s rank correlation test (Fig. S3D).

7 Differential gene expression between populations

7.1 Data preparation

Differential gene expression (DGE) analysis was performed using DESeq?2 (version 1.36.0"") in R. Using the salmon-
generated pseudocount expression data per sequence library (detailed in section 4.1), transcript-level abundances were
first converted into gene-level abundances using the tximport (version 1.24.0) in R under default parameters. Gene-level
expression estimates were imported into the DESeq2 ecosystem with the design formula specified as ~ population + batch
+ sex, where batch and sex were included as categorical covariates to control for technical variation between sequencing
batches (see section 6) and sex-dependent effects. For this analysis, technical replicates for each of the 24 samples that
were sequenced in triplicate were collapsed into single samples using the collapseReplicates function included in
DESeq2.

7.2  Factor contrasts

Differential expression contrasts were constructed one of two ways: 1) each population’s expression was contrasted
against the average expression across all other populations within their parent continental group (e.g., JPT samples vs. all
other samples within the East Asian continental group), or 2) each continental group’s expression was contrasted against
the average expression across all other continental groups (e.g., AFR samples vs. all other samples).

Using the design formula specified in section 7.1, Wald test contrast coefficient matrices were extracted for each
population by computing the mean coefficients for each dummy variable using all samples within the focal population
label (e.g., JPT). For each continental group and background population (e.g., all non-focal subpopulations per continental
group), coefficient matrices were additively combined and normalized to the number of populations contained within their
respective continental group (yielding a contrast coefficient matrix where the intercept weight = 1). Multiple testing
correction, independent filtering, and outlier detection for each contrast were all performed using default functions
included in the DESeq?2 package.
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8 Expression level variation within and between populations

8.1 Normalized expression matrix

The relationship between populations and expression variance was measured using the blind variance stabilizing
transformation (VST) function included in DESeq2 (version 1.36.0)”' on the gene-level count matrix produced after
collapsing technical replicates (see section 7.1). VST produces an expression matrix which directly captures the effects of
library- and experiment-wide normalization factors, estimated gene-wise dispersion, and reduces the dependence of
expression variance on the mean expression per-gene (see Fig. S4). This transformed count matrix was reduced to only
represent the filtered subset of genes described in section 4.2.

8.2 Estimation of biological variation

We applied a two-stage ANOVA strategy to quantify gene expression variance at global, continental group, and
population scales. First, an ANOVA was performed for each gene using the anova and 1m functions in the stats package
(version 4.3.0) in R with formula [1] below, where batch and sex were included as categorical covariates to remove
technical variance from the response variable. Here u is the residuals of the regression, and represents the VST normalized
expression values corrected for the effects of batch and sex. Because continental group and population together form a
multicollinear system, two independent ANOV As were then performed to estimate the proportion of gene expression
variance due to continental group (formula [2]) and population label (formula [3]), where the batch- and sex-corrected
expression values, u, were used as the response variable. The proportion of variance explained (PVE) was estimated as the
regression sum of squares divided by the total sum of squares for each regression. In this manner, the PVE by continental
group or by population represent the proportion of variance in the batch- and sex-corrected expression values explained by
the label.

(1) VST Expression ~ sex + batch +u
(2) u ~ continental group + v,
(3) u ~ population + v;

To test whether the variance explained by continental group/population was greater than that expected by chance, we
performed a permutation test where continental group and population labels were shuffled (with replacement) and the
ANOVA procedure described above was recalculated for each gene (n = 1000 permutation replicates). A permutation test
p-value was computed as the proportion of permutations where the mean proportion of variance explained by continental
group/population was more extreme (i.e., greater) than those respectively measured in our empirical data set. For both
continental group and population, none of the permutations had a mean PVE greater than calculated with the empirical
data set.

To quantify variance in gene expression within each continental group, we first applied the same regression strategy to
remove variance due to sex and batch from the VST gene expression array using formula [1]. For each continental group,
and for each gene, residuals were partitioned to include only samples within the focal group, and sample variance was
calculated using the var function in R.

Using the gene-wise variance estimates per continental group, we tested whether gene expression differs significantly
across continental populations (Fig. SSA). To achieve this objective, we fit a linear mixed model (1me, Ime4 package
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version 1.1-34 in R) to the expression data, where the response variable (logjo-transformed variance) was regressed
against a continental group fixed-effect and gene included as a random-effect. The performance of this model was
compared with a reduced model (without the continental group fixed effect) using the anova function in the stats

package. This statistical procedure was also applied to test whether splicing differs significantly across continental groups
(Fig. S5B).

9 Splicing variation within and between populations

The approach to quantify splicing variation between and within continental groups and populations largely mirrors the
approach used for gene expression level (detailed in section 8.2).

As with gene expression level, we applied a two-stage ANOVA strategy to quantify the proportion of splicing variance
explained by continental group or population. Because splicing proportions are inherently multivariate, a standard
ANOVA is not appropriate. Instead, we used MANTA’, a tool for evaluation of multivariate linear models including
proportion data such as intron excision ratios. MANTA uses the Hellinger distance between splicing ratios to estimate the
variability in splicing across individuals.

For each splicing cluster that passed filtering (see section 5.2), we applied the following procedures. First we used the
manta function from the manta package (version 1.0.0) in R to regress filtered intron excision ratios onto sample-batch
and sex to remove technical variation from the response variable. We set transform="sqrt" to use the Hellinger
distance between splicing ratios, and fit=TRUE to return the regression residuals. Using the residuals from this first step,
we then ran two independent ANOVAs to estimate the proportion of splicing variance attributable to continental group
and population label. As before, we used the manta function to regress the residuals from the first step onto either
continental group or population. We did not use the square root transform for these two models, because the residuals
from the first step should reflect the initial square root transform. The proportion of variance explained by either
continental group or population was estimated as the regression sum of squares divided by the total sum of squares (after
regressing out batch and sex) for each model.

As with gene expression level, we tested whether the variance explained by continental group/population was greater than
that expected by chance using a permutation test. Continental group and population labels were shuffled and the above
procedure was repeated. 1000 total permutations were performed. We computed a permutation test p-value for both
continental group and population as the proportion of permutations where the mean PVE (across splicing clusters) was
greater than that calculated from the empirical data set. For both continental group and population, none of the
permutations had a mean PVE greater than calculated with the empirical data set.

To quantify variance in splicing within each continental group, we first applied the same regression strategy described
above to remove variance from batch and sex from intron excision ratios. For each continental group, and for each
splicing cluster, residuals from this regression were partitioned to include only samples within the focal continental group,
and sample variance was calculated as:

1 N-1 N .
mz Z d*(j, k)

k=j+1
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where N is the total number of samples within the focal continental group, and d*(J, k) is the squared Euclidean distance
between the residual intron excision ratios (after removing the effects of batch and sex) of the focal splicing cluster for
individuals j and £ in the focal continental group.

10 cis-eQTL mapping
10.1 Expression normalization

Preliminary gene expression counts (described in section 4.1) were prepared for eQTL mapping using the following
procedure: 1) gene-level counts were normalized between samples using TMM"? as implemented in the EdgeR package
(version 3.32.1)" in R; 2) lowly expressed genes were filtered out (as described in section 4.3); 3) for each gene that
passed filtering, TMM values were inverse normal transformed.

10.2 Calculation of genotype PCs

To control for the effects of global ancestry on gene expression, we first calculated the top 20 genotype principal
components (PCs) from the samples included in MAGE. Genotype PCs were computed from the NYGC high-coverage
variant calls (see section 2) across the 731 samples using PLINK® with the - -pca option and restricting to variants with
in-sample MAF > 0.01 using --maf 0.01. We observed that the variance explained by consecutive PCs decreased
considerably following the first five genotype PCs (Fig. S6A). Additionally, the top four genotype PCs correlated strongly
with continental group label (Fig. S6B), and the top five genotype PCs correlated strongly with population label (Fig.
S6C). Interestingly, we do observe some weaker correlations with population label; for example, PC10 appears to be
correlated with population label, but explains only 0.26% of genotype variance.

Based on these results, the top five genotype PCs were included as covariates in QTL mapping to control for confounding
by global ancestry.

10.3 Calculation of PEER covariates

Batch effects and other technical sources of variation are known to affect RNAseq studies and quantification of gene
expression, and can reduce the power of eQTL mapping if not properly controlled. Because these factors are not
necessarily directly measured, we used Probabilistic Estimation of Expression Residuals (PEER)" to identify hidden
factors driving expression variation in our data set. Based on the optimizations performed previously by GTEx">"*, we
calculated 60 PEER factors to use as covariates in eQTL mapping. We used peertool (v1.0) to calculate 60 PEER
covariates from the normalized TMM values (see section 10.1), limiting the algorithm to 100 iterations using --n_iter
100.

10.4 Discovery of nominal cis-eQTLs with FastQTL

We discovered eQTLs using FastQTL (version v2.184 gtex)” as implemented by GTEx (https:/github.com/francois-
a/fastqtl). For each of the 19,539 autosomal genes that passed filtering thresholds (see section 4.2), we regressed inverse

normal transformed TMM values onto variant genotypes for all variants within 1 Mbp up- and down-stream of the gene’s
transcription start site (TSS), and with MAF > 0.01. The top 5 genotype PCs (section 10.2), 60 PEER factors (section
10.3), and sex were included as covariates.
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We first ran FastQTL in the adaptive permutation mode using --permute 1000 10000, to discover significant cis-
eGenes (genes with at least one cis-eQTL). FastQTL estimates gene-level empirical p-values, based on the theoretical
distribution of permutation p-values. The GTEx implementation of FastQTL uses the estimated empirical p-values to
calculate gene-level g-values and from these g-values, we discover eGenes at a 5% false discovery rate (FDR) threshold.
FastQTL also calculates a nominal p-value threshold for significance for each gene, based on the chosen FDR.

To identify significant cis-eQTL associations, we ran FastQTL in a nominal pass (the default), and defined significant cis-
eQTLs as those variant-gene pairs whose nominal p-value was below the nominal p-value threshold (at a 5% FDR) for the
tested gene.

10.5 Fine-mapping eGene credible sets with SuSiE

To discover the causal SNP(s) driving each cis-eQTL signal, we performed fine-mapping with SuSiE***!, using the susieR
package (version 0.12.16) in R. For each tested gene, SuSiE discovers a set of credible causal sets, such that each has
some minimum probability of containing a true causal SNP (termed the “coverage” probability), each credible set is made
as small as possible, and SNPs within each credible set have some minimum correlation with each other. As such, SuSiE
can discover multiple independent signals per gene, and at high resolution.

For each cis-eGene identified at a 5% FDR with FastQTL (see section 10.4), we identified SuSiE credible sets using the
following procedure. For each gene, we limit the analysis to the same set of SNPs used with FastQTL, specifically SNPs
within 1Mbp up- and down-stream of the gene’s TSS, and with MAF > 0.01. We then remove the effects of the eQTL-
mapping covariates (sex, top 5 genotype PCs, 60 PEER factors) from the inverse normal transformed TMM values and
genotypes, using the procedure described in this article: https://stephenslab.github.io/susieR/articles/finemapping.html#a-

note-on-covariate-adjustment. Finally, we run the susie_rss function on the Z-scores from the FastQTL nominal pass,

using an in-sample LD matrix calculated from the covariate adjusted genotypes and gene expression variance estimated
from the covariate-adjusted expression values. We set the maximum number of credible sets to be 10 (L=10), the
minimum coverage probability of each credible set to be 0.95 (coverage=0.95), and the minimum absolute correlation
between SNPs in a credible set to 0.5 (min_abs_corr=0.5).

SuSiE discovered credible sets for 9,807 of the 15,022 eGenes identified in the FastQTL permutation pass. For each fine-
mapped credible set, we select a single representative "lead" eQTL with the highest PIP within that credible set. We use
these lead eQTLs in all downstream analyses to represent putative causal eQTL signals.

10.6 Calculation of Allelic Fold Change (aFC)

While valuable for identifying significant eQTLs, the slope of the regression from the FastQTL nominal pass (see section
10.4) is based on rank-normalized expression quantifications and as such does not have a clear biological interpretation.
At the same time, for eGenes with multiple independent causal signals, the measured ‘“nominal” effect size of one causal
eQTL can be influenced by the effects of the other causal signals. As such, for each eGene, it is useful to calculate the
“marginal” effect size of each causal signal, conditional on the effects of the other causal signals for that gene. This better
reflects the actual effect each causal signal has on the expression of its eGene.

One metric for quantifying the effect of an eQTL on the expression of its eGene is allelic fold change (aFC), which
describes the ratio between the expression of the haplotype carrying the alternative allele to the one carrying the reference
allele®®. This concept can be extended to handle multiple causal signals per gene, as implemented in the aFC-n tool*. For
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each lead eQTL in our fine-mapping results (see section 10.5), we calculated the effect size of that variant as log2(aFC)
using the following procedure:

First, we generated corrected expression counts for each gene using using DESeq?2 (version 1.36.0; ') in R. Using the
salmon-generated pseudocount expression data per sample (detailed in section 4.1), transcript-level counts were first
converted into gene-level counts using the tximport (version 1.24.0; ¢’) in R under default parameters. These gene-level
expression estimates were imported into the DESeq?2 ecosystem, and we generated “corrected” expression counts, using
the counts function with normalized=TRUE. These corrected counts are functionally equivalent to read counts but have
been corrected for library size and average transcript length. These corrected counts were then log2-transformed (with a
+1 pseudocount).

Next, we removed the effects of covariates using the following procedure: for each eGene we fit a linear model that
regresses logx(corrected counts) onto sample genotypes for each lead eQTL of that gene as well as the eQTL-mapping
covariates described in section 10.4. Any covariates whose 95% confidence interval did not include 0 were regressed out
from the loga(corrected counts).

Finally, we used afcn. py with the - -conf option, using these covariate-adjusted log(corrected counts) as input, to
calculate log>(aFC) for each lead eQTL (Fig. S8).

10.7 Comparison of fine-mapping resolution in subsets of MAGE

To investigate the relationship between fine-mapping resolution and sample diversity of the discovery set, we repeated our
eQTL-mapping pipeline for three equally sized (n = 142) subsets of the MAGE data set: one that included only samples in
the AFR continental group of 1KGP, a second that included only samples in the EUR continental group of 1KGP, and a
third that included samples from all 26 populations of 1KGP. Within each subset, samples were selected from the
populations included in the subset as evenly as possible. For each subset, we independently repeated the entire eQTL
mapping pipeline (sections 10.1-10.5) as before with two minor changes, both related to the smaller size of the sample: 1)
the MAF cutoff for eQTL mapping was set to 0.05 rather than 0.01 and 2) only 15 PEER factors were calculated and
included instead of 60.

We compared the size of the resulting SuSiE credible sets 1) for genes with at least one SuSiE credible set in any of the
subsets (Fig. S7TA), and 2) for genes with at least one SuSiE credible set in all three subsets (Fig. S7B). In both cases, we
observe the best resolution (fewest variants per credible set) on average in the African subset, the second-best resolution
in the diverse subset, and the worst resolution in the European subset. This result is expected given the increased genetic
diversity in African populations®**’, and highlights the advantages that inclusion of diverse samples affords for detection
of causal signals.

11  cis-sQTL mapping
11.1 Splicing normalization

Intron-excision ratios from Leafcutter were filtered as described in section 5.2. Prior to removing splicing clusters with a
single intron (but after removing low complexity introns), intron excision ratios were normalized using the Leafcutter
prepare_phenotype_table.py companion script. We then filtered out splicing clusters with only a single intron.
Splicing clusters were mapped to annotated genes in GENCODE v38'¢ using the Leafcutter
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map_clusters_to_genes.R companion script. Of the 32,867 splicing clusters remaining after filtering, we removed
679 additional clusters that did not map to annotated exons in GENCODE v38.

For sQTL mapping, normalized intron excision ratios (across all samples) were collected into a bed file, with each cluster
annotated with the TSS of the gene to which it mapped. If a cluster mapped to multiple genes, each mapping was included
in the bed file separately.

11.2 Calculation of PEER covariates

For sQTL mapping, PEER factors were calculated from the normalized intron excision ratios described in section 11.1.
Based on the optimizations performed previously by GTEx'’, we calculated 15 PEER factors to use as covariates in sSQTL
mapping. Otherwise, PEER factors were calculated as described in section 10.3.

11.3 Discovery of nominal cis-sQTLs with FastQTL

The cis-sQTL mapping procedure largely matched the procedure used to map cis-eQTLs, as described in section 10.4. For
each of the 11,912 autosomal genes with splicing clusters that passed filtering thresholds (see section 11.1), we regressed
normalized intron excision ratios onto variant genotypes for all variants within 1Mbp up- and down-stream of the gene’s
transcription start site (TSS), and with MAF > 0.01. The top 5 genotype PCs (section 10.2), 15 PEER factors (section
11.2), and sample sex were included as covariates.

As with cis-eQTL mapping, we first ran FastQTL in the adaptive permutation mode using - -permute 1000 10000 to
discover significant cis-sGenes (genes with at least one cis-sQTL).We used grouped permutations (using the - -
phenotype_groups option) to compute a gene-level empirical p-value over all splicing clusters of a gene. We
discovered cis-sGenes and calculated per-gene nominal p-value thresholds at a 5% FDR (as described in section 10.4).

To identify significant cis-sQTL associations, we ran FastQTL in a nominal pass and defined significant cis-sQTLs as
those variant-intron pairs whose nominal p-value was below the 5% FDR nominal p-value threshold for the tested gene.

11.4 Fine-mapping sGene credible sets with SuSiE

For each 5% FDR cis-sGene identified, fine-mapping was performed separately for each intron mapping to that gene
(termed sIntrons; limited to only the introns that passed filtering). Fine-mapping was done as described for cis-eGenes
(section 10.5), mapping normalized intron excision ratios onto sample genotypes, using the same set of covariates used for
sQTL mapping with FastQTL. All other options remained the same.

SuSiE discovered credible sets (for at least one intron) for 6,604 of the 7,727 sGenes identified in the FastQTL
permutation pass. Of the 25,864 fine-mapped sIntrons 4425 (17%) had more than one credible set (Fig. S9A),
representing 1,777 (27%) of the 6,604 fine-mapped sGenes. Of the 32,436 intron-level credible sets, 7,718 (24%)
contained just a single variant (median 6 variants per credible set; Fig. S9B).

To obtain a gene-level summary of the sQTL fine-mapping results, we collapsed these intron-level credible sets into gene-
level credible sets. For each sGene, we iteratively merged all intron-level credible sets that overlapped by at least one
variant. The result is a set of gene-level merged credible sets that are independent from one another (no variants in
common) and whose union is equivalent to the union of the input intron-level credible sets. Of the 6,604 fine-mapped
sGenes, 3,490 (53%) had more than one credible set (Fig. S9C). Of the 16,451 gene-level credible sets, 3,569 (22%)
contained just a single variant (median 7 variants per credible set; Fig. S9D).
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Analogous to selection of lead eQTLs described in section 10.5, we selected a representative “lead” sQTL for each gene-
level merged credible set by first determining the intron-level credible set with the greatest coverage among those
comprising the gene-level merged credible set, and then selecting the variant within that intron-level credible set with the
highest PIP. We use these lead sQTLs in all downstream analyses to represent putative causal sQTL signals.

12 Analysis of negative selection

Evidence of negative selection on regulatory variation affecting highly constrained genes was assessed by intersecting our
eQTL fine-mapping results with metrics of constraint generated in previous studies based on depletion of loss of function
point mutations or copy number variation®**° (Fig. S10). We restricted our analysis to autosomal genes exceeding the
minimum expression threshold used in our differential expression and eQTL mapping pipelines. Among this set of genes,
we identified the top 10th percentile of highly constrained genes based on each constraint metric, accounting for their
differences in directionality (e.g., high pLI scores but low RVIS scores denote evidence of constraint). The remaining
90% of genes were considered as the background for comparison. We then contrasted the number of independent credible
causal sets per gene between the constrained and background set using a quasi-Poisson generalized linear model where
normalized mean expression level (i.e., baseMean, as computed with DESeq2’") was included as a continuous numerical
covariate. We also compared the distributions of effect sizes of the lead variant per credible causal set between
constrained and background sets of genes using a Mann—Whitney U test, where the base-2 logarithm of the the absolute

value of the estimated allelic fold change (|log(aFC)|) was used as input to each model, as computed with aFC-n*’.

13 Functional annotation and enrichment of fine-mapped cis-QTLs

We performed a functional enrichment analysis in order to evaluate the association between fine-mapped cis-eQTLs and
transcription factor (TF) as well as chromatin regulator (CR) binding sites. The data for this analysis was obtained from
the ENCODE Project Consortium, specifically the ENCODE regulation track transcription factor binding site cluster
ChIP-seq index file, which encompasses information for 338 DNA-binding proteins across 129 cell types*’®.
Specifically, we employed GenomicsRanges’’ and BEDTools version 2.29.2 7 to intersect cis-eQTL variants with TF
binding sites. Our subsequent enrichment tests were performed using the GREGOR Perl-based pipeline”. At a high level,
this involves summing the binomial random variables corresponding to the count of index SNPs located within any given

TF feature, followed by the computation of enrichment p-values via saddlepoint approximation.

We defined the criterion for positional overlap between SNPs and regulatory features as a minimum of one base pair (>1
bp) intersection. The fold enrichment for each transcription factor binding site was then calculated as a ratio, defined as
the observed fraction of index SNPs overlapping the TF binding sites divided by the expected mean overlap with a
matched control SNP set. The control SNPs were matched by the index SNPs' minor allele frequencies and their proximity
to the nearest gene's transcription start site (TSS distance), thereby providing a robust basis for comparison ensuring that
any observed enrichment is not due to underlying biases in SNP distribution with respect to allele frequency or genomic
location. Statistical significance for enrichment was assessed against a background distribution of matched control SNPs,
with Bonferroni correction for multiple hypothesis testing to control the family-wise error rate.

To assess chromatin association of the lead eQTLs, we quantified the enrichment of lead eQTLs within the core 15-
predicted chromatin states from the Roadmap Epigenomics Consortium*?, which was produced using ChromHMM v1.10
% based on a multivariate hidden Markov model. The model delineates the genome into 15 distinct chromatin states based
on the combined presence of five key histone modifications: H3K4me3, H3K4mel, H3K36me3, H3K27me3, and
H3K9me3. To evaluate enrichment, we examined all 127 reference epigenomes from the Roadmap Epigenomics
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Consortium encompassing diverse cell types and tissues to ensure a broad representation of epigenetic landscapes, for
which we utilized consolidated narrowPeak files for each of 127 epigenomic mappings. To further parse cell type-specific
patterns and consider the predicted enrichment across cell/tissue types, we quantified the enrichment in primary DNAse
Hypersensitivity Sites (DHS) data across a diverse panel of 53 cell and tissue types provided by the Roadmap
Epigenomics Consortium.

We also assessed the distribution of eQTL effect sizes across all 15 predicted chromatin states as annotated with
ChromHMM by the Roadmap Epigenomics Consortium. The effect sizes were quantified as the base-2 logarithm of the
the absolute value of the estimated allelic fold change (|log2(aFC)|) across 15 different chromatin states specific to LCLs.
Next, to elucidate the regulatory potential of lead cis-eQTLs, we assessed the distribution of their effect sizes across
promoter, enhancer, and dyadic regions in LCLs associated to multi-tissue DHS data to ensure a comprehensive
evaluation of active chromatin domains. Median cis-eQTL effect sizes were compared across these regions to discern any
preferential associations. We further stratified eQTLs by effect size, delineated into deciles of absolute log, allelic fold
change (|log>(aFC))), and analyzed their enrichment within the chromatin states predicted for LCLs, including other
primary blood cell types. Critically, we also examined how these patterns generalize to other primary blood cell types,
including Primary B-cells, T-cells, Natural Killer Cells, and Hematopoietic Stem Cells.

The enrichment calculations for both chromatin states and DHS peaks were conducted using the same GREGOR Perl
script pipeline”, as previously applied in the transcription factor binding site enrichment analysis. The enrichment was
quantified using log, fold changes (observed/expected) and p-values (-logo transformed) to determine the magnitude and
significance of enrichment across chromatin states and DHS sites across 127 cell/tissue samples.

14 Lead e- and sQTL AF differentiation between populations

To visualize the joint frequency spectrum of lead eVariants, we used the GeoVar software package®. For visualization,
we defined the following discrete allele frequency categories for visualization based on the within-dataset alternative
allele frequency: unobserved (allele frequency = 0%), rare (0% < allele frequency < 5%), and common (allele frequency >
5%). All allele frequencies were calculated using beftools (version 1.17).

15 Replication of credible sets in GTEx

15.1 Defining replicating vs. non-replicating eQTLs

To appropriately compare cis-eQTL signals between MAGE and GTEx", we first collapsed tissue-specific DAP-G
credible sets from GTEX into cross-tissue merged credible sets (ctmCS) for each gene. To construct the ctmCS, for each
gene, we combined the fine-mapping credible sets inferred using DAP-G across all tissues for that specific gene
(restricting to variants with PIP > 0.95)%'. To combine the per-tissue credible sets we iteratively joined any DAP-G
credible sets sharing variants, resulting in a set of non-overlapping variants per ctmCS per gene. We considered a MAGE
credible set to replicate in GTEXx if any variant contained in the MAGE credible set was also contained in at least one
GTEx ctmCS for that gene. To define the lead eQTL within each GTEx ctmCS, we first select the tissue-level credible set
with the highest coverage amongst those that comprise the ctmCS, and from that tissue-level credible set, we select the
variant with the highest PIP.
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15.2 Functional annotation and enrichment of non-replicating eQTLs

Because so many of the MAGE lead eQTLs did not replicate in the GTEx fine-mapping results, we were acutely curious
whether this subset of our results was enriched for functional variation. To address this question, we repeated the analysis
described in section 13 for the subset of MAGE eQTLs that did not replicate in the GTEx DAP-G results. Briefly, to
evaluate chromatin context of MAGE specific eQTLs, we performed the enrichment and functional annotation analysis
across all the 15 predicted chromatin states in 127 epigenomic mappings and 53 primary DHS data from Roadmap
Epigenomics as described insection 13. Our findings mirrored previous results, demonstrating similar functional
enrichment patterns between the non-replicating subset of MAGE eQTLs and the full set of results (Fig. S20A-C).
Additionally, to examine the relationship between fine-mapped MAGE-specific lead eQTLs and the binding sites of
transcription factors (TFs) and chromatin regulators (CRs), we conducted a detailed enrichment analysis with 338 DNA
associated ChIP-seq profiles obtained from the ENCODE Project Consortium as described in section 13. As with the full
set of lead eQTLs, we observed that MAGE-specific lead eQTLs were highly enriched in TF binding site annotations
(Fig. S20D).

16 Relationship between fixation index and differential gene expression

Weir & Cockerham’s Fsr** was calculated for each fine-mapped lead eQTL identified in section 10.5 using the statistic’s
implementation in vcflib (version 1.0.0_rc2)®. For each lead eQTL, Fsrwas estimated for each of the five target
continental groups, where foreground samples fell within the target population (e.g., AFR) and background samples fell
within any of the remaining four continental groups (e.g., EUR, SAS, EAS, or AMR). An average Fsrper eGene was
calculated for each population by computing the mean of all eQTL Fsr’s identified for each respective eGene (negative
Fsr values were converted to zeroes).

17  cis-eQTL effect size heterogeneity between populations

We discovered cis-eQTLs exhibiting effect size heterogeneity across continental groups (he-eQTLs) from among the lead
eQTLs from each SuSiE credible set (described in section 10.5). To ensure that we are detecting robust signals, we first
filter to only those variants with MAF > (.05 in at least two continental groups. After filtering, 12,338/15,664 credible
sets remain for analysis. From this set, we used two similar yet distinct approaches to discover he-eQTLs.

In the first approach, for each lead eQTL we fit two models. We first fit a model regressing normalized TMM values onto
sample genotype and eQTL mapping covariates (sex, top 5 genotyping PCs, 60 PEER factors). This is described in model
[1] below, and we note that this is equivalent to the model used for nominal eQTL mapping with FastQTL (described in
section 10.4). Here, g;; describes the sample genotypes at the top variant of the i" credible set for gene j, E; describes the
inverse normal transformed TMM values of gene j, and Xe., Xpc4, and Xpeer describe the covariates used for mapping.
Next, we fit a model identical to model [1] but that now includes an additional genotype-by-continental group interaction
term, as described in model [2]. Here, Xcc describes the continental groups of the samples. We performed an F-test to
determine if the more complex model [2] explains the data significantly better than model [1]. We define he-eQTLs as
those variants with significant F-statistics after Bonferroni correction (p < 4 x 10°).

(1) E‘J ~ &ji + Xoex + Xpca + Xperr

2) Ei~gii+ (g x Xcg) + Xoex + Xpca + Xpeer
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The second approach mirrors the first with one important distinction: for each gene with multiple causal signals (i.e.
multiple SuSiE credible sets), all top hit variants for that gene were included in the regression. This effectively controls
for the additive effects of multiple causal SNPs. So, for each SuSiE top hit variant, we first fit a model regressing
normalized TMM values onto sample genotypes for the focal top hit variant and all other top hit variants for that gene
(regardless of MAF), along with eQTL mapping covariates. This is described in model [3] below, assuming # credible sets
for the focal gene. All variables are as described above, with g;;being the genotypes of the focal variant. We next fit a
model identical to model [3] but that now includes an additional genotype-by-continental group interaction term for the
focal variant only. This is described in model [4]. As before, we performed an F-test to determine if model [4] explains
the data significantly better than model [3], and we define he-eQTLs as those variants with significant F-statistics after
Bonferroni correction (p < 4E-6).

B)E~giit..+tgit..+gnt Xext Xpca + Xpeer
@) Ei~giit..+git+ .. +gnt(gi*xXcg) + Xeex T Xpca + XpeEr

Models 1-4 were fit using the formula.api.ols function from the statsmodels package (version 0.14.0) in Python. The
F-test between models 1 and 2 and between models 3 and 4 was performed using the stats.anova.anova_1lm function
from the statsmodels package.
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Figure S1. ADMIXTURE cross validation error. Five-fold cross-validation error with varying numbers of specified ancestry components (k) in
ADMIXTURE. We selected k=7 for use in Figure 1 as this value minimizes the cross-validation error.
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Figure S2. Principal components analysis of genotype data corresponding to various human RNA-sequencing genomic data sets. (A)
Genotype principal components 1 and 2 with samples from all studies depicted with gray points and samples from the specified study (i.e., MAGE
[pink], Geuvadis [green], GTEx [blue], and AFGR [orange]) depicted with colored points in each respective panel. (B) Same as panel A, but for
principal components 1 and 3.
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Figure S3. Batch effects in MAGE RNA-seq data. (A) Spearman rank correlation in expression level (TMM) across all expression-filtered genes
between each pair of technical replicates in our data set (24 unique samples, 72 total replicates). Pairs of replicates are stratified by 1) whether they
were sequenced in the same sequencing batch and 2) whether they were derived from the sample 1KGP sample. Higher correlations are observed for
pairs of replicates from the same sample than for pairs of replicates from the same sequencing batch. (B) For replicate sequencing libraries and across
autosomal expression-filtered genes, per gene estimates of the proportion of variance in gene expression level explained by sequencing batch (pink)
or sample (blue). On average, sample explained a higher proportion of variance in expression level than batch (Wilcoxon signed-rank test: p <1 x 10
19)(C) Same as panel A, but showing Spearman rank correlation in intron excision ratio across all splicing-filtered introns. Again, higher



correlations are observed for pairs of replicates from the same sample than for pairs of replicates from the same sequencing batch. (D) Same as panel
B, but showing the proportion of variance explained by batch or sample across autosomal splicing-filtered splicing clusters. On average, sample
explained a higher proportion of variance in splicing than batch (Wilcoxon signed-rank test: p < 1 x 10°1).
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Figure S4. Count-data transformations for examining global trends in gene expression. Experiment-wide expression mean, y, and standard
deviation, o, computed across all samples following three methods of expression normalization: mean expression computed by DESeq?2 after
correcting for dispersion and normalization factors (left), Log,-transformed counts (middle), and variance-stabilized transformation (VST; right).
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Figure S5. Global trends in gene expression and splicing variance. (A) Variance in gene expression variance decreases with Eastward expansion
from Africa. (B) In contrast, splicing variance shows little change with Eastward expansion, decreasing significantly (ANOVA p-value = 3.17¢-3) in
the admixed American continental group (relative to the African continental group). Each point represents the mean variance computed across all
genes/splicing clusters within the focal population label, and whiskers represent + 1 std. err.
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Figure S6. Selection of genotype PCs for QTL mapping. (A) Percent of genotype variance explained by each of the top 20 genotype PCs for the
samples in MAGE. Variance explained drops off after 5 PCs. (B) Correlation between continental group and each of the top 20 genotype PCs. The
first 4 PCs are significantly correlated with sample continental group label. (C) Correlation between population label and each of the top 20 genotype
PCs. The first 5 PCs are significantly correlated with population label. Interestingly, PC10 also appears to be correlated with population label, but
explains only 0.26% of genotype variance.
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Figure S7. Comparison of fine-mapping resolution in subsets of MAGE. We re-ran the entire eQTL mapping pipeline (including filtering of
variants and genes) for three equally sized (n = 142) subsets of the MAGE data set, one that included only samples in the AFR continental group of
1KGP, a second diverse subset that included samples from all 26 populations of 1KGP, and a third that included only samples in the EUR continental
group of 1KGP. The pipeline was run separately for each subset. (A) The number of variants per SuSiE credible set within each subset for all genes
that had at least one credible set in at least one subset. (B) Same as panel A, but only for those genes that had at least one credible set in all three
subsets. The AFR subset yields the smallest (best resolution) credible sets, as expected given the increased genetic diversity in African
populations?®?’. Importantly, the diverse subset yields only slightly lower resolution credible sets. The worst resolution is observed in the EUR
subset.
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Figure S8. Distribution of eQTL effect sizes. (A) Distribution of lead eQTL effect sizes, measured as log>(aFC). This distribution is expected to be
roughly symmetric as, for each variant, the sign of the effect is entirely dependent on which allele is denoted the reference allele. Vertical dotted lines
denote a two-fold change to expression (logx(aFC) = +1). Most eQTLs have a relatively small effect on expression level. (B) Cumulative distribution
of the absolute value of effect size across lead eQTLs. Only 2031 (13%) lead eQTLs had greater than a twofold effect on gene expression (median
[log>(aFC)| = 0.30).
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Figure S9. Mapping of high-resolution sQTLs. (A) Number of credible sets per sIntron, where we define sIntrons as all introns (that passed
filtering) for genes identified as sGenes in the FastQTL permutation pass. We ran SuSiE separately for each sIntron. (B) Resolution of sIntron fine-
mapping, defined as the number of variants per credible set. (C) After fine-mapping, overlapping intron-level credible sets were iteratively merged to
produce gene-level credible sets. Panel C shows the number of merged credible sets per sGene. (D) The resolution of sGene fine-mapping, defined as
the number of variants per merged credible set. These results demonstrate evidence of widespread allelic heterogeneity whereby multiple causal
variants independently modulate splicing patterns of the same genes.
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Figure S10. Evidence of stabilizing selection on gene expression across a range of mutational constraint metrics. Top row: number of credible
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obtained from the literature. Bottom row: effect sizes (Jlog2(aFC)|) of lead eQTLs within (pink) and outside (blue) the same categories.
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Figure S11. Lead eQTLs are strongly enriched within regulatory domains across various cell and tissue types. (A) Corresponding heatmap to
Fig. 4A, showing significance of the enrichment estimates (right tailed, Binomial P-value). Differential eQTL enrichment across various chromatin
states in multiple cell types, highlighting pronounced enrichment at active transcription start sites (TssA) and proximal flanking regions (TssAFInk),
with moderate enrichment in enhancer regions (Enh, EnhG), particularly in blood cell types. Contrastingly, regions characterized by quiescence,
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repression, and heterochromatin show a marked depletion of eQTLs. (B) A lollipop plot showing the pronounced enrichment of lead eQTLs in the
DHSs (DNAse Hypersensitivity Sites) across 53 cell/tissue types (colored as in A). We note a marked enrichment in DHS of blood cell types with
lymphoblastoid cell line GM 12878 as one of the top hits.
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Figure S12. Lead eQTLs are functionally enriched in the regulatory regions of lymphoblastoid cell lines GM12878 (E116). (A) Corresponding
heatmap to main Fig. 4B, showing significance of the decile-based enrichment analysis estimates (right tailed, Binomial P-value). Figure illustrates a
heatmap of eQTL effect size distribution, showing consistent promoter-associated enrichment across deciles. Conversely, significant enrichment
peaks in bivalent regions (TssBiv, EnhBiv, BivFInk) are distinctly observed among eQTLs with the largest effect sizes. (B) Distribution of effect
sizes for lead eQTLs within Roadmap Epigenomics chromHMM predicted chromatin states*? exhibiting pronounced trend of diminished effect sizes
for transcriptional elongation regions (Tx, TxWk, and TxFInk).
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Figure S13. Lead eQTLs are functionally enriched in the regulatory regions of primary B-cells (E032). (A) Decile-Based enrichment analysis
of lead eQTL effect sizes measured as absolute value of the estimated allelic fold change (|log,(aFC)|) across 15 different chromatin states predicted
by the Roadmap Epigenomics chromHMM model*? specific to Primary B-Cells. Heatmap showcases promoter associated regions maintaining a
consistent trend across all deciles of eQTL effect sizes. In contrast, a notable enrichment is detected within bivalent regions, Bivalent Transcription
Start Sites (TSSBiv), Bivalent Enhancers (EnhBiv) and Bivalent flanking regions (BivFInk), which is most pronounced for eQTLs demonstrating
large effects. (B) Corresponding heatmap to panel A, showing significance of the enrichment estimates (right tailed, Binomial P-value). (C)
Distribution of effect sizes for lead eQTLs within chromatin states exhibiting pronounced trend of diminished effect sizes for transcriptional
elongation regions (Tx, TxWk, and TxFInk) (D) Distribution of absolute effect sizes of lead eQTLs (measured as log,(aFC)) across chromatin states
in Primary B-Cells that are associated with multi-tissue DNAse hypersensitivity sites*.
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Figure S14. Lead eQTLs are functionally enriched in the regulatory regions of primary T-cells (E034). (A) Decile-Based enrichment analysis
of lead eQTL effect sizes measured as absolute value of the estimated allelic fold change (]log>(aFC)|) across 15 different chromatin states predicted
by chromHMM model specific to Primary T-Cells. Heatmap showcases promoter associated regions maintaining a consistent trend across all deciles
of eQTL effect sizes. In contrast, a notable enrichment is detected within bivalent regions, Bivalent Transcription Start Sites (TSSBiv), Bivalent
Enhancers (EnhBiv) and Bivalent flanking regions (BivFInk), which is most pronounced for eQTLs demonstrating large effects. (B) Corresponding
heatmap to panel A, showing significance of the enrichment estimates (right tailed, Binomial P-value). (C) Distribution of eftect sizes for lead eQTLs
within chromatin states exhibiting pronounced trend of diminished effect sizes for transcriptional elongation regions (Tx, TxWk, and TxFInk) (D)
Distribution of absolute effect sizes of lead eQTLs measured as logy(aFC) across chromatin states in Primary T-Cells that are associated with multi-
tissue DNAse Hypersensitivity Sites*2.
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Figure S15. Lead eQTLs are functionally enriched in the regulatory regions of primary natural killer cells (E046). (A) Decile-Based
enrichment analysis of lead eQTL effect sizes measured as absolute value of the estimated allelic fold change (|log,(aFC)|) across 15 different
chromatin states predicted by chromHMM model specific to Primary Natural Killer Cells. Heatmap showcases promoter associated regions
maintaining a consistent trend across all deciles of eQTL effect sizes. In contrast, a notable enrichment is detected within bivalent regions, Bivalent
Enhancers (EnhBiv) and Bivalent flanking regions (BivFInk), which is most pronounced for eQTLs demonstrating large effects. (B) Corresponding
heatmap to panel A, showing significance of the enrichment estimates (right tailed, Binomial P-value). (C) Distribution of effect sizes for lead eQTLs
within chromatin states exhibiting pronounced trend of diminished effect sizes for transcriptional elongation regions (Tx, TxWk, and TxFInk) (D)
Distribution of absolute effect sizes of lead eQTLs measured as log>(aFC) across chromatin states in Primary Natural Killer Cells that are associated
with multi-tissue DNAse Hypersensitivity Sites*?.
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Figure S16. Lead eQTLs are functionally enriched in the regulatory regions of primary hematopoietic stem cells (E051). (A) Decile-Based
enrichment analysis of lead eQTL effect sizes measured as absolute value of the estimated allelic fold change (|logz(aFC)|) across 15 difterent
chromatin states predicted by chromHMM model specific to Primary Hematopoietic Stem Cells. Heatmap showcases promoter associated regions
maintaining a consistent trend across all deciles of eQTL effect sizes. In contrast, a notable enrichment is detected within bivalent regions, Bivalent
Transcription Start Sites (TSSBiv) and Bivalent flanking regions (BivFInk), which is most pronounced for eQTLs demonstrating large effects. (B)
Corresponding heatmap to panel A, showing significance of the enrichment estimates (right tailed, Binomial P-value). (C) Distribution of effect sizes
for lead eQTLs within chromatin states exhibiting pronounced trend of diminished effect sizes for transcriptional elongation regions (Tx, TxWk, and
TxFInk) (D) Distribution of absolute effect sizes of lead eQTLs measured as log,(aFC) across chromatin states in Primary Hematopoietic Stem Cells
that are associated with multi-tissue DNAse Hypersensitivity Sites*2.
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Figure S17. Population stratification of eQTLs. Geographic frequencies of lead eQTLs found in MAGE across (A) all lead eQTLs, (B) excluding
variants with allele frequencies > 5% across all regional populations, (C) only including variants unobserved in European ancestry populations, and
(D) only including variants unobserved in both European and African-ancestry populations. The geographic distributions are sorted by the most
common at the bottom and rarest at the top. Allele frequencies are categorized as unobserved (U), rare variants with population allele frequencies <
5% (R), and common variants (C) with allele frequencies greater than 5%.
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Figure S18. Population stratification of sQTLs. Geographic frequencies of lead sQTLs found in MAGE across (A) all lead sQTLs, (B) excluding
variants with allele frequency > 5% (i.e., “globally common”) across all regional populations, (C) only including variants unobserved in European
ancestry populations, and (D) only including variants unobserved in both European and African-ancestry populations. Allele frequencies are
categorized as unobserved (U), rare variants with population allele frequencies < 5% (R), and common variants (C) with allele frequencies greater
than 5%.
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Figure S19. GTEx DAP-G fine-mapping signals that do not replicate in MAGE are largely tissue-specific. Comparison of number of tissues
contained by 79,913 cross-tissue merged credible sets (ctmCS) from GTEx that do not replicate in MAGE against 7,913 ctmCS that replicate in
MAGE. The number of tissues is defined as the number of tissues across all variants included in a ctmCS.



CellType
M Adipose
. EiBiood & T-cel

II Brain
- [ Digestive

Il ENCODE2012
Epithelial

B Es-deriv

M Esc

. Heart

I HsC & Bcell

M 'MR90

B ipsc

. Mesench

. Muscle

. Myosat
Neurosph

[ other
Sm. Muscle
Thymus

—
“ log2(foldEnrich)
>=4

-log10(Pvalue)

>=200
150
100

50
% 25

0

2
0

-2
N,

TssAFInk
TxFInk I
TssBiv
BivFInk

EnhG
EnhBiv
ZNF-Rpts
TXWk
ReprPC
ReprPCWk
Quies
Het
CelType ITIM NN O 0T THCTE MNIER ] VW] fam o
TssA|
TssAFInk
TxFInk
TssBiv
BivFInk
EnhG
Tx
Enh
EnhBiv
ZNF-Rpts
TxWk
ReprPC
ReprPCWk
Quies
Het.

C' Lead eQTL Enrichment in DHS

BLD.CD3.CPC-~-.__ BLD.GM12878"

T TN T~
BHLHE40-~ " yBN-” GATAD28/ EBRI % RELB™-EED
ks Ty NN

S \

T Rg SO, X S

3 A A A A A A 0| -~ yi, i AN

: B E N 5 *PAX5

BLD.CD56.PC-—:=¢ : ELF1 IKZF2 J Bur;{xa RELB

- : L/ ;

P o H .
BLD.CD19.PPC- LD.C0j14.HC | °© ZNFo87s MEF2B H
i K [ | i
° cpre MEF2A

ZBED1. BCL11A

Iy . Y J

IRF4
/

N}
N
S
3

° POUZF2-
¢ <

N
° N © &mapi-~“ ¢ ‘BATF
i

log2(Fold-enrichment)
-log10(PValue)

S
3

E082
E022
E081
E088
E083
E021
E120
E004
E127
E057
E121
E128
E090
E126
E17
E059
E125
E055
E008
E123
E114
E005
E003
E086
E091
E089

=

©
@ E056
E017
E119
E122
E097
E080
E118
E028
E100
E084
E092
E098
E109
E094
E085
E050
E093
E124
E034
E051
E029
E032
E046
E033
E116
o
7
o
It
b

log2(Fold-enrichment)

(@)
o

Figure S20. Lead eQTL:s that did not replicate in GTEx are functionally enriched in the regulatory regions of pertinent cell types. (A) A
heatmap showing the enrichment of unique lead eQTLs at 15 predicted chromatin states across 127 cell/tissue types from the Roadmap Epigenomic
Consortium. Cell type annotations are displayed by colored legend keys. Lead eQTLs exhibited strong enrichment at promoter (TssA, TssAFInk) and
enhancer regions (Enh, EnhG) both, with promoter regions showing more pronounced enrichment compared to enhancer regions across the cell
types. Strong Hierarchical clustering of Blood and T cells highlighted by green colored cell type annotation bar on the left. (B) Corresponding
heatmap to panel A, showing significance of the enrichment estimates (right-tailed, Binomial P-value). (C) A lollipop plot showing the pronounced
enrichment of lead eQTLs in the DHSs (DNAse Hypersensitivity Sites) across 53 cell/tissue types (colored as in A). We note a marked enrichment in
DHS of blood cell types with lymphoblastoid cell line GM12878 as one of the top hits. (D) Volcano plot representing the enrichment analysis of lead



eQTLs at TFBSs (Transcription factor binding sites) of 338 TF ChIP-seq binding profiles sourced from ENCODE. Data points reflecting a
Bonferroni-corrected p-value < 0.001 and log2(fold-enrichment) > 1 stand out in red, underscoring those transcription factors where lead cis-eQTL
enrichment is both statistically significant and of notable magnitude.
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Figure S21. Functional epigenetic annotation of GSTPI eQTL credible signals. ENCODE epigenetic signals at the GSTP! locus, within
lymphoblastoid cell line GM12878. From top down: 1) Red colored tracks denote binding of DNA associated factors. 2) Blue colored tracks show
histone mark signals, including promoter and enhancer associated chromatin marks. 3) The multi-colored track shows the predicted chromatin state
along the chromosome, legend at bottom left. 4) Asterisks represent fine-mapped eQTLs for GSTPI. The two red asterisks represent the lead eQTLs
of the two GSTP] credible sets and the blue asterisks represent the corresponding SNP with the next highest PIP within the same credible set. The top
two (smaller) asterisks represent eQTLs from one credible set, the bottom two (larger) asterisks represent eQTLs from the other credible set (which
was highlighted in Fig. 5). 5) Gene annotation at and around the GSTP/ locus.



