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Abstract/Summary: 
Genetic variation influencing gene expression and splicing is a key source of phenotypic diversity. Though invaluable, 
studies investigating these links in humans have been strongly biased toward participants of European ancestries, 
diminishing generalizability and hindering evolutionary research. To address these limitations, we developed MAGE, an  
open-access RNA-seq data set of lymphoblastoid cell lines from 731 individuals from the 1000 Genomes Project spread 
across 5 continental groups and 26 populations. Most variation in gene expression (92%) and splicing (95%) was 
distributed within versus between populations, mirroring variation in DNA sequence. We mapped associations between 
genetic variants and expression and splicing of nearby genes (cis-eQTLs and cis-sQTLs, respective), identifying >15,000 
putatively causal eQTLs and >16,000 putatively causal sQTLs that are enriched for relevant epigenomic signatures. These 
include 1310 eQTLs and 1657 sQTLs that are largely private to previously underrepresented populations. Our data further 
indicate that the magnitude and direction of causal eQTL effects are highly consistent across populations and that apparent 
"population-specific" effects observed in previous studies were largely driven by low resolution or additional independent 
eQTLs of the same genes that were not detected. Together, our study expands understanding of gene expression diversity 
across human populations and provides an inclusive resource for studying the evolution and function of human genomes.  
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Main Text: 
Introduction: 

Genetic variation affecting gene expression and splicing accounts for a large proportion of phenotypic differences within 
and between species, including humans1. By correlating patterns of expression and splicing with variation at the level of 
DNA, foundational studies over the past decades have helped reveal the genetic architecture of these molecular traits, as 
well as their relationships to higher-order organismal phenotypes and diseases2–6. 

Previous molecular association studies in humans have been strongly biased toward individuals of European ancestries, 
with limited representation from other global populations. This diminishes the generalizability of results, raises ethical 
concerns about the distribution of research benefits, and hinders understanding of the diversity and evolution of gene 
expression across human populations7–9. Further, research has demonstrated that the study of diverse cohorts captures a 
broader history of recombination events, improving the ability to identify the causal variant(s) driving an association signal 
against a background of correlated alleles in linkage disequilibrium (LD)10. More broadly, gene expression data from a 
large, globally diverse cohort is necessary to understand the distribution and evolution of human gene expression. 

To address this goal, we developed MAGE: a resource for Multi-ancestry Analysis of Gene Expression. MAGE comprises 
RNA-seq data from a large sample of lymphoblastoid cell lines from individuals from globally diverse human populations. 
Using these data, we quantified the distribution of gene expression and splicing diversity within and between populations, 
mapped genetic variation influencing gene expression and splicing at high resolution, and examined the evolutionary forces 
that shape such variation as well as the causes of apparent heterogeneity in its effects across populations. Together, our 
work offers a more complete view of the magnitude, distribution, and genetic sources of gene expression and splicing 
diversity within and between human populations. 
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Figure 1. A globally diverse transcriptomics data set. (A) RNA-seq data was generated from lymphoblastoid cell lines from 731 individuals from 
the 1000 Genomes Project11, roughly evenly distributed across 26 populations and five continental groups. Populations included in MAGE are 
colored in pink, while the Maasai population is colored in blue as it is present in the AFGR12 data set (based on sequencing of HapMap13 cell lines), 
but not in the 1000 Genomes Project or MAGE. (B) ADMIXTURE14 results displaying proportions of individual genomes (columns) attributed to 
hypothetical ancestry components. For MAGE, Geuvadis6, and AFGR, samples are stratified according to population and continental group labels 
from the respective source projects, while GTEx15 does not include population labels. 
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Results: 

An open-access RNA-seq data set from globally diverse human samples 

To achieve a broader view of human gene expression diversity, we performed RNA sequencing with poly(A) enrichment 
of lymphoblastoid cell lines from 731 individuals from the 1000 Genomes Project11 (1KGP), representing 26 globally-
distributed populations (27-30 individuals per population) across five continental groups (Fig. 1A). These data offer a large, 
geographically diverse, open-access resource to facilitate studies of the distribution, genetic underpinnings, and evolution 
of variation in human transcriptomes and include data from several ancestry groups that were poorly represented in previous 
studies (Fig. 1B, Fig. S2). All 731 samples were sequenced in a single laboratory across 17 batches, and sample populations 
were stratified across these batches to avoid confounding between population and batch. In addition, 24 samples were 
sequenced in triplicate to facilitate quantification of technical variability both within and between batches, thus resulting in 
779 total libraries. 

We quantified gene expression level using gene annotations from GENCODE16 (v38; see Methods). After filtering out genes 
with low expression across samples, we were left with 20,154 expressed genes (19,539 autosomal genes, 615 genes on 
chrX) for downstream analysis of gene expression levels. In parallel, we used an annotation agnostic approach implemented 
by LeafCutter17 to quantify alternative splicing patterns, defined by ratios of intron excision events (see Methods). After 
filtering out low-count and low-complexity introns, we identified 32,867 splicing clusters (145,806 introns) mapping to 
12,300 genes. Notably, for the 24 samples sequenced in triplicate, we observed greater variation in both gene expression 
and splicing between samples than between batches (Fig. S3), corroborating the robustness of our study design. 

The distribution of gene expression and splicing diversity 

The vast majority of variation in DNA sequence is distributed within as opposed to between human populations by 
consequence of historical demographic events such as divergence, admixture, and population growth18–21. Previous studies 
have explored the extent to which this pattern holds for gene expression diversity, finding that population labels explain 3-
25% of the total variation in gene expression6,22. However, these studies were limited by either sample size or diversity, 
motivating analysis within MAGE. 

To this end, we fit a linear model relating expression level of each gene with continental group and population labels from 
the 1KGP. After regressing out sequencing batch and sex effects, continental group explains an average of 2.92% of 
variance in gene expression level across tested genes, whereas population label explains an average of 8.40% of variance, 
consistent with its more granular definition (Fig. 2A). While small, these proportions exceed null expectations assuming 
no population structure, supporting the interpretation that the geographic distribution of DNA sequence variation 
propagates to molecular phenotypes (permutation test: pcontinental group, ppopulation < 1 × 10-3). Interestingly, the proportion of 
variance explained is smaller, on average, than reported in a previous study by Martin et al.22. This may partially reflect 
their inclusion of samples from the San population of the Human Genome Diversity Project (HGDP) whose ancestors 
have been estimated to have separated (with subsequent gene flow) from other populations within their data set >100 kya, 
exceeding the greatest estimated divergence times between populations included in 1KGP23–25. 

We observed similar patterns of diversity across populations for alternative splicing. After regressing out technical 
variation, continental group and population explained an average of only 1.23% and 4.58%, respectively, of variance in 
splicing (Fig. 2C; permutation test: pcontinental group, ppopulation < 1 × 10-3). While the proportions of variance in gene 
expression and splicing explained by population label are not directly comparable due differences in their units of 
measurement  (normalized expression levels per gene vs. intron excision ratios per splicing cluster), our observations are 
qualitatively consistent with previous reports that expression level varies more between populations than splicing22. 
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Interestingly, we also observed that within-population variance in expression (analysis of deviance: χ2 [4, N = 100,890] = 
17,623, p < 1 × 10-10) and splicing (analysis of deviance: χ2 [4, N = 164,335] = 1550.6, p < 1 × 10-10) differs among 
continental groups, with higher average variances (across all tested genes) observed within the African continental group 
compared to the Admixed American continental group (Fig. 2B and 2D, Fig. S5). These results are consistent with the 
demonstrated decline in genetic diversity resulting from serial founder effects during human global migrations26,27. While 
significant, the magnitudes of these differences in variances are smaller than the magnitude of the decline in genetic 
diversity, likely reflecting the non-genetic environmental and stochastic contributions to gene expression and splicing 
variance that similarly affect all samples. 

 

Figure 2. Patterns of transcriptomic diversity within and between populations. (A) Per gene estimates of the proportion of variance in gene 
expression level that is partitioned between continental groups (pink) and populations (blue), as opposed to within continental groups or populations. 
(B) Variance in gene expression level per gene differs across continental groups, consistent with underlying differences in levels of genetic variation. 
(C) Per splicing cluster estimates of the proportion of variance in alternative splicing (intron excision ratios) that is partitioned between continental 
groups (pink) and populations (blue), as opposed to within continental groups or populations. (D) Variance in alternative splicing (intron excision 
ratios) per splicing cluster differs across continental groups, consistent with underlying differences in levels of genetic variation. 
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Genetic effects on gene expression 

Discovery of expression-linked genetic variation at high resolution 

Beyond providing a global view of the patterns of expression and splicing across populations, MAGE offers a valuable 
resource for uncovering the genetic factors driving variation in these biological processes and the molecular mechanisms 
by which they act, including the discovery of functional variation that is largely private to historically understudied 
populations. By intersecting our expression and splicing quantifications with high-confidence genetic variant calls 
previously generated for the same set of samples28, we mapped expression and splicing quantitative trait loci within 1 
megabase (Mb) of the transcription start site of each gene (termed cis-eQTLs and cis-sQTLs, respectively). We define 
eGenes and sGenes as genes with an eQTL or sQTL, respectively, and eVariants and sVariants as the individual genetic 
variants defining an eQTL or sQTL signal. Across 19,539 autosomal genes that passed expression level filtering 
thresholds (see Methods), we discovered 15,022 eGenes and 1,968,788 unique eVariants (3,538,147 significant eVariant–
eGene pairs; 5% false discovery rate [FDR]). Additionally, across 11,912 autosomal genes that passed splicing filtering 
thresholds, we discovered 7,727 sGenes and 1,383,540 unique sVariants (2,416,177 significant sVariant–sGene pairs; 5% 
FDR).  

The inclusion of genetically diverse samples in association studies captures a greater number of recombination events in 
the history of the sample, thereby breaking up linkage disequilibrium (LD) and improving mapping resolution10,29 (Fig. 
S7). With this goal in mind, we used SuSiE30,31 to perform fine-mapping for all eGenes and the introns of all sGenes to 
identify causal variants driving each QTL signal. For each gene/intron, SuSiE identifies one or more credible sets, 
representing independent causal e/sQTL signals and whereby each credible set contains as few variants as possible while 
maintaining a high probability of containing the causal variant. To obtain a gene-level summary of the sQTL fine-
mapping results, we collapsed intron-level credible sets into gene-level credible sets by iteratively merging intron-level 
credible sets for each sGene (see Methods). We identified at least one credible set for 9,807 (65%) eGenes and 6,604 
(85%) sGenes, which we define as fine-mapped e/sGenes. Consistent with previous results6,15,32, we observed widespread 
allelic heterogeneity across fine-mapped genes with 3,951 (40%) of fine-mapped eGenes and 3,490 (53%) of fine-mapped 
sGenes exhibiting more than one distinct credible set (Fig. 3A, Fig. S9C). We also achieved high resolution in identifying 
putative causal variants driving expression changes: of 15,664 eQTL credible sets, 3,992 (25%) contained just a single 
variant (median 5 variants per credible set; Fig. 3B). Similarly, for sQTLs, 3,569/16,451 (22%) credible sets contained 
just a single variant (median 7 variants per credible set; Fig. S9D). For downstream analyses, we selected a single 
representative “lead eQTL” from each eGene credible set, and a single “lead sQTL” from each sGene gene-level credible 
set (see Methods). 

For each lead eQTL, we calculated its effect size using a recent implementation of the allelic fold change (aFC)33,34 
statistic that quantifies eQTL effect sizes conditional on all other lead eQTLs for that gene (see Methods). Consistent with 
previous studies15, most eQTLs had small effects; only 2,031 (13%) lead eQTLs had greater than a two-fold effect on 
gene expression (median |log2(aFC)|  = 0.30; Fig. S8). This is a slightly smaller proportion than previously reported by 
GTEx15, but we hypothesize that this is partially explained by small sample sizes in some GTEx tissues driving a stronger 
“winner’s curse” in those tissues, whereby effects are systematically overestimated35. 

Evidence of selective constraint on eGenes 

Previous studies of large population cohorts have identified sets of genes under strong mutational constraint, whereby 
negative selection has depleted loss-of-function point mutations and copy number variation relative to the rest of the 
genome36–40. One popular metric for quantifying mutational constraint on genes is the probability of intolerance to loss-of-
function mutations (pLI)37. In our data, we observed that eGenes possess significantly lower mean pLI scores (mean = 
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0.261) than non-eGenes (mean = 0.304; Wilcoxon rank sum test: W = 11,596,590, p = 3.89 × 10-7). Additionally, highly 
constrained eGenes (top 10% of pLI) tend to possess fewer credible causal sets (mean = 0.82) than other eGenes (mean = 
1.12; quasi-Poisson GLM: 𝛽"  = -3.13, p = 7.94 × 10-21; Fig. 3C). Moreover, the average effect size of lead eQTLs within 
highly constrained genes (mean |log2(aFC)| = 0.26) is smaller than that of other genes (mean |log2(aFC)| = 0.53; Wilcoxon 
rank sum test: W = 4,128,766, p = 2.20 × 10-91; Fig. 3D). These observations, which hold for several other metrics of 
mutational constraint (Fig. S10), are consistent with previous analyses demonstrating weak, but measurable selection 
against expression-altering variation41. 

 

Figure 3. Mapping high-resolution eQTLs. (A) Number of credible sets per eGene, demonstrating evidence of widespread allelic heterogeneity 
whereby multiple causal variants independently modulate expression of the same genes. (B) Fine-mapping resolution, defined as the number of 
variants per credible set. (C) A signature of stabilizing selection on gene expression, whereby eGenes under strong evolutionary constraint (defined 
as the top pLI38 decile reflecting intolerance to loss of function mutations; pink) possess fewer credible sets, on average, than other genes (blue). (D) 
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A signature of stabilizing selection on gene expression, whereby eQTLs of genes under strong evolutionary constraint (top pLI decile; pink) have 
smaller average effect sizes (aFC) than other genes (blue). 

Functional Enrichment of cis-eQTLs 

Taking advantage of the high resolution of putative causal signals, we investigated the functional enrichment of fine-
mapped cis-eQTLs in the regulatory DNA of multiple cell/tissue types. We quantified the enrichment of fine-mapped lead 
eQTLs in 15 predicted chromatin-state annotations across 127 reference epigenomes from the Roadmap Epigenomics 
chromHMM model42. We observed strong enrichment of lead eQTLs within several regulatory chromatin states (Fig. 4A; 
S11A) across cell/tissue types including within the blood and T-cell samples. Enrichment was most pronounced within 
promoter regions, specifically at active transcription start sites (TssA) and flanking regions (TssAFlnk), but modest 
enrichments are also apparent within enhancer regions (Enh, EnhG), especially for blood cell types. Conversely, 
quiescent, repressive, and heterochromatic regions were depleted of eQTLs. To parse cell-type-specific patterns, we 
further extended our analysis to primary DNAse Hypersensitivity Site (DHS) annotations, and we observed a strong 
enrichment of lead eQTLs in DHSs of blood and T-cell samples (Fig. S11B). 

Focusing on data from LCLs, we next explored the relationship between epigenomic enrichments and eQTL effect sizes 
(|log2(aFC)|). While promoter-associated enrichment was consistent across eQTL effect size deciles, enrichment within 
poised regulatory regions such as Bivalent TSS (TSSBiv) and Bivalent Enhancers (EnhBiv) was most apparent for eQTLs 
of large effect (top two deciles), whereas quiescent, repressive, and heterochromatic regions again exhibited depletion 
(Fig. 4B). Further exploring the effect sizes of functionally annotated eQTLs, we observed that eQTLs located within 
chromatin states associated with transcriptional elongation regions (Tx, TxWk, and TxFlnk) predominantly exhibited 
lower effect sizes (Fig. S12B). These qualitative trends were replicated in other primary blood cell types (Figs. S13-S16). 

To further contextualize the distribution of eQTLs effect sizes across different regulatory features, we analyzed the 
distribution of lead eQTL effect sizes (|log2(aFC)|) across a set of LCL promoter, enhancer, and dyadic (acting as both 
promoter and enhancer) regions from Roadmap Epigenomics that were annotated as active based on DHS signals across 
53 cell/tissue types42. We observed larger median eQTL effect sizes at promoter regions relative to enhancers and dyadic 
regions (Fig. 4C)—a pattern that again replicates across other primary blood-related cell types (Figs. S13-S16). Using 
ChIP-seq data from ENCODE43, we also observed that lead-eQTLs are significantly enriched within 312 (92.30%; 
Bonferroni adjusted p < 0.05) transcription factor (TF) binding sites including canonical promoter-associated TFs such as 
POLR2A, TAF1, JUND, ATF2, and KLF5, as well as TFs such as HDACs, EP300, and YY1 which are more typically 
associated with enhancers (Fig. 4D). Our findings help illuminate the epigenomic features of gene regulation influenced 
by genetic variation, enhancing understanding of the functional consequences of cis-eQTLs in different cellular and 
chromatin contexts. 
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Figure 4. Fine-mapped cis-eQTLs are strongly enriched in regulatory regions across multiple cell/tissue types. (A) A heatmap representing 
hierarchical clustering of the enrichment of cis-eQTLs in predicted chromatin states using the Roadmap Epigenomics 15-state chromHMM model 
across 127 cell-tissue samples. (B) Enrichment analysis of the decile partitioned eQTL effect sizes measured as base-2 logarithm of the the absolute 
value of the estimated allelic fold change (|log2(aFC)|) across 15 different chromatin states predicted by chromHMM model specific to LCLs 
(Lymphoblastoid Cell Lines). (C) Distribution of absolute value of lead cis-eQTL effect sizes measured as log2(aFC) across putatively active 
chromatin states of LCLs linked to multi-tissue DNAse Hypersensitivity Sites. (D) Enrichment analysis of lead cis-eQTLs at TFBS (Transcription 
Factor Binding Sites) from ENCODE's ChIP-seq binding profiles. Scatter data points with p-values < 0.001 (Bonferroni corrected) and log2(fold-
enrichment) > 1 are colored in black underscoring those transcription factors where lead cis-eQTL enrichment is both statistically significant and of 
notable magnitude. 
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Population-specific effects of genetic variation on gene expression 

One fundamental question in association studies is the extent to which genetic associations replicate across human groups 
and the underlying factors driving heterogeneity between groups. Several previous studies have demonstrated that the 
predictive power of association study summary statistics (e.g., when used for the development of polygenic scores) 
declines when applied to groups whose ancestry does not match that of the discovery sample8. The underlying causes of 
such poor portability is a topic of active debate44,45, and several non-mutually exclusive explanations have been proposed: 
1) differences in the allele frequency of causal variants between groups can lead to differential power to discover 
associations within those groups; 2) differences in patterns of LD between groups can lead to apparent nominal effect size 
heterogeneity of discovered variants between groups due to differences in LD either between a tag variant and the 
underlying causal SNP, or between multiple causal variants; 3) epistatic interaction between multiple causal SNPs, one or 
both of which exhibit differences in AF across groups can also lead to differences in the apparent nominal effect size 
between groups. Gene-by-environment interactions may also drive effect size heterogeneity, but we anticipate that such 
interactions are less relevant to our data given the common conditions used for deriving and culturing immortalized 
lymphoblastoid cell lines, as well as the block-randomized nature of the experimental design (see Methods). 

To gain insight into the relative importance of these phenomena, we identified and characterized two broad classes of 
population-specific QTLs: 1) QTLs whose AF differs between continental groups (which we term frequency 
differentiated QTLs or fd-QTLs) and 2) QTLs that exhibit effect-size heterogeneity between continental groups (which we 
term heterogeneous effect QTLs or he-QTLs). We consider each class in the following sections. 

Prevalence of population-stratified eQTLs 

We hypothesized that the diversity of our sample would facilitate discovery of novel QTLs that are private to populations 
that were underrepresented in previous molecular association studies. To test this hypothesis, we evaluated the geographic 
frequency distribution of the 15,664 lead eQTLs for 9,807 genes with at least one credible set in MAGE. We defined the 
geographic frequency distribution as the variant frequency across continental regions (e.g., European [EUR]) defined in 
the sample. We observed that 8,837 (56.4%) lead eQTLs have an allele frequency greater than 5% across all regional 
groupings (i.e., “globally common”), consistent with the fact that statistical power for eQTL discovery scales with allele 
frequency and that most common variation is shared across human populations46–48 (Fig. S17A and S17B). However, we 
also identified 1,310 (8.3%) lead eQTLs across 1,210 unique genes that are unobserved in the European continental group, 
but present in one or more other continental groups, including 736 such variants that are common in Africa (Fig. S17C). 
An additional 115 (0.6%) lead eQTLs associated with 112 unique genes are unobserved in both European and African 
ancestry groups (Fig. S17D). Qualitatively similar patterns are also apparent for sQTLs (Fig. S18). The discovery of 
geographically restricted e- and s-QTLs that are beyond the major ancestries sampled by previous projects (e.g., GTEx 
and Geuvadis) further underscores the value of ancestrally diverse molecular QTL data sets.  

To further contextualize our results, we compared our eQTL fine-mapping results to those from GTEx, which largely 
comprises individuals of European ancestries, as well as some African American subjects. To account for the multi-tissue 
nature of GTEx, we took the union of credible sets across tissues for a focal gene to compare with the credible sets for that 
same gene in MAGE (see Methods). Overall, we found that 8,069 MAGE credible sets (6,421 genes) replicate in GTEx, 
compared to 7,595 credible sets (5,545 genes) that do not replicate (Fig. 5A). We additionally identified 701 genes with at 
least one credible set in MAGE but no apparent credible set in GTEx.  Notably, we observed that lead eQTLs in MAGE 
that do not replicate in GTEx tend to exhibit greater geographic differentiation with higher frequencies outside of Europe 
relative to variants that replicate between studies which tend to be common across all populations (Fig. 5A). Moreover, 
the 79,915 GTEx lead eQTLs that are not replicated in MAGE (7,913 lead eQTLs replicated) are enriched for tissue-

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted November 5, 2023. ; https://doi.org/10.1101/2023.11.04.565639doi: bioRxiv preprint 

https://paperpile.com/c/vztv18/Skxs
https://paperpile.com/c/vztv18/yeS0+akJe
https://paperpile.com/c/vztv18/fkMB+IgGv+tUxIz
https://doi.org/10.1101/2023.11.04.565639
http://creativecommons.org/licenses/by/4.0/


 

12 

specific effects (Mann-Whitney U Test: p < 10-10; Fig. S19). Importantly, the subset of MAGE eQTLs that do not 
replicate in GTEx exhibit similar qualitative patterns of functional enrichment as those that do replicate, thereby 
supporting the biological validity of newly discovered eQTLs in MAGE (Fig. S20). Together, these results highlight 
important aspects of experimental design across multiple axes of diversity, such as ancestry or tissue composition, that 
shape the statistical findings of molecular QTL studies. 

One example of an fd-eQTL that we identified was rs115070172, for which the T allele is common (AF > 0.05) only 
within the Admixed American (AMR) continental group in MAGE and is at high frequency (AF = 0.63) in the Peruvian 
(PEL) population (Fig. 5B). This variant is the lead eQTL for one of two credible causal sets of gene GSTP1, a tumor 
suppressor gene whose expression has been implicated in breast cancer49–51. The T allele of the rs115070172 variant is 
significantly associated with lower expression of GSTP1 (Fig. 5C). Intersection with epigenomic data indicate that this 
fine-mapped lead eQTL lies within a putative enhancer region. We note that there is also a second SNP, rs4930437, in the 
same credible set that is completely linked with the chosen lead eQTL and lies within a putative promoter region and is 
proximal (471 bp) to an H3K27ac-enriched site, a hallmark of strong enhancer activity (Fig. S21). Interestingly, the 
expression of GSTP1 is significantly lower in individuals from PEL compared to other global populations, and we 
hypothesize that this eQTL signal may explain this trend. 

To more broadly test the role of fd-eQTLs in driving differential gene expression between continental groups, we 
quantified Weir & Cockerham’s FST

52 for each lead eQTL and intersected these values with the differential expression 
(DE) results for each eQTL’s respective eGene (Fig 5E). Among continental groups, differentially expressed eGenes 
(FDR-adjusted p ≤ 0.05) possessed higher FST values than non-DE genes (Mann-Whitney U Test: Z = 0.022 ± 0.001, 95% 
c.i.; p < 0.05). Within continental groups, the magnitude of differential expression positively correlated with mean FST, 
where the greatest difference in FST was measured within AFR (mean FST = 9.92 × 10-2 in 1st DE decile; mean FST = 1.82 × 
10-1 in 10th DE decile) and the smallest difference within AMR (mean FST = 3.76 × 10-2 in 1st DE decile; mean FST =  6.37 
× 10-1 in 10th DE decile). This result suggests that gene expression differences across populations can be attributed to 
frequency differentiation of causal eQTLs.    

eQTL effect sizes are consistent across continental groups 

Given the debate regarding the prevalence of GWAS/eQTL hits exhibiting effect-size heterogeneity between 
ancestries/populations9,44,45,53,54, we sought to test for he-eQTLs in MAGE. Because the genotypes are derived from high-
coverage whole genome sequencing in 1KGP, MAGE should be robust to effect size heterogeneity resulting from 
population-specific LD patterns with an untyped casual variant (as commonly affects microarray data), barring large 
structural variation that may escape detection with short-read sequencing. This allows us to investigate other potential 
sources of effect size heterogeneity. For each fine-mapped lead eQTL, we compared the standard (i.e., nominal pass) 
association model to a model that includes an additional genotype-by-continental group interaction term, testing whether 
the more complex interaction model explains the data significantly better than the reduced model. Across 12,338 lead 
eQTLs that passed filtering (MAF ≥ 0.05 in at least two continental groups), 204 (1.65%) had a significant interaction 
with continental group after Bonferroni correction (Fig. 5F). 

Interestingly, eGenes with more credible sets were more likely to exhibit significant genotype-by-continental group 
interactions, suggesting that the additive effects of multiple causal variants may drive apparent interaction effects. To test 
this hypothesis, we compared a second set of models that, for each lead eQTL, include all other lead eQTLs for that gene. 
Supporting our hypothesis, 198 (97%) of lead eQTLs that had a significant interaction effect lost significance after 
controlling for the additive effects of the other causal signals for that gene (Fig. 5F). This suggests that effect size 
heterogeneity of eQTLs between populations is rare, and apparent heterogeneity may instead reflect the failure to control 
for the additive effects of multiple independent causal signals. This conclusion is consistent with previous studies using 
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orthogonal approaches for evaluating effect size heterogeneity based on analysis of admixed individuals45,53. For the small 
number of lead eQTLs that do have a significant interaction effect after controlling for multiple causal signals (9 eQTLs; 
0.07% of all eQTLs that passed filtering), this effect could be driven by non-additive epistatic interactions between 
variants, additional untested causal variants that did not meet nominal MAF thresholds, or population-specific LD patterns 
with a untyped causal variants. This result suggests that trans-genetic effects (driven by global ancestry patterns), if 
properly controlled for, generally do not have a strong impact on the effects of causal variants in cis. Further, this is 
encouraging for predictive applications such as polygenic risk scores (PRS) and transcriptome-wide association studies 
(TWAS), as it suggests that properly constructed models that 1) focus on causal signals and, 2) do not make assumptions 
about the number of such signals may exhibit better portability between groups. 

 

Figure 5. Population-specific genetic effects on gene expression. (A) Visualization of the joint distribution of allele frequencies48 of MAGE fine-
mapped lead eQTLs across continental groups from the 1000 Genomes Project11, stratifying on replication status in GTEx15. (B) Allele frequency55 
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of a lead eQTL of GSTP1 (rs115070172) across populations from the 1000 Genomes Project. The minor (T) allele achieves high frequency (AF = 
0.63) in the Peruvian (PEL) population but is at moderate or low frequencies in other global populations. (C) Expression of GSTP1, stratified by 
genotype of rs115070172. (D) Expression of GSTP1, stratified by population label (PEL versus non-PEL). (E) Frequency differentiation (measured 
as mean FST between the focal continental group and all other groups) of lead eQTLs, stratifying by differential expression decile (contrasting 
expression in the focal continental group versus all other groups) of respective eGenes, where the 10th decile represents the strongest evidence of 
differential expression based on p-value. Across all continental groups, evidence of differential expression is positively associated with levels of 
frequency differentiation of lead eQTLs. (F) Number of significant genotype-by-continental group interactions at varying p-value thresholds (dashed 
line denotes Bonferroni threshold) for a model that considers a single causal variant at a time (left panel) versus a model that jointly considers 
multiple potential causal variants (right panel). Results are stratified by the number of credible sets (from one to five), demonstrating that failure to 
consider multiple causal variants may erroneously manifest as ancestry-specific heterogeneity of genetic effects on expression. 

Discussion: 
Combined with existing whole-genome sequencing data from the same set of samples28, MAGE offers a large open-access 
data set for studying the diversity and evolution of human gene expression and splicing. Our study also offers powerful 
insight into the genetic sources of variation in these key molecular phenotypes which may in turn modulate organismal 
phenotypes (though see reference56 for statistical insight into the limited overlap between molecular QTLs and GWAS 
hits). By evenly spanning samples from all 26 populations of 1KGP11, MAGE includes several ancestry groups that were 
poorly represented in previous molecular association studies, thereby addressing a long-standing bias within the field of 
human genetics7. 

The scale and diversity of the data set enabled the discovery of numerous potentially novel genetic associations, while 
also offering high resolution for identifying putative causal variants and elucidating their mechanisms of action. Our study 
also demonstrates that conditional on the correct identification and presence of causal variants, the effects of such variants 
tend to be additive and highly consistent across populations—a point of recent debate within the field9,44,45,53,54. This 
observation in turn suggests that ancestry-dependent epistatic effects tend to be weak and/or rare in human genomes, in 
contrast to some observations from other model systems57. Such consistency of genetic effects further motivates the use of 
diverse samples for association studies, as a common causal variant identified in one population may inform the effect of 
that variant in a population where the same variant is rare and association testing would be underpowered. 

By design, our study focuses on a single cell type of lymphoblastoid cell lines, which offer a useful model for studying 
gene expression given their low somatic mutation rates and robust gene expression patterns encompassing key metabolic 
pathways58. While this allows us to mitigate the effects of environmental variation and compare our results to related 
studies performed in the same cell lines6, future studies may seek to understand ancestry differences in expression across 
developmental, cellular, and other environmental contexts, including with respect to dynamic QTLs whose effects vary 
based on those contexts59. Future studies of diverse cohorts may also leverage new technologies (such as long-read 
genome, cDNA, or direct RNA sequencing60–62) and/or novel computational approaches such as those based on 
pangenomes63 to achieve higher resolution for isoform detection as well as improved analysis of genes occurring within 
highly repetitive or structurally complex regions. Finally, while geographically diverse, the sampling of 1KGP is not 
without biases—for example, narrowly sampling the vast diversity within Africa and excluding indigenous populations 
from Oceania and the Americas, as well as countless other populations. Addressing these biases will require deeper 
community engagement and respect for the rights, interests, and expectations of research participants from diverse human 
groups64. 

Our work offers a more complete picture of the links between genetic variation and genome function across diverse 
populations, as well as the evolutionary forces that have shaped this variation within our species. Complemented by 
existing high-coverage whole genome sequencing data, we anticipate that this data set will serve as a valuable resource to 
facilitate future research into the complex genetic basis of variation in human genome function.     
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Data availability: 
Newly generated RNA sequencing data for the 731 individuals (779 total libraries) is available on the Sequence Read 
Archive (Accession: PRJNA851328). Processed gene expression matrices and QTL mapping results are available through 
Dropbox as described on GitHub at https://github.com/mccoy-lab/MAGE. 

Code availability: 
Code used for the analyses presented in this paper is available at https://github.com/mccoy-lab/MAGE. 
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