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ARTICLE

Transcriptome-wide association study of the plasma
proteome reveals cis and trans regulatory
mechanisms underlying complex traits

Henry Wittich,! Kristin Ardlie,2 Kent D. Taylor,? Peter Durda,* Yongmei Liu,> Anna Mikhaylova,®
Chris R. Gignoux,” Michael H. Cho,® Stephen S. Rich,? Jerome I. Rotter,> NHLBI TOPMed Consortium,
Ani Manichaikul,® Hae Kyung Im,!° and Heather E. Wheeler®.11,*

Summary

Regulation of transcription and translation are mechanisms through which genetic variants affect complex traits. Expression quantita-
tive trait locus (eQTL) studies have been more successful at identifying cis-eQTL (within 1 Mb of the transcription start site) than trans-
eQTL. Here, we tested the cis component of gene expression for association with observed plasma protein levels to identify cis- and trans-
acting genes that regulate protein levels. We used transcriptome prediction models from 49 Genotype-Tissue Expression (GTEx) Project
tissues to predict the cis component of gene expression and tested the predicted expression of every gene in every tissue for association
with the observed abundance of 3,622 plasma proteins measured in 3,301 individuals from the INTERVAL study. We tested significant
results for replication in 971 individuals from the Trans-omics for Precision Medicine (TOPMed) Multi-Ethnic Study of Atherosclerosis
(MESA). We found 1,168 and 1,210 cis- and trans-acting associations that replicated in TOPMed (FDR < 0.05) with a median expected
true positive rate (7t;) across tissues of 0.806 and 0.390, respectively. The target proteins of trans-acting genes were enriched for transcrip-
tion factor binding sites and autoimmune diseases in the GWAS catalog. Furthermore, we found a higher correlation between predicted
expression and protein levels of the same underlying gene (R = 0.17) than observed expression (R = 0.10, p = 7.50 x 10~'1). This in-
dicates the cis-acting genetically regulated (heritable) component of gene expression is more consistent across tissues than total observed
expression (genetics + environment) and is useful in uncovering the function of SNPs associated with complex traits.

Introduction or grouping trans-genes have proven more successful at

identifying trans-eQTLs.” ' For example, one study that

The regulation of gene expression and protein abundance
are important mechanisms through which many noncod-
ing genome-wide association study (GWAS) SNPs affect
traits.' Expression quantitative trait locus (eQTL) mapping
in multiple human tissues has discovered a variety of both
distal (trans) and proximal (cis) variants associated with
gene expression.” * While cis-eQTLs tend to have larger ef-
fect sizes than trans-eQTLs,>° studies have shown that
trans-eQTLs account for a larger portion of the heritability
of gene expression.>” One study on twins found that, on
average, trans-eQTLs explained over 3 times the variance
in gene expression than cis-eQTLs.® Furthermore, trans-
eQTLs tend to be more tissue specific, suggesting that
they play a role in cell type differentiation.”°

Despite the importance of frans-eQTLs in regulating
gene expression, QTL mapping studies have been limited
in their ability to detect trans-acting effects due in part to
the high multiple testing burden, as well as their compar-
atively low effect sizes.*”'” Methods that minimize the
multiple testing burden by prioritizing subsets of variants

tested the cis-component of gene expression for associa-
tion with the observed expression of distant genes identi-
fied more replicable trans-acting genes than a comparable
trans-eQTL study.” This is because many trans-eQTLs coloc-
alize with cis-eQTLs, and they affect the expression of
distant genes through cis-mediators such as a nearby tran-
scription factor (TF) gene.**'°

The advent of advanced assay technologies that capture
and measure protein abundances has enabled protein
quantitative trait locus (pQTL) mapping studies to identify
variants associated with the abundance of proteins.'*'®
Trans-pQTLs, like eQTLs, tend to have lower effect sizes
and be tissue specific.'® Mirroring methods for detecting
trans-eQTLs, we hypothesized that cis-prioritization will
improve detection of trans-pQTLs.

Here, we applied a transcriptome-wide association study
(TWAS) framework to proteomic data, testing the genetically
predicted expression of genes for association with the
observed abundance of plasma proteins.'” We show that
TWAS for protein levels is an effective method for identifying
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replicable trans-acting associations between predicted tran-
scripts and proteins. We also found a high expected propor-
tion of true positives for associations between the predicted
transcripts and protein products of the same underlying
gene. Furthermore, using RNA-sequencing data, we show
that predicted gene expression better correlates with protein
levels than observed gene expression.

Material and methods

This study was approved by the Loyola University Chicago institu-
tional review board (IRB) project #2014. Appropriate informed
consent was obtained from human subjects.

Genome and proteome data

Our discovery dataset was from the INTERVAL study, which was con-
ducted on around 50,000 blood donors with European ancestry
across England.18 Here, we used data from the 3,301 individuals
who had both a genotyping microarray performed (EGA:
EGAD00010001544) and a targeted proteome assay run to measure
their plasma proteome levels (EGA: EGAD00001004080).'* Data
generation and quality control have previously been described by
the INTERVAL study.'*'® Briefly, an Affymetrix Axiom UK Biobank
array was used for genotyping, and imputation was performed on
the Sanger imputation server using a combined 1000 Genomes phase
3-UK10K reference panel.'*'? Genotypes were then filtered for mi-
nor allele frequency (MAF) > 0.01 and imputation R > 0.8."° The
SOMAscan assay used to collect the proteomic data targeted 3,622
plasma proteins.”’ The protein levels were log transformed and
adjusted for age, sex, duration between blood draw and processing,
and the first three genetic principal components (PCs).'*

Our replication dataset was from the Trans-omics for Precision
Medicine (TOPMed) Multi-Ethnic Study of Atherosclerosis
(MESA) multi-omics pilot study. The TOPMed program is a research
consortium that aims atimproving personalized disease treatments
through the study of genetics and other omics traits’ effects on dis-
ease traits and drug responses.”’ MESA is a community-based
cohort study designed to determine the prevalence, determinants,
and progression of subclinical cardiovascular disease.”” MESA re-
cruited men and women aged 45-84 free of clinical cardiovascular
disease at baseline from six different locations in the United States
and from four major race/ethnicity groups, which included African
American (AFA), Chinese (CHN), European (EUR), and Hispanic/
Latino (HIS).?” Individuals were genotyped as part of the MESA
SHARe study (dbGaP: phs000420.v6.p3).>* As previously described,
an Affymetrix 6.0 array was used for genotyping, and imputation
was performed on the Michigan imputation server using the
1000 Genomes phase 3 v5 reference panel.'*?* Imputed genotypes
were then filtered for MAF >0.01 and imputation R? > 0.8."? Addi-
tionally, individuals taking part in the MESA multi-omics pilot
study had their plasma proteome measured with a SOMAscan
HTS Assay that targeted 1,300 plasma proteins, 1,039 of which
overlapped with the proteins tested in the INTERVAL study.'® Pro-
tein levels were measured at two time points, exam 1 (2000-2002)
and exam 5 (2010-2012). We log transformed each time point and
then adjusted for age and sex. We then took the mean of the two
time points (if a participant was not measured at both time points,
we then used the single time point), performed rank inverse
normalization, and adjusted for the first ten genotypic PCs.'” In to-
tal, our replication cohortincluded 971 individuals with genotypes

and plasma protein level measurements (AFA, n = 183; CHN, n =
71; EUR, n = 416; HIS, n = 301).

Transcriptome data

For our analysis comparing the genetically regulated transcriptome
to the observed transcriptome, we used transcriptomic data from in-
dividuals in the MESA multi-omics pilot study. RNA sequencing was
performed for individuals from all four populations (AFA, CHN, EUR,
and HIS) in three different blood cell types: peripheral blood mono-
nuclear cells (PBMC), CD14* monocytes, and CD4 " T cells.?” In to-
tal, 395 monocyte samples and 397 T cell samples were sequenced
atone time point, exam 5, and 1,287 PBMC samples were sequenced
over two time points, exam 1 and exam 5. Genes with average tran-
scripts per million (TPM) values <0.1 were filtered out, leaving
18,193 genes with expression measurements in PBMC, monocytes,
and T cells. After log transforming each TPM value and adjusting
for age and sex as covariates using linear regression and extracting
the residuals, we took the mean of the two time points (or the single
adjusted log-transformed value if expression levels were only
measured once), performed rank-based inverse normal transforma-
tion, and adjusted for the first 10 genotype and 10 expression PCs,
as described previously.**

TWAS for protein levels

We performed TWAS with the software tool, PrediXcan, which le-
verages eQTL weights to predict genetically regulated expression
(GReX) and performs a linear association analysis to correlate
GReX with a measured trait.'” We used gene expression prediction
models from PredictDB, which were built using the Genotype-
Tissue Expression (GTEx) Project’s version 8 release, to impute
GReX in 49 different human tissues.®'”?>* The models were
built using multi-variate adaptive shrinkage in R (MASHR)?*” and
only include cis-eQTLs with MAF >0.01.?® The number of genes
included in each tissue’s gene expression prediction model can
be found in Table S1. The GTEx models collapse alternative tran-
scripts into gene-level prediction models, meaning what we refer
to as the predicted transcript levels for any one gene may include
multiple different mRNA products. In each tissue, we tested genet-
ically predicted transcript levels for association with the observed
protein levels of all 3,622 plasma proteins measured in the
INTERVAL study. We assessed significance via the Benjamini-
Hochberg false discovery rate (FDR) method. Within each of the
49 tissues for which we predicted expression, we used the Qvalue
R package to calculate q values for all predicted transcript-protein
association tests conducted.?’ Transcript-protein pairs with a
q value (FDR) <0.05 were considered statistically significant.

For every transcript-protein pair that we found significant
(FDR < 0.05) in INTERVAL, we tested the association for replication
using genotypes and protein levels from TOPMed MESA if the protein
was measured in both studies. We assessed significance of replicating
pairs via the Benjamini-Hochberg FDR method. Within each of the
49 tissues for which we predicted expression, we used the Qvalue R
package to calculate q values for all predicted transcript-protein asso-
ciation tests conducted in TOPMed.? Transcript-protein pairs with a
q value (FDR) <0.05 were considered statistically significant.

Calculating the proportion of true positives

The m, statistic is the estimated proportion of false positives from a
distribution of p values, assuming a uniform distribution of null p
values.?” The q value function from the Qvalue R package calcu-
lates the m, statistic from a vector of p values.”” Likewise, the

446 The American Journal of Human Genetics 1117, 445-455, March 7, 2024



statistic estimates the proportion of true positives given a distribu-
tion of p values and is derived from 7, as defined below.>’

7T1:1—7T()

We divided the associations we tested in INTERVAL into four cat-
egories based on the genomic proximity of the predicted transcript
and the target protein: cis-acting, cis-same, cis-different, and trans-
acting. We defined cis-acting relationships as those where the tran-
scription start site of the gene that encodes the predicted transcript
was within 1 Mb of the transcription start site of the gene that en-
codes the target protein. Likewise, trans-acting transcript-protein
pairs were greater than 1 Mb away from each other or on different
chromosomes. We further divided cis-acting relationships into cis-
same, where the gene that encodes the predicted transcript was
the same as the gene that encodes the target protein, and cis-
different, where the predicted transcript and target protein are en-
coded by different but nearby genes.

For each of these groups in every tissue, we pulled the p values
for every tested association and calculated the m, statistic using
the Qvalue R package. While we used the default q value function
parameters in INTERVAL, we adjusted the q value parameters
when replicating in TOPMed MESA. Because we only tested pairs
that we already found significant in INTERVAL, most of the cis-
same associations tested in TOPMed MESA returned significant p
values, thus the p value distribution in most tissues did not extend
all the way to 1. By default, the q value function calculates the
average frequency of p values from 0.05 to 1.0 to determine the ex-
pected proportion of null p values, so there must be p values
throughout this entire range for the function to work. These
bounds are controlled by the lambda parameter, which we set
from 0.05 to 0.75 instead of the default 0.05 to 1.0 when calcu-
lating my in TOPMed MESA. With the estimated m, statistic, we
calculated the 7, value for every cis/trans group in every tissue.

When mapping trans effects, there is danger of false negatives
when adjusting for potential confounders via PEER factor or PC
correction.’”*! However, failure to remove confounding factors
could result in false positive trans associations. In a sensitivity anal-
ysis, we compared TWAS results without protein PC adjustment to
TWAS results also adjusting the INTERVAL protein matrix by 5-40
PCs, which could control for unknown confounders. We observed
consistent 7, statistics across the protein PCs tested and observed
consistent counts of significant transcript-protein pair hits (FDR
<0.05) for cis-same and cis-different mechanisms with some vari-
ability and no clear trend in the trans results (Figure S1). Therefore,
we kept the non-protein PC-adjusted results for downstream
analyses.

Gene set enrichment analysis of target proteins

We used the web tool, Functional Mapping and Annotation of
Genome-Wide Association Studies (FUMA GWAS) to perform a
gene set enrichment analysis of all of the protein targets that repli-
cated in TOPMed MESA.*> We tested the targets involved in cis-
acting and frans-acting associations separately. For both groups,
we tested the target proteins for enrichment (FDR <0.05) of
GWAS catalog associations* and motifs that are known targets
of TFs annotated in the Molecular Signatures Database.***°

Identifying pleiotropic regulatory loci

We defined a pleiotropic regulatory gene as one that is significantly
associated with the abundance of more than 50 unique protein tar-
getsin INTERVAL. We counted the number of significant target pro-

teins for each gene (FDR <0.05) across all 49 tissues in INTERVAL to
identify pleiotropic regulatory genes. We grouped pleiotropic regu-
latory genes whose transcription start sites were within 200 kb of
each other into pleiotropic regulatory loci. For each pleiotropic reg-
ulatory locus, we quantified the number of unique protein targets
of the genes within that locus along with the number of these tar-
gets that were tested in TOPMed MESA and the number of these tar-
gets with replicated associations with any of the genes in that locus
in TOPMed MESA.

Gene set enrichment analysis of pleiotropic regulators
We used FUMA GWAS to perform a gene set enrichment analysis
of the pleiotropic regulatory genes as well as their protein tar-
gets.>” We tested the protein targets of each pleiotropic regulatory
locus that we discovered in INTERVAL for enrichment (FDR <0.05)
of GWAS catalog associations and TF target motifs using all pro-
teins measured in INTERVAL as background. For the pleiotropic
regulatory loci with more than one gene, we tested the pleiotropic
regulatory genes at that locus for enrichment of GWAS catalog as-
sociations and TF target motifs using the union of all genes in each
tissue prediction model as background (22,133 genes total).

Cis-same observed expression association analysis

We performed a linear regression analysis to test observed
expression levels for association with observed protein levels.
RNA-sequencing data are not available in INTERVAL, but they
are in TOPMed MESA. In each of these tissues, we leveraged
PrediXcan’s linear regression association script to test the observed
gene expression of each gene measured in TOPMed MESA for asso-
ciation with the observed abundance of the protein product of
that gene if it was also measured in TOPMed MESA. We compared
these results to the association of the predicted gene expression of
each gene with the observed abundance of the protein product of
that gene. The number of genes that we tested for cis-same associ-
ations in each tissue are listed in Table S2.

As above, we assessed significance via the Benjamini-Hochberg
FDR method. Within each of the 49 tissues with gene expression pre-
diction models, as well as the 3 tissues with observed gene expression
data, we calculated q values for all the cis-same transcript-protein
pairs tested using the Qvalue R package. We further calculated the
T statistic for the cis-same associations tested in every predicted
and observed tissue using the Qvalue R package with a truncated
lambda range (0.05-0.75), as described above for TOPMed MESA.

Finally, in every predicted and observed tissue, we calculated the
Pearson correlation of gene expression with protein abundance for
every gene with a significant cis-same association in any tissue.
Because some genes were not included in every prediction model
and a different set of genes were measured via RNA sequencing, we
were not able to calculate the Pearson correlation of expression
and protein levels for every gene in every tissue. To summarize re-
sults across tissues, we calculated the maximum correlation values
between gene expression and protein levels for every gene across
all the predicted tissues and across all the observed tissues.

Results

TWAS for proteins identifies replicable gene-protein
associations

We sought to identify both cis- and trans-acting transcrip-
tional regulators of plasma proteins by performing TWAS
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Figure 1. TWAS for protein levels

(A) Overview of TWAS analysis. Genotype data from both the INTERVAL and TOPMed MESA cohorts were used to impute genetically
regulated expression levels (GReX) in 49 different GTEx tissues. GReX was tested for association with measured plasma protein levels

for all proteins tested in both studies.

(B) Model for definition of cis-vs. trans-acting gene regulators of protein abundance. Here, the prediction model for expression of gene Y
and protein Y have a cis-same relationship. The expression of gene X and the abundance of protein Y have a cis-different relationship
because the genes that encode them are different, but their transcription start sites are within 1 Mb of each other. Finally, the expression
of gene Z and the abundance of protein Y have a frans-acting relationship because the transcription start sites of the genes that encode
them are greater than 1 Mb (in this case, the genes are on different chromosomes).

for protein levels. Using the PrediXcan software frame-
work,'” we tested the genetically regulated component of
gene expression (GReX) for association with plasma pro-
tein levels. Our discovery set included individuals from
the INTERVAL cohort (n = 3,301), and we sought to repli-
cate our findings in the TOPMed MESA cohort (n = 971).
For these individuals, we predicted gene expression using
previously built prediction models in 49 tissues from the
GTEx project (Figure 1A). Then, we calculated the correla-
tion between predicted gene expression and observed pro-
tein levels for all 3,622 proteins measured in INTERVAL.
We quantified significant transcript-protein pairs as cis-
(within 1 Mb of each other) or frans-acting (greater than
1 Mb apart) relationships. We further divided the cis-acting
pairs into cis-same, where a transcript is associated with the
protein that it encodes, and cis-different, where a transcript
is associated with the protein product of a nearby, different
gene (Figure 1B).

We identified 3,699 significant (FDR <0.05) unique cis-
acting associations for 482 unique proteins (240 cis-
different and 242 cis-same) and 13,598 significant (FDR
<0.05) unique trans-acting associations for 2,016 unique
proteins in INTERVAL (Figures 2A-2D). The TOPMed
MESA plasma proteome data included 1,039 proteins
that were also measured in INTERVAL. Of the 17,297

significant transcript-protein pairs we discovered in
INTERVAL, we tested 8,111 pairs for replication in
TOPMed MESA and found 1,168 cis-acting pairs replicated
(FDR <0.05) for 218 unique proteins (92 cis-different and
126 cis-same) and 1,210 frans-acting pairs replicated for
239 proteins (FDR <0.05, Figures 2B-2D). On average,
the significant cis-acting relationships we discovered in
INTERVAL were shared across more tissues than the signif-
icant trans-acting relationships we discovered in
INTERVAL (Figure 3).

Of the transcript-protein pairs tested in INTERVAL, the
trans-acting results had the lowest expected true positive
rate (7t1) with a median m; of 0.004 across all 49 tissues,
followed by the cis-different results with a median m; of
0.099, and the cis-same results with a median mw; of
0.278 (Figure 4; Table S3). We have more confidence in
the significant results from INTERVAL that were also
tested in TOPMed. The median m; value across tissues
increased to 0.390 for trans-acting relationships, 0.783
for cis-different pairs, and 0.888 for cis-same pairs
(Figure 4; Table S4). Within mechanism categories,
values were largely uncorrelated with the number of tran-
script-protein pairs tested in each tissue; only cis-same
values in INTERVAL correlated with number of tests
(Figure S2).
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Figure 2. Overview of significant tran-
script-protein associations
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Protein targets of trans-acting genes enriched for
transcription factor target motifs and GWAS catalog
phenotypes

We first tested the protein targets that replicated in
TOPMed MESA, divided into targets of cis-acting genes
and targets of trans-acting genes, for enrichment of motifs
targeted by TFs. While the cis-targets were not enriched for
TF targets, the trans-targets were enriched for motifs tar-
geted by the TFs NFKB2, RELA, NFAT1C, FOXF2, AR,
GATA1, and STAT1 (Figure 5; Table S5).

Furthermore, we tested the cis- and trans-targets for
enrichment of GWAS catalog associations and found that
the trans-targets were enriched for blood protein levels
and inflammatory bowel disease, and the cis-targets were
enriched for blood protein levels, ankylosing spondylitis,
inflammatory bowel disease, and chronic inflammatory
diseases (Table S6).

Pleiotropic regulatory regions enriched for TF target
motifs and GWAS catalog phenotypes

By quantifying the number of target proteins that each
transcript was significantly associated with, we identified
several loci that may be involved in the regulation of
many different proteins throughout the genome, which

ry” loci. Here, we defined a pleiotropic

gene as one with more than 50 unique
protein targets in INTERVAL. We grouped pleiotropic genes
whose transcription start sites are within 200 kb of each
other into pleiotropic loci. These loci are represented
through the vertical lines of dots in Figures 2A-2C. We
discovered 11 distinct pleiotropic regulatory loci in
INTERVAL (Table S7). While most of the loci did not
have many targets that replicated in TOPMed MESA, there
were a few that replicated well, including the C7 locus on
chromosome 5, the SKIV2L locus on chromosome 6, the
ABO locus on chromosome 9, and the SARM1 locus on
chromosome 17 (Table S7). Only one of the 218 tested tar-
gets of the largest pleiotropic regulatory locus discovered
in INTERVAL, the MYADM locus on chromosome 19, repli-
cated in TOPMed MESA (Table S7).

We performed a gene set enrichment analysis of the pro-
tein targets in INTERVAL of each of these pleiotropic regu-
latory loci. For most of the loci, we found no significant
enrichment of TF targets or GWAS catalog associations in
the target proteins. However, we found that the target pro-
teins of the ABO locus were enriched (FDR <0.05) for asso-
ciations with blood protein levels in the GWAS catalog.
Furthermore, we found that the target proteins of the C7
locus were enriched (p value: 6.58e-5; adjusted p:
4.02e-2) for a motif (MSigDB: M18461) that is targeted
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by the TF ARNT. Of the 271 genes in the gene set, we tested
42 in our TWAS, and 13 were targets of the C7 locus. While
ARNT had gene expression prediction models in many tis-
sues, it was not significantly associated with any of the tar-
gets of the C7 locus in our TWAS analysis.

Additionally, we performed a gene set enrichment anal-
ysis of the pleiotropic regulatory genes involved in each lo-
cus that comprised of more than one gene. Four of five loci
tested were enriched for some GWAS catalog associations
(Table S8). The HLA locus was enriched for 52 GWAS cata-
log associations, including a wide variety of immune-
related diseases and conditions like neuromyelitis,
lymphoma, pneumonia, and more. Only one locus was en-
riched (FDR <0.05) for TF targets; the SARM1 locus on
chromosome 17 was enriched (FDR <0.05) for a motif
(MSigDB: M826) targeted by the TF, SREBF1. Of the 174
genes in this gene set, we tested 153 in our TWAS, and
three were pleiotropic regulators at this locus: POLDIP2,
TMEM199, and SUPT6H. While SREBF1 had prediction
models in many tissues, it was not significantly associated
with any target proteins in our TWAS analysis.

Predicted gene expression correlates better with

protein levels than observed gene expression

We used the RNA-sequencing data from TOPMed MESA to
test how the correlation of observed gene expression with
observed protein abundance compared to that of predicted
gene expression with observed protein abundance. For
each of the three tissues with observed gene expression
data (PBMC, monocytes, and T cells), we tested the abun-
dance of all 1,300 proteins measured for association with
the observed expression of the genes that encode the pro-
teins (cis-same gene-protein relationship). We compared
these observed expression results to cis-same TWAS results
using the GTEx prediction models. We discovered more
genes with significant associations between predicted
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Figure 4. Expected true positive rates () for transcript-protein

pairs across tissues

Discovery 7, values across tissues of transcript-protein pairs tested
in INTERVAL are compared to replication 7, values in TOPMed
MESA. Only significant (FDR <0.05) transcript-protein pairs in
INTERVAL were tested in TOPMed MESA. Associations were
divided into cis-same, cis-different, and trans-acting, and m; was
calculated in every GTEx tissue separately. Tissues with the most
samples in GTEx (muscle-skeletal, n = 706, and whole blood,
n = 670) and the least samples in GTEx (kidney-cortex, n = 73)
are labeled. The diagonal line is the identity line (y intercept =
0, slope = 1).

expression and observed protein levels (FDR <0.05) than
genes with significant associations between observed
gene expression and observed protein levels (FDR <0.05).
In total, we discovered 407 genes with a significant cis-
same association across all 49 predicted tissues and 121
genes with a significant cis-same association across all
three measured tissues. We found a significant cis-same as-
sociation with both predicted and observed expression for
89 genes, while the rest were unique associations
(Figure 6A).

Furthermore, the proportion of true positive cis-same as-
sociations (7v;) was on average higher across predicted tis-
sues than observed tissues (Figure 6B). The observed tissue
with the highest 7v; value was PBMC at 0.239, followed by
monocytes at 0.193, and T cells at 0.077. Likewise, all but
one predicted tissue had a higher 7; than the observed tis-
sues (Table S9). Notably, whole blood, the closest predicted
tissue to the observed tissues, had a higher 7, than all three
of the observed tissues at 0.331.

Finally, we wanted to see if the correlation of predicted
expression and protein abundance was stronger than the
correlation of observed gene expression and protein abun-
dance. For the union of genes whose expression, predicted
or observed, was significantly (FDR <0.05) associated with
protein abundance, we calculated the Pearson correlation
of expression and protein levels in every tissue where
there was a measurement for both traits. When looking
at the maximum correlation values across the predicted
and observed tissues separately, we found that GReX on
average had a stronger correlation with protein abundance
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Figure 5. Enrichment of TF binding sites of target proteins of

trans-acting genes

The target proteins of trans-acting genes were significantly en-
riched for binding motifs of the TFs listed on the y axis as anno-
tated in the Molecular Signatures Database.**° The size of each
bubble corresponds to the number of genes annotated in the data-
base that we tested in our TWAS analysis and the x axis represents
the proportion of those genes whose protein products were signif-
icantly associated with a trans-acting gene in INTERVAL. The color
of each bubble represents the adjusted p value (Benjamini-
Hochberg) of the enrichment test.

than observed gene expression for significant cis-same
genes (Figures 6C and 6D). We found that predicted tissues
closely related to blood plasma, such as whole blood and
liver, ranked high in terms of median correlation of expres-
sion levels and protein levels by gene, while most of the
brain tissues had the lowest median correlation of expres-
sion levels and protein levels (Figure 7). While median cor-
relation significantly associated with the number of cis-
same genes tested (R> = 0.27, p = 0.00011), we note that
whole blood and liver both had higher correlations than
expected given the number of genes tested (Figure S3).

Discussion

Here, we applied the TWAS framework to test genetically
regulated gene expression for association with measured
plasma protein levels in order to discover gene regulatory
relationships between both distant (trans-acting) and
nearby (cis-acting) genes. Similar to a prior study, which
applied trans-PrediXcan to test genetically regulated gene
expression for association with observed expression levels,
our approach proved more effective at identifying trans-
acting effects than a typical QTL study.” Compared to a
trans-pQTL study performed in our discovery cohort
(INTERVAL), which found 1,104 proteins with trans-
pQTL™ (p < 1.5 x 10~'1), our method discovered 2,016
protein targets of trans-acting genes, 239 of which repli-
cated in the much smaller TOPMed MESA cohort. Methods
like TWAS, which prioritize cis-eQTL, have been shown to
be more effective at discovering trans-acting effects because

often trans-eQTL act through cis-mediators like nearby TF
genes.'” We found that the protein targets of trans-acting
genes were enriched for TF binding sites, while the cis-tar-
gets were not, supporting the idea that many trans-effects
are driven by TF genes. Furthermore, we found that the
cis-acting associations were shared across more tissues
than the trans-acting effects, which tended to be more tis-
sue specific, as has been shown in previous eQTL studies.””

We identified several loci throughout the genome with
strong pleiotropic effects where one gene, or several in
linkage disequilibrium, significantly (FDR <0.05) associ-
ated with many protein targets throughout the genome.
Many of these loci have been identified before, including
the ABO, VTN, APOE, CFH, and BCHE loci.'**°3° Here,
we called these regions pleiotropic regulatory loci and
discovered 11 in INTERVAL and 5 that replicated in
TOPMed MESA. It has been shown previously that these
trans-acting pleiotropic regulator genes are enriched for
GWAS traits, suggesting that trans-protein regulation plays
an important role in disease variation.”*® We performed a
gene set enrichment analysis of all of the trans-acting genes
in each of these pleiotropic regulatory loci as well as the
target proteins of each of these pleiotropic regulatory
loci. We found that the targets and pleiotropic regulatory
genes of many of these loci were enriched for GWAS cata-
log associations including several autoimmune diseases
and other disease phenotypes. Autoimmune disease
enrichment is somewhat expected given the proteins in
our TWAS were measured in blood plasma. For example,
the genes at the CFHR locus were enriched for autoim-
mune diseases such as IgA nephropathy and age-related
macular degeneration, as well as C3 and C4 levels. CFHR
genes interact with proteins like C3 and C4 in the comple-
ment system, a cascade of proteins important to the im-
mune response system, thus changes in expression of these
pleiotropic regulatory genes could lead to the progression
of autoimmune diseases.*’

We found that our significant results discovered in
INTERVAL had a low expected proportion of true positives
(7v1) across all associations tested, though we have more
confidence in the cis-acting results than trans-acting. This
is a symptom of an ongoing issue with identifying trans-
acting effects; the multiple testing burden is too high due
to the high number of associations that must be tested
combined with the observation that trans-acting effects
are generally smaller than cis-acting effects.”®*"** Never-
theless, we replicated many of our significant associations
discovered in INTERVAL in TOPMed MESA, where we
found much higher proportions of true positives across
all associations tested. In many tissues, we estimated a
of nearly 1.0 for the cis-same results, indicating a strong
correlation between genetically regulated gene expression
levels and observed protein levels. This is in contrast
with many studies that have shown a poor correlation be-
tween transcript and protein levels of the same underlying
gene.””*° One of the main issues in correlating expression
levels with protein levels is the high fluctuation in these
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Figure 6. Cis-same associations using pre-
dicted expression vs. observed expression
(A) Number of unique genes with a cis-same
correlation between expression levels
(divided by predicted and observed) and
protein abundance.

(B) Distribution of proportion of true posi-
tives (; values) from tests conducted in all
predicted tissues. The vertical red line indi-
cates the tissue with observed gene expres-
sion that had the highest ;; PBMC at 0.239.
(C) Scatterplot comparing the maximum
correlation of predicted and observed
expression with protein abundance by gene.
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ing with predicted expression than
observed expression. We found that tis-
sues that are closely related to blood,
like whole blood and liver, which is
responsible for secreting many plasma
proteins into the bloodstream, had a
higher correlation of predicted expres-
sion levels and protein levels, which

Correlation of Observed Expression

with Protein Levels Observed

traits due to environmental influence; it has been shown
that proteins that can be more reproducibly measured,
meaning they are less prone to environmental variation,
have a stronger correlation with expression levels.*’
Furthermore, genetically predicted expression levels have
been shown to strongly correlate with genetically pre-
dicted protein levels.*®

Here, we show that genetically predicted expression
levels correlate better with plasma protein abundance
than observed expression levels. This indicates the geneti-
cally regulated (heritable) component of gene expression
and protein abundance is more consistent across tissues
than the non-genetic, i.e., environmental, components.
We leveraged the TWAS framework to test both predicted
expression in 49 tissues and observed expression in three
tissues for association with plasma protein levels in indi-
viduals from the TOPMed MESA cohort. Most of the
unique associations we discovered with observed expres-
sion were also significant when using predicted expression,
and we found many unique associations with predicted
expression that we did not with observed expression.
Furthermore, we estimated a higher proportion of true pos-
itives for our predicted expression results. Even in a tissue-
matched scenario (comparing predicted expression in
whole blood to observed expression in PBMC), we found
a higher proportion of true positive results for predicted
expression. Additionally, we found that the Pearson
correlation of expression levels with proteins levels of the
same underlying gene was on average higher when work-

has been shown previously in another
cohort.*® Furthermore, the brain tis-
sues tended to have the lowest correla-
tion of expression levels and plasma protein levels,
perhaps because of the blood-brain barrier, as has been sug-
gested previously.*®

A limitation of the study is that our discovery cohort is
not ancestrally diverse, comprising entirely of individuals
of European descent, while our replication cohort, which
is diverse, has a small sample size. Another limitation of
this study is the type of proteomic data we used. Our study
was not truly proteome wide, as we could only test the pro-
teins measured by the targeted proteome assay. As such,
there are likely many regulatory relationships that we
were not able to capture due to the limited number of pro-
teins measured in both the INTERVAL and TOPMed study.
Furthermore, we only have proteomic data for plasma pro-
teins when, like gene expression levels, protein levels vary
across tissues and cell types. Additionally, the aptamers on
the SOMAscan assays used to target specific proteins are
known to sometimes have multiple targets, so some of
our protein level measurements may represent the abun-
dance of multiple different proteins.'® All protein assays
that rely on binding could be affected by protein altering
variants in the aptamer binding site. However, integrating
proteomic data with RNA-sequencing transcriptome data
alleviates some of these concerns. We note that just 120
of the 3,339 (3.6%) INTERVAL proteins and zero of the
1,335 (0%) TOPMed MESA proteins had protein-altering
variants, defined by the Ensembl Variant Effect Predictor,*’
in their respective GTEx whole blood transcript prediction
models.

Predicted

452 The American Journal of Human Genetics 1117, 445-455, March 7, 2024



c
o . s . .
29 R SN T - ) S
[0} L e : = L SR '] 'O R B . . o 8 HEEY K HERIY
O 054; :1 I P R s s ! - - : H HE
= I I B H e § 3 i I I H
%3 vjiiidd RN NN R N N ’i,l'i"
w c
"‘_CTJ - J ]S e (I ~ Jw]w = ol lwl 00 1 1 e e e e e i
06 0.045 CTRC T TC T mim| JEimi@L s LI AN 00 0
C =
gn- I I T A A I I A fobat . . . 3 ! )t
(‘55 .... [ ] ] ; $ . o e 3 % . :
© S -0.51 ‘ : " :
S 1
= : . %
o
(&)
E2BE005 3008 SE OB SDEETTE YUASTDAAT 5 2r SODED LY FETO T
= © s = = = =
Eog:we-z58&0ggm:e-é’c_vmgeEQ—‘B%agse%at*:‘;’opgﬂsj‘gg«;%gﬁ(n%a
GemSEE 35350=2 0532 a5LoS 500885308538 S0 385, /98
ESoS F 585858 02 Ba >0 >0 U557 1N 2985 S Sx0o8ES
O3l © Peca =718 g S8 w55 S Sms c BL20w5<8
o cSwTE - Lo 0= © ] @ ot g ol a
8T = 3 < Qo t= " o> 0 ¢ D 8 86500 Iox
TS OE L BET Z8E <Y o<o ®= | ©n O, B $8=" 802
Sh- 9 S5R%c80w 0 % 2 3@ 08 o gh Sod 8 T bmp_RI
% ® SO0zcEE K o = WM Pl 3 109G _ S5 |
S0 £8 o Jo<t k= - = o 2 o’ 9 o0= @ cgolceEme
Lo 8= O g9 o< o 25 §5 8 Sc® | FSEMPS ©
>0 I R=p o c 8S= gx
2 3% QW =¢ T w O, s oL F 2L gt @
OF 7] © CTCDO s =
T O® [} —
82 £9 w 2o S e 3 ¢ 300 @ Og gF&
e om = n 8§ o 3 n Il <8
5 © _ 1O & @ i=¥= SF cm
O] T c | | £0m == %
< | © = %) — T = om 8
%) = (% S g Lmnm EUJ m
= n H | @ < |
g = = Clén
L= kv ]
= g @ =
17} =
L ©
o
[a1]
GTEXx Tissue

Figure 7.

Cis-same correlation of predicted expression and protein levels by tissue

Distribution of Pearson correlation coefficients for correlating predicted expression of significant cis-same genes with protein abundance
in every GTEx tissue. The horizontal blue line indicates the median correlation across all tissues.

Our results highlight the benefits of working with pre-
dicted expression over observed expression. First, it is
easier to calculate predicted expression than it is to mea-
sure observed expression since many more studies have
genome-wide genotypes than gene expression data. Also,
using the cis-acting genetically regulated (heritable)
component of gene expression to discover trans-acting
gene effects on protein abundance finds more significant
associations than traditional SNP-based pQTL studies.
Most importantly, because this heritable component of
gene expression more strongly correlates with protein
levels than total observed expression, predicted expression
is useful in uncovering the function of SNPs associated
with complex traits.

Data and code availability

Full summary statistics for all association analyses performed
and code for presented results are available at https://github.
com/hwittich/TWAS_for_protein. Data from INTERVAL is
under controlled access via the European Genome-phenome
Archive at https://ega-archive.org/ for both genotypes
(EGA: EGAD00010001544) and blood plasma aptamers
levels as measured by a SOMAscan assay (EGA:
EGAD00001004080). TOPMed MESA data are under
controlled access in dbGaP at https://www.ncbi.nlm.nih.
gov/gap/. Genotypes are available through accession dbGaP:

phs000420.v6.p3 and RNA-sequencing and proteome data
are available through accession dbGaP: phs001416.v2.p1.
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