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Abstract
Expression Quantitative Trait Loci (eQTLs) are critical to understanding the mechanisms underlying
disease-associated genomic loci. Nearly all protein-coding genes in the human genome have been
associated with one or more eQTLs. Here we introduce a multi-variant generalization of allelic Fold
Change (aFC), aFC-n, to enable accurate quanti�cation of the cis-regulatory effects in genes with multiple
conditionally independent eQTLs. Applying aFC-n to 458,465 eQTLs in the Genotype-Tissue Expression
(GTEx) project data, we demonstrate signi�cant improvement in accuracy over the current tools for
estimating the eQTL effect size and predicting genetically regulated gene expression. We characterize
some of the empirical properties of the eQTL data and use this framework to assess the current state of
eQTL data in terms of characterizing cis-regulatory landscape in individual genomes. Notably, we show
that 77.4% of the genes with an allelic imbalance in a sample show 0.5 log2 fold or more of residual
imbalance after accounting for the eQTL data underlining the remaining gap in characterizing regulatory
landscape in individual genomes. We further contrast this gap across tissue types, and ancestry
backgrounds to identify its correlates and guide future studies.

Main Text
Genetic variation in the regulatory genome plays a major role in human phenotypic variability and
disease susceptibility 1. Large-scale expression quantitative trait loci (eQTL) mapping efforts in the past
decade have identi�ed thousands of common regulatory variants in the human genome that affect gene
regulation 2–7. This data is instrumental for understanding dosage-driven sources of phenotypic variation
across individuals and interpreting the statistical signals from the genome-wide association studies
(GWAS) 8–12. For a given eQTL variant the regulatory effect size can be measured by allelic fold change
(aFC), which is the fold difference between the expression of haplotypes carrying the reference and the
alternative allele 13. As a uni�ed framework for modeling genetic effects in gene expression and ASE
data, aFC is used in a wide range of applications 3,4,11,14−19.

With the increasing sample size of eQTL transcriptome pro�ling studies, independent cis-eQTL mapping
strategies have been developed to identify multiple eQTL signals for each gene in a population 3,20−22.
Notably, the Genotype-Tissue Expression (GTEx) consortium recently used a stepwise regression strategy
to map conditionally independent cis-eQTL signals in 15,201 RNA-sequencing samples of 838 post-
mortem donors across 49 tissue sites 3. This analysis demonstrated that virtually all protein-coding
genes are affected by common genetic regulatory variants with a considerable level of allelic
heterogeneity (Fig. 1A). With larger eQTL studies already underway, it is expected that independent cis-
eQTL signals will be mapped for an increasing number of genes 7,23,24 (Supplementary Fig. 1). However,
there are currently no methods available for estimating the aFC effect sizes for independent eQTLs.

Here we introduce a multi-eQTL generalization of the aFC method, aFC-n, for estimating regulatory effect
sizes from independent eQTL mapping studies. We benchmark the effect size estimates by aFC-n against



Page 3/20

those used in the GTEx v8 release 3,13,14 and characterize their empirical properties and biological
correlates. We assess the completeness of eQTL data in terms of characterizing cis-regulatory landscape
in individual genomes and contrast it across tissue types, and ancestry backgrounds to identify its
correlates and guide future studies. Finally, we provide tools and resources to estimate effect sizes and
impute gene and haplotype-speci�c expression using conditional eQTL data.

Results
Multi-variant generalization of allelic effects. Under the aFC model, the expression associated with the
reference (eR) and the alternative (eA) eQTL alleles in an individual are determined by a shared basal gene
expression, eB, and allele-speci�c regulatory activities, kR, and kA such that eR = eBkR, and eA = eBkA.
The total gene expression in an individual is the sum of the two allele-speci�c expressions. The regulatory

effect size, aFC, is δA,R =
kA
kR

, which for a single eQTL, can be calculated using the previously published

aFC quanti�cation tool, hereafter referred to as aFC-1 13. Here, we introduce aFC-n generalizing the model
to a haplotype with N independent eQTLs. The allele-speci�c expression in aFC-n is 
ei1 . . . iN = eR∏ N

n=1δ ( n)
in ,R , where in and δ ( n)

in ,R are the present allele, and the associated aFC for the nth

eQTL, respectively, and eR is the expression of a haplotype carrying reference allele for all eQTLs. We infer
the maximum likelihood parameters for this model under log-normal assumption to estimate aFC
associated with all independent eQTLs affecting a gene using phased genotypes and gene expression
counts (Methods).

The aFC-n improves the accuracy of the cis-regulatory effect size estimates. To validate aFC-n, we used
the empirical distribution of the adipose subcutaneous tissue in GTEx v8 eQTL data to simulate genetic
regulatory effects in 15,167 genes with 1 to 14 eQTLs (Methods). In this simulation study, aFC-n
consistently estimated the effect size accurately across all genes (Supplementary Fig. 2). Applying aFC-n
to GTEx project data v8, we estimated regulatory effect sizes for a total of 458,465 conditionally
independent eQTLs from 49 tissues (Supplementary Fig. 3). As expected, the effect size estimates from
aFC-n were well correlated with the current effect size estimates from GTEx v8 eQTLs that were
calculated using aFC-1. The correlation ranges from 89%-98% across tissues for genes with a single
eQTL where the two methods are mathematically identical, and from 80%-92% for genes with multiple
eQTLs (Fig. 1B,C).

Next, we used adipose subcutaneous tissue data to compare the accuracy of the aFC estimates from the
two methods in predicting gene expression and in predicting allele-speci�c expression across GTEx
individuals (Methods). Since both methods are completely agnostic to allele-speci�c expression data,
using allelic imbalance prediction accuracy allows us to evaluate the quality of the effect size estimates
in an orthogonal way 13. We compared the predicted gene expressions from each set of effect size
estimates with the observed gene expression after log-transformation and PEER correction 3. The
predicted allelic imbalance was benchmarked against the observed logit-transformed haplotype-
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aggregated allelic expression generated by phASER 14,25. Using genes that each have �ve conditionally
independent eQTLs, we predicted gene and allelic expression �ve times each time including the effect
size of one additional eQTL in the prediction. For the effect size estimates from aFC-1, we observed that
including additional eQTLs leads to limited improvement in gene expression prediction accuracy and no
increase in the prediction accuracy for allelic imbalance beyond what is achievable by accounting for the
top eQTL genotype only. In contrast, the new effect size estimates by aFC-n delivered progressively better
predictions as more eQTLs were included in the prediction of both gene and allelic expression (Fig. 1D,E).
Next, we used all genes with eQTLs to compare the overall prediction accuracy when all known eQTLs are
considered for each gene. The accuracy gap between the predictions from aFC-n and aFC-1 was widened
progressively in genes with more known eQTLs and overall the predictions were signi�cantly more
accurate for multi-eQTL genes (ranksum test p-value 7.36⨉10−82 for gene expression, and 5.07⨉10−8 for
allelic imbalance) (Fig. 1F,G).

Empirical properties of the estimated effect sizes. Next, we used aFC estimates from adipose
subcutaneous tissue to characterize the regulatory effects of the independent eQTLs identi�ed in GTEx
project data. We found that 15.2% of the 25,675 independent eQTLs identi�ed in adipose tissue altered
the expression of a haplotype by more than two-fold (Supplementary Fig. 4A). In addition, across all
genes, secondary eQTLs (eQTLs were ranked with the order they were mapped in stepwise regression 3)
tended to have lower minor allele frequencies (Supplementary Fig. 4B) and larger regulatory effects
(Fig. 2A-B). However, we found that the eQTLs in genes with many eQTLs tended to be stronger in general
(Fig. 2C). Accounting for this, we found that for a given gene the relative effect size of the eQTLs with
respect to the average eQTL decreased with the order they were mapped (Fig. 2D).

Next, we compared the cis-regulatory effects in eQTL and ASE data. We found that aFC effect sizes
estimated from eQTL data were highly consistent with the median observed allelic imbalance among
individuals that are heterozygous for the top eQTL, with su�cient >10 heterozygous individuals and
minimum read coverage 8, (rank corr. 0.76 ± 0.01, Deming regression slope 0.9; Fig. 2E). We further
found that the concordance with the ASE data was decreased for secondary eQTLs (Fig. 2F) partly due to
the decreased minor allele frequency (Fig. 2A; Supplementary Fig. 4B), and partly due to the drop in
haplotype phasing accuracy 14,25.

The aFC-n improves the prediction of genetically regulated gene expression. Next, we sought to
demonstrate the application of aFC-n in predicting gene expression levels. Genetically driven gene
expression has been widely used to identify transcriptome-mediated association signals in complex traits
10,28. We used elastic net 26 and SuSiE 27, two powerful and robust methods used for predicting gene
expression from genetic data to benchmark the accuracy of predicted gene expressions from eQTL effect
sizes. We used GTEx v6p data from 316 adipose samples to build a predictive model using 11,146
conditionally independent eQTLs spanning over 7,766 genes (Methods) and evaluated the performance
on 265 unseen samples exclusive to GTEx v8 release. For predicting expression using the aFC model we
used independent eQTLs derived from GTEx v6p data (mean 1.4 eQTLs per gene), and for the other two
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models, we used all genetic variants in the 1Mb window around each gene meeting our QC criteria
(Methods) restricting the comparison to genes with cis-heritability p-value <0.01 present in eQTL data
(n=4,719). We found that the prediction performance of the eQTL genotypes in the aFC model was higher
than the two state-of-the-art methods in unseen samples (Fig. 3). Consistent with previous reports 29–31,
we observed a notable reduction in prediction accuracy among African American ancestry individuals in
all three models (Supplementary Fig. 5A). To alleviate this issue, we devised a hierarchical extension of
the aFC-n model to allow ancestry-speci�c aFC estimates when supported by data (Methods). We found
that the ancestry-speci�c signals identi�ed by this model were generally false positives driven by low
sample sizes and therefore failing to diminish the performance gap between different ancestry groups
(Supplementary Fig. 5B).

Majority of the observed allelic imbalance in individual samples is not described by the current eQTL
data. Next, we sought to determine the fraction of genes where the cis-regulatory landscape is adequately
characterized at an individual level by their genotype at known eQTLs. We used the observed allelic
imbalance in a gene as the ground truth under the rationale that the ASE data is the net regulatory effect
of all heterozygous cis-acting variants affecting a gene – including those that are not known eQTLs.
Furthermore, allelic imbalance is almost entirely driven by genetic factors, with heritability estimates
above 85% 32. Speci�cally, for each gene in an individual, we checked if the allelic imbalance is
consistent with predictions from the eQTL data and identi�ed cases where we observed excess
imbalance beyond 0.5 and 1 aFC (Methods). We performed power analysis to account for the
confounding effect of limited statistical power in detecting an excess allelic imbalance in low expressed
genes (Supplementary Fig. 6). Looking at the adipose subcutaneous tissue samples we found that the
number of genes with excess allelic imbalance initially increased but then it dropped progressively with
increased statistical power at the right end of the axis (Fig. 4A). The unexpected drop in spite of the high
statistical power to detect allelic imbalance in these genes is due to a general tendency in highly
expressed genes to be intolerant of genetic variation (Supplementary Fig. 6D-E) 13,15,33. We limited our
analysis to protein-coding genes expressed >1TPM and >80% statistical power to identify 0.5 fold
resolution in log2 aFC scale. We found that on average between 3.2% (Brain - Frontal Cortex (BA9)) and
8.6% (Liver) of the considered genes across different tissues in an individual showed excess allelic
imbalance beyond what is expected from the genotypes at known eQTL SNPs. This constituted on
average a 22.6% decrease from a baseline scenario where no eQTL knowledge was available and both
haplotypes were expected to be expressed equally in all genes (Fig. 4B). This decrease represents the
gene regulatory knowledge gained by the GTEx consortium eQTL analysis. As expected, the gain was
highly correlated to the sample size of the tissues as more cis-regulatory variants were identi�ed (Fig. 4C;
Supplementary Fig. 7). The enrichment of rare variants among genes with excess allelic imbalance (5%
FDR) also increased with the gain across tissues, con�rming that with increased statistical power the
eQTL model better captures the common variant regulatory effects and the excess allelic effects by rare
variants (Fig. 4D). However, we found that in contrast to the relative gain, the absolute fraction of genes
with an excess allelic imbalance in each tissue was not correlated with the sample size used in the eQTL
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analysis (Fig. 4E) but instead was correlated with the median amount of heritable variation in gene
expression (VG) in each tissue as estimated by the analysis of expression variation (ANEVA) 15 (Fig. 4F).

Matching sample counts alone will not close the accuracy gap in African ancestry individuals. GTEx data
includes mostly individuals of European descent 3. To assess how well the cis-regulatory landscape of
the genes is captured across different ancestry backgrounds, we further strati�ed the analysis by self-
reported ancestry for each GTEx donor. Looking at the adipose subcutaneous tissue samples, we found
that the percentage of genes with excess allelic imbalance was signi�cantly higher among African
Americans suggesting that the eQTL data does not capture the cis-regulatory landscape in African
ancestry individuals as accurately (ranksum test p-value= 2.3⨉10−25 for genes with 80% power; Fig. 5A).
Looking at the ten most sampled tissues, we observed that the gain due to eQTL data is systematically
lower in the African ancestry individuals in line with the lower sample sizes (Fig. 5B). To exclude the
effect of sample size, we repeated the eQTL mapping using the same number of European and African
ancestry individuals for each tissue. We found that the number of genes with excess allelic imbalance
was still higher in the African ancestry individuals (Wilcoxon signed-rank test, p-value = 0.002; Fig. 5C).
While the number of samples used in the eQTL analysis was identical for both ancestry groups the
remaining gap is likely due to a higher level of regulatory variation and/or reference bias in ASE data in
the African American population (Fig. 5C; Supplementary Fig. 8) highlighting additional obstacles that
impede analysis of non-European ancestry genomes.

Discussion
With the increasing size of the eQTL studies, many genes are associated with multiple eQTL variants.
Here we introduced a new multi-variant method, aFC-n, to accurately estimate the cis-regulatory effect
size for independent eQTLs associated with a gene. Applying aFC-n to GTEx v8 project data we showed
that the resulting eQTL effect sizes are signi�cantly more accurate than the currently available estimates
in predicting the cis-genetic effect on expression, and ASE data. Using these effect sizes to predict allelic
imbalance, we showed that the current eQTL data is highly consistent with the observed allelic imbalance
at the population level.

The extent of regulatory variation represented by eQTL data has been previously explored implicitly by
heritability analysis 32, and by quantifying the diminishing number of identi�ed eQTLs at a certain
sample size 3,4. A comprehensive catalog of the eQTLs is critical for identifying dosage-driven phenotypic
variation and GWAS interpretation 8,9,11. Here we employed the aFC framework to explicitly assess the
eQTL data in representing individual-level regulatory landscape using ASE data. We found that the current
eQTL data from GTEx adequately represented the net cis-regulatory effects on the majority of the gene
haplotypes across tissues. However, this is mainly due to the fact that most genes in a given sample do
not show signi�cant allelic imbalance. Controlling for the statistical power and at half a log2 fold
resolution, we found that just over a �fth of the genes with allelic imbalance in a sample is accounted by
the current eQTL data; indicating that a majority of cis-regulatory genetic variants, likely with low minor
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allele frequencies, are yet to be mapped. As expected, and in line with the increased power in eQTL
mapping, the tissue types with larger sample sizes in GTEx data tended to show a higher gain in
describing genes with allelic imbalance. However, the amount of residual regulatory variation across
samples of a given tissue type was not correlated with the sample size, instead it was strongly correlated
with the total amount of genetic regulatory variation in a given tissue as estimated by ANEVA.
Considering that tissue samples are from the same individuals, it is implausible that this observation
would be a technical artifact driven by reference bias in ASE data. We postulate that the adequate sample
size for an eQTL study is not a �xed number and ultimately depends on the speci�c biological context
being studied.

A similar analysis across European and African American individuals de�ned by self-reported ancestry
demonstrated that the GTEx eQTL data offers lower gains in describing allelic imbalance in African
American individuals and is overall less informative. This general issue is well recognized in the �eld and
is in line with the fact that most individuals included in the GTEx project are of European ancestry 3,34,35.
However, we found that the performance gap between European and African Americans decreased but
did not entirely disappear even when the sample sizes were matched. This observation was consistent
with the higher amount of variation in ASE data as measured by ANEVA and in line with the extensive
genomic diversity in Africa. However, unlike the cross-tissue analysis, we cannot rule out a contribution of
technical artifacts due to reference bias. Nevertheless, the de facto performance gap, which goes beyond
the sample size effects, suggest that reaching the same predictive accuracy in analyzing African
American genomes will likely entail not only improvement in methods and references but also the
inclusion of a relatively higher number of samples to enable characterization of an inherently more
diverse and admixed population.

Finally, while haplotype-aware eQTL mapping methods have been proposed 36–38, genome phasing
quality remains a bottleneck in capturing the regulatory landscape in human haplotypes. We expect long-
range phasing of the genomes beyond what is currently achievable using short-read sequencing 25 to be
a valuable addition to the reference transcriptomic cohorts such as GTEx, and TOPMed 23.
Transcriptome-wide association studies utilize genetically predicted gene expression to identify
phenotypic variations that are likely mediated through genetically driven gene dosage. Our method is
distinct from the current approaches in that it uses a mechanistic method to predict gene expression in a
haplotype-speci�c fashion using a relatively small set of known eQTL variants. We showed that this
model of genetic variation in cis-regulation yielded higher predictive accuracy than the state-of-the-art
gene expression prediction methods. However, unlike regression-based methods, our method cannot be
used to analyze associations based on summary statistics.

Methods

Haplotypic aFC estimation
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The expression associated with eQTL alleles on each haplotype is described with a shared basal gene
expression, eB and allele-speci�c factors kR, and kA. The regulatory effect size, aFC, is de�ned as 

δA,R =
kA
kR

. Considering the case of N eQTLs acting on the same gene independently and de�ning 

sA,R = log2δA,R, the expression of the haplotype carrying N variants is:

log2e
i1 . . . iN

= log2e
R

+ ∑ N
n=1s ( n)

in ,R

(1)

where s ( n)
in ,R is the log aFC associated with the allele in of the nth eQTL, and eR is the expression of a

haplotype carrying reference allele. This generalized aFC model is used in a variance stabilized nonlinear
regression to estimate aFCs associated with all independent eQTL variants affecting a given gene,
simultaneously. Assuming a multiplicative noise model 13, the haplotype-aware aFC could be estimated
as the least-squares solution to the following nonlinear equation:

log2e<i1 . . . iN > , <j1 . . . jN > = log2 2s .h1 + 2s .h2 + log2eR + ϵ

(2)

where e<i1 . . . iN > , <j1 . . . jN > is the total gene expression which is the sum of the two haplotypic counts,

and h1 and h2 are binary indicator vectors representing the phased genotype of each allele, s is the
vector denoting the log-transformed effect sizes of eQTLs and ϵis a multiplicative noise. To estimate the
model parameters, we used gene expression read counts. We normalized the counts for library size,
added 1 pseudo-count and log-transformed to stabilize the variance for least-square �tting. The
expressions were corrected for signi�cant linear effects of identi�ed confounding factors using PEER 39,
top 5 genotype-based principal components, sequencing platform (Illumina HiSeq 2000 or HiSeq X),
sequencing protocol (PCR-based or PCR-free) and sex. The correction was done in two steps: �rst, we
regressed the expression vector of each gene against covariates and selected those with nominally
signi�cant coe�cients (p < 0.01). Then we regressed the expression vector on selected covariates and set
the residuals as the corrected expression vector which was used for effect size calculation 13. The log
aFCs for eQTLs were calculated using non-linear least-squares regression and were constrained to 
±log2(100)to avoid outliers. The initialization step is a linear �t where the haplotype vector was used as

an independent variable and the adjusted expression was the dependent variable. The coe�cients were
used as the initial values of the vector s in the nonlinear optimization function. This makes the LM
algorithm converge closer to the real value. We used the Python non-linear least-squares minimization
and curve �tting (LMFIT) library. Con�dence intervals were calculated to infer 95% con�dence intervals
for the aFC estimates. In GTEx v8 data, the range of those eQTLs whose 95% con�dence interval of aFC
estimates overlapped zero varied from 10.2% (kidney-cortex) to 32.8% (cells-cultured-�broblasts) across

( )
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tissues if PEER correction was not included, and the range narrowed between 2.07% (Brain-Substantia-
nigra) and 5.8% (Testis) when correcting for confounding variation by PEER factor on aFC estimates.

Simulation scheme
We applied our method on simulated data to evaluate how our haplotype-aware method for calculating
aFC performs under expression noise level. In this designed simulation, we used the 15,167 genes in
adipose subcutaneous with 1 to 14 eQTLs. The simulated measurements of aFCs came from a normal
distribution norm[0,σ=1]. Poisson and binomial noise are added to expression and haplotype counts,
respectively (Supplementary Fig. 2).

Allele-speci�c and gene expression prediction
The estimated effect sizes were used to predict the cis-genetic effects on gene expression and allelic
imbalance in individuals with phased genotype data. The prediction accuracy was measured by the
square of Pearson correlation, R2, between predicted and observed gene expression. The evaluation is
assessed against gene expression after log-transformation and PEER correction 3 and haplotype-
aggregated allelic expression generated by phASER 14,25. To smooth the haplotype counts, a pseudo-
count of 0.5 was added to each observed haplotype expression and the minimum total coverage to be
included in the calculations was set to 100. This makes the data well powered to detect allelic imbalance
(Supplementary Fig. 6A; Supplementary Fig. 9A). The log-transformed estimated gene expression (etotal)
and Allelic Imbalance (AI) for an individual were derived from equation (Eq. 3),

etotal = log2(2s .h1 + 2s .h2)

AI = s. h1 − s. h2,

(3)

Where, h1 and h2 are binary indicator vectors representing the genotype of each allele of the individual
and s is the vector denoting the log-transformed effect sizes of eQTLs of interest and s. hi is the sum of

effect sizes for alternative alleles. To compare the accuracy of cis-regulatory variation described by the
aFC estimates derived by the two methods (aFC-n and aFC-1), we used the effect sizes of 25,232 and
17,147 eQTL variants in adipose subcutaneous tissue samples from 581 individuals for gene expression
and allelic expression, respectively. Due to the constraint on minimum coverage for ASE analysis, the
number of individuals taken into account differs for each gene (Supplementary Fig. 9). First, the
comparison was done based on the number of eQTLs included for each gene. By using the effect sizes
derived from aFC-n model (Eq. 2), the median R2 increased as more variants were taken into account for
both gene expression and allelic imbalance (Fig. 1C,D). Both models performed similarly for genes with
one eQTL but the portion of total expression variation that could be explained by the known eQTLs for
gene expression and allelic imbalance showed an increasing pattern for the median R2,  when genes
have more regulatory variants (Fig. 1E,F). To examine over-�tting, a permutation test was applied to the
data. This was done by shu�ing the gene expression data over the individuals and training the model
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Applying eQTL-based prediction models
To compare aFC-n with eQTL-based prediction models, we �tted eQTL data for 316 individuals with
measured gene expression in adipose subcutaneous tissue in the GTEx v6 using an elastic net and the
Sum-of-Single-Effects model (i.e. SuSiE). For each gene, we focused on local genetic variation �anking
0.5Mb up/downstream of the gene body. We kept only bi-allelic SNPs that exhibited minor allele
frequency 0.05 and HWE p-value > 1e-5 captured. We then �t elastic net and SuSiE models to the log-
transformed gene expression data, adjusting for the top 5 genotyping PCs, sequencing protocol (PCR-
based or -free), sequencing platform (Illumina HiSeq 2000 or HiSeq X), sex, and age. To evaluate the
performance of these eQTL-based approaches, we then computed the out-of-sample R2 using 265 newly
added individuals in GTEx v8.
cis -eQTL mapping
To perform independent cis-eQTL mapping based on GTEx v6p samples, gene expression values from
tissue samples were normalized and limited to autosomal genes with more than 5 reads in at least 10

individuals. The cis-eQTL mapping is performed using tensorQTL 22, based on the stepwise regression

approach described in 3, using WGS-based genotypes. Restricting the minor allele frequency threshold to
0.01, we obtained 11,146 independent cis-eQTLs associated with 7,766 genes for adipose subcutaneous
tissue.
Power analysis for ASE prediction
We performed power analysis to estimate the fraction of the cases that the current eQTL data fully
described ASE signal. Statistical power facilitates the interpretation of the results, where the low read
counts or other features make it less likely to observe signi�cant differences between the observed and
predicted values. Factors that affect the power of the statistical test are the amount of total count,
reference ratio, and the minimum fold change between the predicted and observed value.
For this purpose, we simulated the hypothesis (H1) in which the log(aFC) of data is systematically off

from the null hypothesis (H0) by speci�c fold change (fc) (Eq. 4), assuming H0 data is binomial
distributed with null reference ratior0.
log(aFC)H1 = log(aFC)H0 ± fc
(4)
The log(aFC) is de�ned as the logit function of the reference ratio (ri) (Eq. 5).

log(aFC)Hi = log(
ri

1−ri
)

(5)
One thousand binomial samples were produced from the hypothesis H1 (500 samples from 
log(aFC)H1 = log(aFC)H0 + fc, and 500 samples from log(aFC)H1 = log(aFC)H0 − fc) for

based on the shu�ed data. The output showed that although the decreasing pattern was held, we did not
observe similar performance from the shu�ed data (Fig. 1E). The ASE prediction was compared with the
read counts with WASP mapping strategy 36 to reduce the mapping bias that is sometimes present in
ASE analysis. On average, WASP correction improved prediction about 7 percent for 9,503 genes at a
minimum coverage of 100 reads in adipose subcutaneous tissue.
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different levels of read coverage and reference ratios. The signi�cant difference between the generated
samples of H1 and the null hypothesis H0was determined by the binomial test (nominal p-value < 0.01).
Power estimation based on simulation for different amount of read counts and reference ratios
considering speci�c fold changes (ΔaFC) 0.5 and 1 were calculated (Supplementary Fig. 6A). Here is an
example to give an idea of how the fold resolution affects the reference ratios. Assuming the null
hypothesis log2(aFC) to be zero, the r0 is 0.5, the fold resolution of 0.5 and 1 corresponds to reference
ratios of about 0.59 (or 0.41) and 0.67 (or 0.33), respectively (Supplementary Fig. 6B). Applying power
statistics analysis on the GTEx v8 haplotype-aggregated ASE data, for each individual, the protein-coding
genes with TPM >1 available at different levels of power (for 0.5 and 1 fold resolution) were considered
for downstream analysis (Supplementary Fig. 6C). The signi�cance of ΔaFC (difference of aFCs
between the predicted and observed values), was determined by the binomial test at a 1% p-value
threshold with the cut-off of 0.5 (for 0.5 fold resolution) or 1 (for 1 fold resolution) for ΔaFC to avoid
false positives in high expressed genes.
Calculating ancestry-speci�c aFC estimation
We generalized the aFC-n model to calculate ancestry-speci�c aFC for European-American and African-
American sub-populations using (Eq. 6),

log2e<i1 . . . iN > , <j1 . . . jN > = log2 2 sE 1−I) +sAI ) .h1 + 2 sE 1−I) +sAI ) .h2 + log2eR + ϵ

(6)
where hi is a binary vector representing the phased genotype of each allele and Iis an indicator of
ancestry background for each individual with a �xed value (1 for African-Americans and 0 otherwise).
The estimates sE and sArepresent the aFC for European and African populations, respectively. The
ancestry-speci�c aFC was selected for cases with non-overlapping con�dence intervals and for the rest of
the cases we used effect size estimates derived from the standard aFC-n model.

VG estimation

VG estimates were calculated over GTEx v8 samples by the analysis of expression variation (ANEVA) 15.
We analyzed genes with at least 30 reads in at least 6 donors and at least 5,000 reads in all individuals in

a target tissue. The median of SDG √VG  was calculated for tested genes for each sample and the

median of the resulting values was calculated across tissues (Fig. 4F).
Data availability
The datasets analyzed during the current study are available to authorized users via dbGaP under
accession phs000424 and on the GTEx portal (http://gtexportal.org/).
The aFC estimates for all independent eQTLs in GTEx v8 data are available on
(https://github.com/PejLab/aFCs).
Code availability
Software for calculating aFC from independent eQTL data is available online on
(https://github.com/PejLab/aFC-n).

( ( ( ( ( )
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Software for calculating predicted ASE and gene expression using allelic fold change is available online
on (https://github.com/PejLab/gene_expr_pred).
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Figure 1

See image above for �gure legend.
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Figure 2

See image above for �gure legend.
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Figure 3

See image above for �gure legend.
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Figure 4

See image above for �gure legend.
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Figure 5

See image above for �gure legend.
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