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ARTICLE

Proteome-wide association studies
for blood lipids and comparison
with transcriptome-wide association studies

Daiwei Zhang,1,2,16 Boran Gao,2 Qidi Feng,2,3 Ani Manichaikul,6 Gina M. Peloso,11 Russell P. Tracy,7

Peter Durda,8 Kent D. Taylor,5 Yongmei Liu,9 W. Craig Johnson,10 Stacey Gabriel,13 Namrata Gupta,13

Joshua D. Smith,14 Francois Aguet,3 Kristin G. Ardlie,3 Thomas W. Blackwell,15 Robert E. Gerszten,12

Stephen S. Rich,6 Jerome I. Rotter,5 Laura J. Scott,2,* Xiang Zhou,2,* and Seunggeun Lee4,2,17,*
Summary
Blood lipid traits are treatable and heritable risk factors for heart disease, a leading cause of mortality worldwide. Although genome-wide

association studies (GWASs) have discovered hundreds of variants associated with lipids in humans, most of the causal mechanisms of

lipids remain unknown. To better understand the biological processes underlying lipid metabolism, we investigated the associations of

plasma protein levels with total cholesterol (TC), triglycerides (TG), high-density lipoprotein (HDL) cholesterol, and low-density lipo-

protein (LDL) cholesterol in blood. We trained protein prediction models based on samples in the Multi-Ethnic Study of Atherosclerosis

(MESA) and applied them to conduct proteome-wide association studies (PWASs) for lipids using the Global Lipids Genetics Consortium

(GLGC) data. Of the 749 proteins tested, 42 were significantly associated with at least one lipid trait. Furthermore, we performed tran-

scriptome-wide association studies (TWASs) for lipids using 9,714 gene expression predictionmodels trained on samples from peripheral

blood mononuclear cells (PBMCs) in MESA and 49 tissues in the Genotype-Tissue Expression (GTEx) project. We found that although

PWASs and TWASs can show different directions of associations in an individual gene, 40 out of 49 tissues showed a positive correlation

between PWAS and TWAS signed p values across all the genes, which suggests high-level consistency between proteome-lipid associa-

tions and transcriptome-lipid associations.
Introduction

Blood lipid levels, including levels of total cholesterol (TC),

triglycerides (TG), high-density lipoprotein (HDL) choles-

terol, and low-density lipoprotein (LDL) cholesterol, are

heritable risk factors1 for coronary heart disease and

stroke,2,3 which are leading causes of death in the United

States and other nations.4,5 Genome-wide association

studies (GWASs) have identified hundreds of loci that are

significantly associated with at least one lipid trait in

humans.6–9 Variant alleles associated with higher concen-

tration of LDL are more abundant among subjects with

coronary artery disease than those without.10 In addition,

GWASs on lipids have facilitated the discovery of biological

processes involved in lipoprotein metabolism.11–13

Although GWASs have been successful in identifying loci

associated with lipids, they explain only a small proportion
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of the heritability,14 estimated to be 35%–60% for TG,

HDL, and LDL.15 Moreover, most of these variants are

located in non-coding regions with unclear functional

roles.16 Because of population stratification and linkage

disequilibrium(LD), it is difficult topinpoint the exact causal

variants.17 In addition, the large number of candidate vari-

ants severely limits the statistical power of GWASs.18,19

To boost the statistical power of GWASs and provide bio-

logically meaningful interpretations, it is important to

analyze downstream ‘‘omic’’ molecules, which include

epigenetic, transcriptomic, and proteomic measurements,

and then test their associations with phenotypes of

interest. Recent multi-omic studies have elucidated the

molecular mechanism of complex diseases.20–24 When

downstream omic measurements are not available, which

is true for many of the trait- and disease-based GWASs,

the genetically expected omic values can be imputed using
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predictionmodels built upon omic and genetic data from a

separate study.25–27 An association test is then conducted

on each gene between the GWAS trait and the imputed

omic level. For example, based on imputed gene expres-

sion measurements, transcriptome-wide association

studies (TWASs)28–30 have been performed for various dis-

eases and clinical characteristics, such as schizophrenia,31

breast cancer,32 and structural neuroimaging traits.33

In addition to transcriptomics, proteomics provide

further information for understanding complex diseases,

since protein levels are downstream products of gene

expression and can be more directly related to biological

processes.34 Compared to TWAS, fewer proteome-wide asso-

ciation studies (PWASs), imputation based or not, have been

performed. Existing PWASs have investigated the associa-

tions between proteins and colorectal cancer,19 stroke,35

Alzheimer disease,34 depression,36 post-traumatic stress dis-

order,37 and other psychiatric disorders.38 Regarding blood

lipids, although TWASs have identified hundreds of genes

associated with them,39–41 to the best of our knowledge,

only one PWAS has been conducted for blood lipid traits.42

In this work, we investigated the association of blood

protein abundance with blood lipid levels to identify pro-

teins significantly associated with lipid variability. To

conduct imputation-based PWASs, we trained genotype-

based protein prediction models for protein levels

measured from whole-blood samples from the Multi-

Ethnic Study of Atherosclerosis (MESA).43,44 The predic-

tion models were then applied to the GWAS data of the

Global Lipids Genetics Consortium (GLGC)16 to identify

proteins that are significantly associated with at least one

of TC, TG, HDL, and LDL. Moreover, to study the relation-

ship between PWAS and TWAS for lipids, we conducted an

imputation-based TWAS for blood lipid traits using gene

expression prediction models trained on samples from

MESA peripheral blood mononuclear cells (PBMCs) and

samples from 49 Genotype-Tissue Expression (GTEx)

project tissues.45 When comparing the TWAS and PWAS

directions of association with lipid across all the genes on

each of the 49 tissues, for most tissues, we found a positive

correlation between the predicted PWAS and TWAS effects.

However, for individual genes, we often observed the

opposite predicted PWAS and TWAS directions of effects.
Material and methods

Ethics statement
This work was approved by the Health Sciences and Behavioral

Sciences Institutional Review Board of the University of Michigan

(IRB ID: HUM00152975). All data in this work were collected

previously and analyzed anonymously.

Subjects
The MESA, a part of the Trans-Omics for Precision Medicine

program (TOPMed),46,47 investigates characteristics of subclinical

cardiovascular diseases (i.e., those that are detected non-invasively

before the onset of clinical signs and symptoms). The study aims
2 Human Genetics and Genomics Advances 6, 100383, January 9, 20
to identify risk factors that can predict the progression of subclin-

ical cardiovascular disease into clinically overt cardiovascular dis-

ease. The diverse, population-based sample includes 6,814 male

and female subjects who are asymptomatic and aged between 45

and 84 years. The recruited participants consist of 38% White,

28% Black, 22% Hispanic, and 12% Asian (predominantly

Chinese) individuals. In addition to genomic, transcriptomic,

proteomic, and lipids data, the study also collected physiological,

disease, demographic, lifestyle, and psychological factors.43,44
Preprocessing of MESA genotypes, proteomics, and

transcriptomics
For the genotypes, we used the sequencing data from TOPMed.46,47

We removed variants with a minor allele frequency of 0.05 or less

among the TOPMed subjects, leaving 12,744,944 variants. Among

the subjects who had genotypes, lipid levels, and demographic in-

formation, 1,438 of themwere included inMESA. Samples with de-

grees of relatedness up to 2, as determined by KING,48 were

removed, which resulted in 1,403 subjects.

A total of 1,281 proteins were measured from 984 subjects. Pro-

tein levels were measured using a SomaScan HTS Assay 1.3K for

plasma proteins. The SomaScan HTS Assay is an aptamer-based

multiplex protein assay. It measures protein levels by the number

of protein-specific aptamers that successfully bind to their target

protein, although some proteins may be targeted by multiple ap-

tamers.42,49,50 In our analysis, targets that corresponded to multiple

proteins were removed, which resulted in 1,212 proteins. As part of

the TOPMed MESA Multi-Omics project, the 984 participants were

selected for proteomicmeasurement based on the following criteria.

First, participant samples were restricted to those already included

in the TOPMed Whole Genome Sequencing effort.46 Second, the

race and ethnicity reflected those of participants in the parent

MESA cohort. Third, participants were chosen to maximize the

amount of overlapping omic data. Fourth, a substantial proportion

of participants had biospecimens from MESA Exams 1 and 5.

Among these participants, 935 individuals whose protein levels

were available had blood lipid measurements, genotypes, and co-

variate information. After inversely normalizing the protein levels,

we computed the top 10 protein principal-component (PC) scores

and the top 10 surrogate values51 to detect outliers and adjust for

unobserved factors that might adversely affect the analysis. Sam-

ples with p values less than 0.001 for the chi-squared statistics of

either the PC scores or the surrogate values were removed, leaving

918 samples (see Table S1 for sample characteristics). The inversely

normalized protein levels were then adjusted for age, sex, self-re-

ported race and ethnicity, usage of lipid-lowering medications,

top four genetic PCs, and top 10 surrogate values. The residuals

of the protein levels were used for the subsequent analyses.

RNA sequencing was previously performed onMESA PBMCs.52,53

We used the reads per kilobase of transcript per million reads

mapped of each gene in our analysis. After applying the same pre-

processing pipeline as for the proteomics (i.e., samplematching, in-

verse normalization, outlier removal, and adjustment for the same

set of covariates), we had 1,021 samples for 22,791 genes, which

covered 1,167 out of the 1,212 genes in the proteomic data.
Protein and gene expression prediction models based

on MESA
SinceMESAhas a limited sample size forproteinandgeneexpression

measurements, we performed imputation-based PWAS for lipids by

using SPrediXcan54 to achieve higher statistical power. SPrediXcan
25



Figure 1. Basic characteristics of the
imputation-based proteome-wide associa-
tion studies (PWAS) for blood lipid traits in
this work
(A) Schematic of PWAS for blood lipid traits.
(B and C) Protein prediction performance
(B) and p values of PWASs for lipids (C).
The solid line is the identity line, while the
dashed line represents the false discovery
rate (FDR) threshold of 0.05.
(D) Number of overlapping proteins signifi-
cantly associated with each lipid.
buildsanelasticnet55predictionmodelof theomicmeasurementsof

each gene using its cis-SNPs as predictors. These prediction models

are thencombinedwithexternalGWASsummary statistics topredict

the associations between the omic levels and the phenotypes of in-

terest. Intuitively, this approach can be understood as an association

study between observed phenotypes and predicted omic levels.

Figure 1A illustrates the workflow of SPrediXcan. In our analysis,

we trained the elastic nets on the MESA data to predict the prepro-

cessed protein levels from the cis-SNPs within a window extending

1 MB upstream and 1 MB downstream of the protein’s gene body

(from the transcription start site to the transcription ending site).

During model training, we restricted candidate-predictive SNPs to

those that are included in theGWAS. The optimal elastic net penalty

weights were selected by cross-validation as recommended for SPre-

diXcan.54Weusedthe sameprocedure tobuild thepredictivemodels

for the transcriptomic data. After model training on theMESA data,

we obtained non-trivial (i.e., at least one cis-SNP has a nonzero

weight) prediction models for 749 out of 1,212 proteins and 886

out of 1,167 gene expressions, with an intersection of 562 genes

thathavebothanon-trivialproteinpredictionmodel andanon-triv-

ial gene expression prediction model.

Gene expression prediction models based on the GTEx

project
The GTEx project45 investigated the influence of regions in the hu-

man genome on gene expression and regulation in different tissues.

Genotypes and gene expression levels were collected in 49 tissues

from 900 postmortem donors, and the sample size for each tissue
Human Genetics and Genom
ranged from 73 to 706. In our analysis, we

downloaded gene expression prediction

models pre-trained using the GTEx version

8 data by the authors of SPrediXcan,56 all of

which had a predictive p value of less than

0.05. We applied the models to the GWAS

summary statistics via theSPrediXcan frame-

work to obtain tissue-specific TWAS results.

Imputation-based PWAS and TWAS

using the GLGC
After training the elastic nets on the MESA

data, we applied the prediction models to

the GWAS summary statistics from the

GLGC.16 GLGC examined the associations

between the genotypes and the lipid levels

of 188,577 individuals of European ancestry.

GWAS effect sizes and their SEs were ob-

tained for more than 2 million SNPs. For
each blood lipid trait, we applied the protein prediction models

trainedon theMESAdataand the tissue-specific geneexpressionpre-

diction models trained on both MESA and GTEx data to the GLGC

summary statistics and computed the association between the lipid

and the gene’s protein and gene expression levels.

Results

Overview of PWAS results

Since our PWAS is imputation based, we assessed the predic-

tion power of the cis-SNPs for the protein levels. The protein

predictionmodels forMESA protein and genotype datawere

trained using the PredictDBPipeline framework,57which ap-

plies elastic net regression for protein prediction. Prediction

performance metrics, including prediction p values and r2,

were calculated through 5-fold cross-validation on the

MESA dataset. Figure 1B shows the prediction p values for

the 749 proteins that have at least one predictive cis-SNP

with a nonzero weight. The cumulative distribution func-

tion of the predictive r2 is shown in Figure S1.With the false

discovery rate (FDR) controlled at 0.05,58 469 (63%) of the

749 proteins were significantly predictable (Figures 1B and

S1), and the predictive r2 of these proteins ranged from

0.01 to 0.80 (Figure S1).

We next applied the protein prediction models to GLGC

summary statistics to perform PWAS for TC, TG, HDL, and
ics Advances 6, 100383, January 9, 2025 3



Table 1. PWAS results for proteins that are significantly (FDR %0.05) associated with at least one blood lipid trait

Gene

Lipid

TC TG HDL LDL

PWAS TWAS PWAS TWAS PWAS TWAS PWAS TWAS

APOE 406(þ) 16(�) 14(�) . 37(�) 4(þ) 850(þ) 19(�)

TYK2 43(�) . . . . . 53(�) .

HP 45(�) 3(�) 4(�) . . . 47(�) 3(�)

LTA . . 13(�) . . . . .

MICB 12(þ) 3(�) 9(þ) . . . 5(þ) .

CCL17 . . . . 10(þ) 9(þ) . .

LILRB2 4(�) 4(þ) . . 10(�) 8(þ) . .

RBM39 8(�) . . . . . 5(�) .

PCSK7 4(�) 3(�) 8(�) 4(�) . . . .

FN1 7(þ) . . . . . 8(þ) .

RSPO3 . . 6(þ) . 8(�) . . .

PDPK1 . . 7(�) . 4(þ) . . .

MICA 6(�) 6(�) . . 4(�) 3(�) 4(�) 4(�)

IL-1RN 6(þ) . . . . . 3(þ) .

MMP9 . . 5(þ) . 4(�) . . .

FCGR2A 5(�) 6(�) . . . . 5(�) 6(�)

SERPINA1 4(�) . . . . . 5(�) .

ICAM5 5(�) . . . . . 4(�) .

EPHB6 . . . . 4(�) . . .

CTSB . . 4(þ) 6(þ) . . . .

HAVCR2 4(�) . . . . . 3(�) .

MET . . 4(þ) . . . . .

FCGR2B 3(�) 5(þ) . . . . 4(�) 4(þ)

ICAM3 4(þ) . . . . . . .

CPNE1 4(þ) 6(þ) . . . . . .

COLEC11 4(þ) . . . . . . .

AIF1 . . . . 4(�) . . .

HSPA1A . . 4(�) . . . . .

TYRO3 . . 3(þ) . 3(�) . . .

MMP1 3(�) 3(�) . . . . 3(�) .

SHBG . . . . 3(þ) . . .

VWF . . . . . . 3(þ) .

AGRP . . . . 3(þ) . . .

TKT . . . . 3(þ) . . .

CSF3 4(�) . . . 8(�) . . .

NAPA . . . . 3(�) . . .

APOB 16(�) . 10(�) . 9(þ) . 20(�) .

F2 . . 5(�) . 13(þ) . . .

HGFAC 6(�) . 6(�) . . . . .

(Continued on next page)
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Table 1. Continued

Gene

Lipid

TC TG HDL LDL

PWAS TWAS PWAS TWAS PWAS TWAS PWAS TWAS

MDK 5(þ) . . . . . . .

BCAM . . 3(�) . . . . .

CFC1 . . 4(�) . . . . .

Next to the PWAS summary statistics of every protein, the TWAS summary statistics of the same gene are also displayed. Inside each cell is the �log10 p value,
followed by the direction of association in parentheses. Associations that are no significant at the threshold of FDR ¼ 0.05 are replaced with a dot.
LDL. The quantile-quantile plot of the PWAS p values for

each lipid is shown in Figure 1C. Overall, we observed

that 23, 17, 17, and 16 proteins were significantly associated

(FDR%0.05) with TC, TG, HDL, and LDL, respectively, and

42 proteins were significantly associated with at least one

lipid (Figure 1D; Table 1). Among these proteins, apolipo-

protein E (APOE), haptoglobin (HP), and interleukin-1

receptor antagonist (IL-1RN) have been identified for their

associations with lipids in previous studies.42

Comparison of MESA-trained PWAS and MESA-trained

TWAS

To compare lipid PWAS with lipid TWAS from the same

study samples, we also conducted TWAS using GLGC sum-
Huma
mary data, with the predictivemodels trained on theMESA

PBMC gene expression data. For each lipid trait, we

compared the signed log p value of the genes in PWAS

and TWAS and computed the Spearman correlation coeffi-

cient59 (Figure 2), where the sign reflects the direction of

association. The PWAS and TWAS signed log p values

were modestly positively correlated, where the correlation

coefficient ranged from 0.083 to 0.144 and all the correla-

tion p values were below 0.05. For TC/TG/HDL/LDL,

among the 23/17/17/16 genes whose proteins are associ-

ated with the lipid (Figure 1D; Table 1), 10/2/4/5 genes

have both protein and gene expression associated with

the lipid. Of these 10/2/4/5 genes, 6/2/2/3 genes’ pro-

tein-lipid association direction and gene expression-lipid
Figure 2. Comparison of PWASs and
transcriptome-wide association studies
(TWASs) results for lipids
The subplot inside each panel shows
magnified results.
(A) PWAS vs. TWAS for total cholesterol
(TC).
(B) PWAS vs. TWAS for triglycerides (TG).
(C) PWAS vs. TWAS for high-density lipo-
protein (HDL) cholesterol.
(D) PWAS vs. TWAS for low-density lipo-
protein (LDL) cholesterol.

n Genetics and Genomics Advances 6, 100383, January 9, 2025 5



Figure 3. Genome-wide association studies (GWASs) for LDL and prediction models for the protein and gene expression levels of
APOE
The reference and alternative alleles for GWAS and the predictive models have been aligned and reordered so that all the SNPs have pos-
itive GWAS effects. Center and bottom:, the size of the circles indicates the SNP’s GWAS Z score. The Z scores are used to compute the
weighted average of the model weights (dashed line), which has the same sign as and is proportional to the predicted effect of protein or
gene expression on the GWAS outcome.
association direction are concordant. In particular, APOE

was significantly and positively associated with LDL in

PWAS but significantly and negatively associated with

LDL in TWAS; leukocyte immunoglobulin-like receptor

B2 (LILRB2) and Fc gamma receptor IIb (FCGR2B) were

significantly negatively associated with two lipids in

PWAS and positively associated with the same lipids

in TWAS.

To better understand the opposing PWAS and TWAS ef-

fects in some of the genes, we used APOE and LDL as an
6 Human Genetics and Genomics Advances 6, 100383, January 9, 20
example and compared the LDL GWAS summary statistics

with the weights of the cis-SNPs in the protein and gene

expression prediction models. Figure 3 (top) shows the

signed log p values of the association between LDL and

the cis-SNPs of APOE in GLGC. Effect alleles were chosen

so that all the GWAS effect sizes for LDL were positive.

Among SNPs with very significant GWAS p values, effect

allele C in SNP rs7412 corresponds to the Apoε2 allele of

APOE.60,61 This SNP is related to the stability of the APOE

isoforms62 and is a risk factor for coronary heart disease.63
25



Another SNP with a very strong GWAS effect is rs4420638,

whose effect allele G may elevate TC, TG, and HDL.64 As

indicated by the colors, the sets of predictive cis-SNPs for

protein and gene expression have little overlap with each

other, with only one SNP (rs1114832) having a nonzero

weight in both predictive models.

Figure 3 (center) shows the weights of the cis-SNPs in

the prediction model of APOE protein. The effects of

most cis-SNPs on APOE protein had the same direction as

their effects on LDL, with only four exceptions below the

y ¼ 0 line. In particular, the effects of rs7412 for LDL and

APOE protein were both strong and of the same sign,

dominating all the other cis-SNPs. Thus, the resulting

association between APOE protein and LDL was positive,

as indicated by the positive weighted average of the predic-

tive weights (dashed line). However, compared to the

PWAS results, the directions of the effects of the predictive

cis-SNPs on APOE gene expression were approximately

equally split between positive and negative, as shown in

Figure 3 (bottom). Nevertheless, the negative weights

outweighed the positive weights, with the greatest contri-

bution from rs4420638 and rs112776896, which have a

strong positive association with LDL but a strong negative

association with APOE gene expression. Thus, the resulting

association between LDL and APOE gene expression was

negative, as indicated by the negative weighted average

of the gene expression predictive weights (dashed line).

Overall, due to the small proportion of overlapping

nonzero predictive weights and their different directions

of effects (Figure S2), APOE protein and gene expression

have opposite directions of association with LDL. We

also examined the LD between the SNPs with large weights

in the protein or gene expression predictive model to

investigate whether the driver SNPs in the protein and

gene expression predictive models are correlated. We

found that for APOE (Figure S38), the correlations between

the protein driver SNPs and the gene expression driver

SNPs are close to zero weak (e.g., 0.04 for rs7412 vs.

rs2571179, �0.03 for rs7412 vs. rs7251522), which indi-

cates that the disparity between the weights in the protein

and gene expression models is not due to different driver

SNPs tagging the same loci. Similar patterns were observed

for LDL with other genes, such as FCGR2B, LILRB2, and

major histocompatibility complex class I polypeptide-

related sequence B (MICB) (Figures S3–S8 and S39–S41),

as well as for the other lipids (Figures S9–S16, S18–S25,

and S27–S34).

COLOC probabilities cluster more distinctly into

different classes and thus, unlike other methods, suggest

a natural cutoff threshold at p ¼ 0.5. Another advantage

of COLOC is that for genes with a low probability of coloc-

alization, it further distinguishes distinct GWAS and

expression quantitative trait loci (eQTL) signals from low

power. This is a useful feature that future development of

colocalization methods should also offer. SMR, however,

uses its own estimate of ‘‘heterogeneity’’ of signals calcu-

lated by HEIDI.
Huma
In addition, since TWAS and PWAS can be contaminated

by LD,28,54 we performed colocalization analysis to investi-

gate the probability of shared signals. This step was

performed using COLOC,65 which, compared to other

colocalization analysis methods, has the advantage of

being able to not only distinguish distinct signals from

low power but also provide natural cutoffs for colocalization

probabilities.54,66 The results of the colocalization test var-

ied greatly between different genes and lipids (Table S2).

For example, APOE protein and LDL have a high probability

of shared signals, which is strong evidence for colocalization

and a shared causal variant. In particular, among the vari-

ants in the APOE gene, SNP rs7412 has a highly significant

association with both the LDL level and the APOE protein

abundance level (Figure S46). However, APOE protein and

TG have a high probability of independent signals, which

suggests the absence of shared causal variants. At the same

time, the LDL-gene expression or protein-gene expression

results for APOE do not have sufficient power to support

or reject colocalization. The patterns are very different for

other genes. For example, FCGR2B has high probabilities

for lipid-protein colocalization and lipid-gene expression

colocalization for TC and LDL, but the protein and gene

expression signals have a probability of being independent.

These findings demonstrate the heterogeneity among

the associations between lipids, proteins, and gene

expressions.

Comparison of MESA-trained PWAS and GTEx-trained

TWAS

The TWAS results obtained from MESA only used gene

expression measurements in PBMCs. Since the gene

expression levels in some tissues, such as liver, may be

more relevant to lipid levels compared to those in other

tissues, we extended our TWAS analysis using gene

expression data from 49 GTEx tissues. The results of

MESA-trained PWAS, MESA-trained TWAS, and GTEx-

trained TWAS are compared in Figures 4A, S17A, S26A,

and S35A. Overall, for all lipids, the significance and direc-

tion of association for PWAS and TWAS are heterogeneous

across individual genes. For some genes, the predicted pro-

tein and gene expression levels had very consistent direc-

tions of association with LDL. For example, for major his-

tocompatibility complex class I polypeptide-related

sequence A (MICA), LDL was positively associated with

both protein and gene expression in MESA and with

gene expression in 43 out of 49 tissues in GTEx. Other ex-

amples with similar patterns were observed for MICA with

TC and HDL, copine 1 (CPNE1) with TC, and cathepsin B

(CTSB) with TG. For some other genes, the protein and

gene expression had mixed directions of association. For

instance, LDL was positively associated with HP protein

levels, but it had approximately equal numbers of positive

and negative associations with gene expression levels

across tissues. Similar inconsistent patterns were observed

for HP with TC, APOE with TC and LDL, and apolipopro-

tein B (APOB) with TC, TG, and HDL.
n Genetics and Genomics Advances 6, 100383, January 9, 2025 7



Figure 4. Comparison of MESA PBMC PWAS, MESA PBMC TWAS, and GTEx tissue-specific TWAS results for LDL
(A) Signed log p value and significance of association. Missing values are shown in white. Significance of association is determined by the
FDR threshold of 0.05. Only genes with at least one significant association with LDL are displayed.
(B) Correlation between signed log p values of MESA PBMC PWAS and signed log p values of each GTEx tissue-specific TWAS (i.e., the
correlation between the bottom row and every other row of the grid in A).
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We next evaluated the correlation patterns of PWAS and

TWAS effects when aggregated across all the genes and

how this correlation varied across tissues. Figure 4B shows

the Spearman correlations for each tissue between the

signed log p values for MESA-trained PWAS and GTEx-

trained TWAS for LDL. Of the 49 tissues in GTEx, the

MESA-PWAS vs. GTEx-TWAS correlation was positive in

47 of them (binomial test p value: 2.2 3 10�12). For TC,

TG, and HDL, the corresponding correlations were positive

in 41, 43, and 40 tissues, respectively (Figures S17B, S26B,

and S35B). These findings indicate that although the rela-

tion between the effects of the proteins and the tissue-spe-

cific gene expressions on lipids can be mixed on a single

gene, the aggregated correlations between TWAS and

PWAS results for lipids across all genes were mostly posi-

tive, even if the gene expression predictive models and

the protein predictive models were trained using different

datasets (i.e., MESA and GTEx).

We also performed the same analysis for MESA-trained

TWAS and GTEx-trained TWAS (Figures S42–S45). MESA-

trained TWAS was obtained by applying MESA-trained

gene expression prediction models to GLGC lipid GWAS,

while GTEx-trained TWAS was obtained by applying

GTEx-trained gene expression prediction models to

GLGC lipid GWAS. TheMESA-TWAS vs. GTEx-TWAS corre-

lation was positive in all tissues, and both the magnitude

and the significance of correlation were much higher

than those of the MESA-PWAS vs. GTEx-TWAS correlation.

Of the 49 GTEx tissues, the MESA-TWAS vs. GTEx-TWAS

correlation was significant in 48/46/49/48 tissues for

TC/TG/HDL/LDL. Moreover, recall that the MESA TWAS

results were based on gene expression samples collected

from PBMCs, which are closely related to whole-blood

gene expression. Among the GTEx tissues, for TC, TG,

and LDL, the correlation between MESA-TWAS and

GTEx-TWAS for whole blood was stronger than that for

any other GTEx tissue, and for HDL, this correlation for

whole blood was the third highest among all 49 GTEx tis-

sues. Thus, when the two training data sources MESA and

GTEx are compared, the TWAS-TWAS relationships are

more consistent than the PWAS-TWAS relationships,

with the TWAS-TWAS correlation for whole blood among

the strongest. These findings indicate that the heteroge-

neous relationships between TWAS and PWAS are more

attributable to differences in their underlying biological

mechanisms and processes than replication issues.
Discussion

In this work, we conducted PWAS for blood lipids and iden-

tified 42 proteins significantly associated with at least one of

TC, TG, HDL, and LDL. Several of these proteins, such as

tyrosine kinase 2 (TYK2),67,68 MICA and MICB,69,70 IL-

1RN,42 HP,42,71 and APOE and APOB,42,72–74 have been pre-

viously identified for their association with blood lipids and

related diseases. In particular, we found APOE and APOB to
Huma
be significantly associated with all four lipid traits. Other

proteins, such as lymphotoxin alpha (LTA), C-C motif che-

mokine ligand 17, and LILRB2, have not been previously

identified for their associations with blood lipids.

Moreover, we conducted TWAS for blood lipids in

different tissues and compared the results with the PWAS

results. We demonstrated that one potential cause of the

heterogeneous relationships between the lipid PWAS asso-

ciations and the lipid TWAS associations is the limited pro-

portion of overlapping SNPs with nonzero predictive

weights and their different directions of effect. Neverthe-

less, when we computed the correlation between the

PWAS and TWAS signed log p values for all the genes in

every tissue, the correlation coefficients across various tis-

sues were almost all positive. These results demonstrate

that for a single gene, its gene expression’s association

with lipids may differ from its protein’s association with

lipids, but when the results for all the genes are aggregated,

the lipid TWAS and lipid PWAS results are more consistent.

A key component in our association studies is the utiliza-

tion of imputation-based approaches such as SPrediXcan.

This type of method boosts statistical power from two

different angles. First, relationships between different

omic measurements and phenotypes of interest are easier

to detect when the predicted instead of the directly

measured omic abundance levels are used. For example,

for most genes in MESA, the correlation between the

directly measured abundance levels of protein and gene

expression is positive but close to zero (Figure S36), but

the correlation between the predicted abundance levels is

much stronger (Figure S37). Using predictive models is

thus advantageous for studying biological traits with

complex relationships whose variation originates from

multiple sources, such as the gene expression samples

and protein samples in our study, where, in the MESA

data, the former is collected from PBMCs, while the latter

is collected fromwhole blood and secreted from various or-

gans. This imputation-based approach improves statistical

power in the same spirit as existing works that utilize pre-

dictive models to mitigate noise in multi-omic data, where

the protein-gene expression associations are weak in the

raw measurements but more pronounced after noise is

reduced by the predictive models.75,76

A second advantage of imputation-based approaches in

association studies is the utilization of GWAS with large

sample sizes. The limited sample size of MESA makes it

difficult to detect associations between variables of inter-

est. The overall weak protein-gene expression correlations

in MESA are partly attributable to the small sample size, as

there are only 699 samples with protein, gene expression,

and lipid measurements. However, when we used the

MESA samples to train predictive models and applied

them to summary statistics from a large GWAS such as

the GLGC—which, in the version used in our study, con-

tains 188,577 individuals16—the associations between

omics and phenotypes became magnified and more

noticeable. We note that the statistical power could be
n Genetics and Genomics Advances 6, 100383, January 9, 2025 9



improved further by incorporating more recent GWAS

results with an even larger sample size.9 We leave this for

future work.

One limitation of our study is the artifacts of the protein

level measurement platform in the PWAS results. The

proteomic data are collected using SomaScan, which is

an aptamer-based protein-binding assay. It has been

known that this platform is known to have cross-activity

for protein isoforms.42,77–79 It is possible that a missense

SNP alters the isoform of protein and changes its affinity

with the binding aptamers without changing the protein

abundance. This could lead to inaccurate association

and contribute to the inconsistent association patterns

between PWAS and TWAS.

Another limitation of our analyses is that not all con-

founders of omic or lipid levels might have been accounted

for. Blood lipids in GWAS can come from a variety of sour-

ces, and there could be factors that are correlated with

omic levels but are not included in the study. Similarly,

for training the omic prediction models, although we

computed the surrogate values to adjust for unobserved

factors that are relevant to the analysis, there could still

be factors that are not reflected by the surrogate values

and other covariates in the model, such as those related

to the collection, processing, and storage of blood or

plasma, as well as machine artifacts. Furthermore, the

set of covariates included in the GWAS might not be

the same as those that are adjusted for in the omic

prediction models. These potential issues with the covari-

ates and unobserved factors may cause suboptimal accu-

racy or efficiency in the imputation-based PWAS and

TWAS results.

A limitation of our tissue-specific GTEx-based TWAS

for lipids is the high number of missing gene-tissue pairs

due to their absence in the GTEx data. Imputation

methods can be applied to these gene-tissue pairs, so that

the missing signed p values of the tissue-specific gene

expression-lipid associations could be imputed, which

could provide more insight into the connection between

the lipid PWAS and the lipid TWAS.

In addition, for training the omic prediction models,

samples from all ancestry groups were used to gain power,

but in GLGC,most samples are European. This discrepancy

in study populations could cause inaccuracy in the anal-

ysis.80–82 A multi-ethnic omic dataset with a larger sample

size than MESA will facilitate the training of ancestry-spe-

cific, high-power prediction models, and lipid GWAS with

more diverse samples will make imputation-based lipid

PWAS and lipid TWAS findings more applicable to individ-

uals from non-European populations.32,83
Data and code availability

TheMESA data are provided by the TOPMed program (https://www.

nhlbi.nih.gov/science/trans-omics-precision-medicine-topmed-

program). The GLGC GWAS results are available at https://csg.sph.
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github.com/hakyimlab/MetaXcan.
Acknowledgments

This research was supported by NIH grant R01HL142023. Whole-

genome sequencing (WGS) for the TOPMed programwas supported

by the National Heart, Lung, and Blood Institute (NHLBI). WGS for

‘‘NHLBI TOPMed: Multi-Ethnic Study of Atherosclerosis (MESA)’’

(phs001416.v1.p1) was performed at the Broad Institute of MIT

and Harvard (3U54HG003067-13S1). Centralized read mapping

and genotype calling, along with variant quality metrics and

filtering were provided by the TOPMed Informatics Research

Center (3R01HL-117626-02S1). Phenotype harmonization, data

management, sample-identity quality control, and general study

coordination were provided by the TOPMed Data Coordinating

Center (3R01HL-120393-02S1) and TOPMed MESA Multi-Omics

(HHSN2682015000031/HSN26800004). The MESA projects are

conducted and supported by NHLBI in collaboration with MESA

investigators. Support for the MESA projects are conducted and

supported by NHLBI in collaboration with MESA investigators.

Support for MESA is provided by contracts 75N92020D00001,

HHSN268201500003I, N01-HC-95159, 75N92020D00005, N01-

HC-95160, 75N92020D00002, N01-HC-95161, 75N92020D00003,

N01-HC-95162, 75N92020D00006, N01-HC-95163, 75N92020

D00004, N01-HC-95164, 75N92020D00007, N01-HC-95165,

N01-HC-95166, N01-HC-95167, N01-HC-95168, N01-HC-95169,

UL1-TR-000040, UL1-TR-001079, UL1-TR-001420, UL1TR001881,

DK063491, and R01HL105756. The authors thank the other inves-

tigators, the staff, and the participants of the MESA study for their

valuable contributions. A full list of participating MESA investiga-

tors and institutes can be found at http://www.mesa-nhlbi.org.

S.L. is supported by by the Brain Pool Plus Program through the

National Research Foundation of Korea, funded by the Ministry of

Science and ICT (2020H1D3A2A03100666). G.M.P. is supported

byNIH grants R01HL142711 andR01HL127564. The authors thank

Hae Kyung Im and Alvaro Barbeira for their help with using

SPrediXcan.
Author contributions

This study was conceived of and led by L.S., X.Z, S.L. D.Z.

implemented developed the data processing pipeline, imple-

mented the experiments, and led data analyses with input from

L.S., X.Z., S.L. B.G., Q.F. helped with data analyses. The MESA

Multi-Omics project was led by S.S.R, J.I.R., with contributions

from A.M., G.M.P., R.P.T., P.D., K.D.T., Y.L., W.C.J., S.G., N.G.,

J.D.S., F.A., K.G.A., T.W.B., R.E.G. The paper was written by D.Z.,

L.S., X.Z., S.L. with feedback from the other co-authors.
Declaration of interests

The authors declare no competing interests.
Supplemental information

Supplemental information can be found online at https://doi.org/

10.1016/j.xhgg.2024.100383.
025

https://www.nhlbi.nih.gov/science/trans-omics-precision-medicine-topmed-program
https://www.nhlbi.nih.gov/science/trans-omics-precision-medicine-topmed-program
https://www.nhlbi.nih.gov/science/trans-omics-precision-medicine-topmed-program
https://csg.sph.umich.edu/willer/public/lipids2013/
https://csg.sph.umich.edu/willer/public/lipids2013/
https://predictdb.org/post/2021/07/21/gtex-v8-models-on-eqtl-and-sqtl/
https://predictdb.org/post/2021/07/21/gtex-v8-models-on-eqtl-and-sqtl/
https://github.com/hakyimlab/PredictDBPipeline
https://github.com/hakyimlab/PredictDBPipeline
https://github.com/hakyimlab/MetaXcan
https://github.com/hakyimlab/MetaXcan
http://www.mesa-nhlbi.org
https://doi.org/10.1016/j.xhgg.2024.100383
https://doi.org/10.1016/j.xhgg.2024.100383


Web resources

TOPMed program: https://www.nhlbi.nih.gov/science/trans-omics-

precision-medicine-topmed-program.

GLGC GWAS results: https://csg.sph.umich.edu/willer/public/

lipids2013.

GTEx TWAS prediction models: https://predictdb.org/post/2021/

07/21/gtex-v8-models-on-eqtl-and-sqtl/.

PredictDBPipeline: https://github.com/hakyimlab/PredictDBPipeline.

SprediXcan: https://github.com/hakyimlab/MetaXcan.

Received: August 21, 2023

Accepted: November 8, 2024
References

1. Pilia, G., Chen, W.M., Scuteri, A., Orrú, M., Albai, G., Dei, M.,
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