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Abstract

To complete the genome-to-phenome map, transcriptome-wide association studies (TWAS) are performed to correlate genetically
predicted gene expression with observed phenotypic measurements. However, the relatively small training population assayed with
gene expression could limit the accuracy of TWAS. We propose genetic score omics regression (GSOR) correlating observed gene
expression with genetically predicted phenotype, i.e. estimated breeding values (EBVs) in agriculture or polygenic score (PGS) in
medicine. The score, calculated using variants near genes with assayed expression (cis-EBV or cis-PGS), provides a powerful
association test between cis-effects on gene expression and the trait. In simulated and real data, GSOR outperforms TWAS in
detecting causal/informative genes. We applied GSOR to transcriptomes of 16 tissues (N ~5,000) and 37 traits in ~120,000 cattle and
conducted multitrait meta-analyses of omics-associations (MTAQ). We found that, on average, each significant gene expression and
splicing mediates cis-genetic effects on 8-10 traits. Many prioritized genes by GSOR and MTAO can be verified by Mendelian
randomization analysis and show significantly reduced dN/dS, suggesting elevated evolutionary constraint for these genes. Using
multiple methods, we detect expression levels of genes and/or RNA splicing events underlying previously thought single-gene loci to
influence multiple traits. For example, the expression and RNA splicing of DGAT1 from multiple tissues regulated milk production,
mastitis, gestation length, temperament, and stature. Also, gene expression and splicing of ABO (Histo-blood group) and ACHE
(acetylcholinesterase, Cartwright blood group) affected protein concentration and mastitis, respectively. Taken together, our work
provides new methods and biological insights for prioritizing informative omics-phenotype associations in mammals.

Significance Statement

While genome-wide association studies identify many links between DNA variants and complex traits, the genes, cells, or tissues via
which DNA variants act are largely unknown, especially in nonhuman species. We developed a method called genetic score omics
regression (GSOR) which associates assayed gene expression with genetic score, i.e. predicted phenotype using large reference pop-
ulations. We also extended GSOR to multitrait analyses and applied it to datasets consisting of >110,000 cattle with 37 complex traits
and transcriptome data of ~5,000 cattle across 16 tissues. Through simulations and validations using causal inferences with real data,
GSOR showed competitive performance over traditional methods. Combining GSOR with other analyses identified novel putative
regulatory mechanisms behind cattle complex traits and mammalian evolution.

Introduction associated variant. Since most associations involve noncoding
Genome-wide association studies (GWAS) test millions of genome genetic variants, gene regulation is expected to mediate the ef-
variants, such as single nucleotide polymorphisms (SNPs), for as- fects of many QTL. While this can be investigated by associating
sociation with quantitative traits. Significant associations map a gene expression with complex traits, the two measurements are
quantitative trait locus (QTL) to a genomic region tracked by the not always on the same individuals, and this prevents the direct
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association analysis. However, it is possible to find a genetic asso-
ciation between predicted gene expression and complex traits
where the prediction of gene expression is made from SNP geno-
types in the individuals with complex trait phenotypes, and the
prediction equation is trained in other individuals with SNP geno-
types and gene expression measurements. This is commonly re-
ferred to as a transcriptome-wide association study (TWAS) (1, 2).

The power of TWAS is determined by the accuracy of predicting
gene expression from SNP genotypes and by the proportion of
phenotypic variance explained by the expression of a single gene.
Most datasets with gene expression measurements are not large,
and the prediction of gene expression is often limited to cis-eQTL
because trans effects are small and so hard to estimate accurately.
Also, given the polygenicity of most complex traits, the predicted
expression based on cis-eQTL of a single gene is likely to explain
only a small proportion of the variance of a complex trait.

In this study, we propose an alternative approach to estimating
the genetic association between gene expression and complex
traits which we call genetic score omics regression (GSOR). The
datasets with complex trait measurements and SNP genotypes
are often very large and can be used to train a prediction equation
that predicts complex trait genetic values from SNP genotypes.
The predictionis called estimated breeding value (EBV) in animals
and plants or a polygenic score (PGS) in humans (3). Then, this pre-
diction equation can be applied to individuals with actual gene ex-
pression measurements to correlate gene expression with EBV or
PGS. Potentially, GSOR has two advantages over traditional TWAS.
Firstly, the prediction of EBV/PGS should be more accurate be-
cause it is trained on a much larger dataset than the prediction
of gene expression. Secondly, the part of the EBV/PGS due to ef-
fects of SNPs close to the gene, i.e. the local or cis EBV (4, 5)/PGS,
can be calculated and correlated with gene expression. These
SNPs are also those responsible for cis-eQTL, so the test for a cor-
relation between cis effects on gene expression and complex trait
EBV is more powerful than in TWAS. The above description of
GSOR assumed the use of gene expression measurements, but it
could be applied to any omics phenotype. Here, we use gene ex-
pression together with RNA splicing.

GWAS are often followed by a meta-analysis of the effect (beta
and SD or SE) of variants. Where GWAS summary statistics are
available for several traits, a multitrait meta-analysis of GWAS
can be used to identify variants affecting multiple traits (6), i.e.
pleiotropy. Similarly, TWAS or GSOR also produces association
summary statistics between gene expression and multiple pheno-
types. Therefore, a multitrait meta-analysis can also be applied to
such summary data to investigate the pleiotropic effects medi-
ated by regulatory mechanisms.

Understanding causal mechanisms behind QTL is important but
challenging. In humans, large-scale GWAS of both conventional
and molecular phenotypes, such as gene expression (7) and RNA
splicing (8), improved the understanding of QTL causal effects. In
animals, only a few causal QTL are identified, and one of the most
extraordinary QTL is a mutation in the gene for diacylglycerol
O-acyltransferase 1 (DGAT1) in cattle. This single QTL explains 30-
40% of the phenotypic variance of milk production traits (9, 10).
While this QTL was previously identified to be caused by a protein-
coding mutation (9, 11, 12), more recent studies indicated regulatory
effects (10, 13), possibly due to multiple causal mutations. The new
CattleGTEx (14) and the FAANG consortium (15) provide opportun-
ities to explore the causal regulatory mechanisms behind this QTL.

A complication with the interpretation of GWAS and TWAS re-
sults is caused by linkage disequilibrium (LD). One SNP may be as-
sociated with the expression of a gene and with a complex trait

because of LD between this SNP and both a QTL for the trait and
an eQTL for gene expression. However, if all SNPs that affect the
expression of the gene have a proportional effect on the complex
trait, then this is evidence that the gene expression causes vari-
ation in the complex trait. This is the logic of Mendelian random-
ization as implemented in summary-data-based Mendelian
randomization (SMR) (16), which we use here to validate our re-
sults and explore causality. In addition, genes with important
functions in mammals may have undergone purifying selection
or are under evolutionary constraints across species. In this paper,
we also investigate whether prioritized putatively causal genes
show evidence of purifying selection.

We developed and applied GSOR, an association-based test, to
transcriptomes from 16 tissues from ~5,000 cattle and 37 complex
phenotypes from 113,000 cattle to dissect the genetic effects on
complex traits mediated by the transcriptome. We propose a
meta-analysis to quantify the pleiotropic effects of regulatory
loci. After association analyses using GSOR, we then use
Mendelian randomization and the ratio of nonsynonymous sub-
stitution (dN) to synonymous substitution rates (dS) (17) to verify
these effects and combine GSOR and SMR to dissect regulatory
mechanisms behind complex traits. We show that blood group
genes ABO and ACHE (Cartwright blood group) mediate regulatory
effects on protein concentration and mastitis via expression and
splicing, supporting conserved and widespread regulatory effects
on mammalian complex traits.

Results

Genetic score omics regression

Itis more likely for a population with phenotypic records to have a
larger sample size than a population with omics datasets, such as
gene expression and RNA splicing. Therefore, we developed GSOR
which is an association test to estimate the effects (b) of omics fea-
tures (Q) on a complex phenotype leading to an EBV or PGS, gp
(Fig. 1). We also illustrate the equivalence of the effective testing
of associations between TWAS and GSOR in Note S1. However,
the advantage of GSOR is the computation of local or cis-EBV/
PGS using larger training data (see details below and Brief
Methods). The basic form of GSOR is:

mes = chis +e
Opys = Pbtrans + € (1-3)
Piotal = thOtal +e

The response variable is the EBV or PGS for a complex trait (gp)
estimated using either genetic variants close (+1 Mb of transcrip-
tion start site [TSS]) to a gene (gp,,) or all other genetic variants
(9P, ), OF 1s the total EBV/PGS gp, ., = Jp,, + Gy, - Accordingly, bes,
Derans, and byorar is the coefficient of regression of gp,, Jp,..,, and
Jp...1» ON the gene expression or splicing value. Q is an nx 1 vector
of omics values, such as gene expression or RNA splicing corrected
for other fixed effects, such as breed, sex, and experiments. GSOR
allows the fitting of random effects of a relationship matrix to con-
trol for population structures or confounding factors. GSOR is free-
ly available at https:/github.com/rxiangr/GSOR-and-MTAO.git.

To compare GSOR with the conventional TWAS, we analyzed si-
mulated and real data of 113,000 cattle with 16M sequence genotypes
and 37 complex trait phenotypes and 945 cattle with 6M sequence
genotypes and gene expression in blood (see Brief Methods). To
match the implementation of GSOR, TWAS was also conducted using
linear mixed models where gene expression predictors were trained
by jointly fitting two genomic relationship matrices (GRMs) built
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using cis and trans variants. The predicted gene expression was then
correlated with the complex trait phenotypes.

Using real bovine genotype data (N=102K) and ARS-UCD1.2
genome coordinates, we simulated causal cis and trans eQTL for
16,600 genes and created five scenarios of nulls where causal
eQTL and causal QTL did not overlap and five alternative scen-
arios where causal eQTL and causal QTL did overlap (see Brief
Methods). Using receiver operating characteristic (ROC) analysis
of results, we showed that GSOR outperformed TWAS in detecting
causal genes based on cis-predicted gene expression (Fig. 2a and b)
and cis + trans-predicted gene expression (Fig. S1a and b, Table S2).
In the current simulation framework, neither GSOR nor TWAS
had the power to detect causal genes based on trans-predicted
gene expression (Fig. Slc and d, Table S2).

We next compared the results of GSOR and TWAS by analyzing
real blood gene expression data and 37 traits of 113,000 bulls and
cows (Table S1). If the increased expression of a gene causes a
change in a complex trait, we expect the direction of that change
to be the same for both cis and trans effects on gene expression. In
other words, the direction of the association between the genetic
component of the gene expression and the phenotype should be
independent of how the expression is predicted. Using simulated
data, we show that this was true for most genes that were signifi-
cantly associated with phenotypes (Fig. S2). We observed that, in
both sexes across 37 traits, the agreement of the direction of cis
and trans effects and the correlation of effects between them
was higher in GSOR than in TWAS (Fig. 2c and d). In addition,
we estimated the x; value (lower bound on the proportion of truly
alternative features (18), commonly used to indicate the propor-
tion of replicated associations between different analyses (7, 14))
for results of GSOR and TWAS. We observed relatively higher z;
for GSOR than TWAS when replicating the gene expression-
phenotype between cis- and trans-predicted § (Fig. S3a), although
for both GSOR and TWAS, =; between cis- and trans-predicted §
was low. We also replicated the gene expression-phenotype asso-
ciation between bulls and cows, where we observed a much higher
71 for GSOR than TWAS using cis-predicted § (Fig. S3b). Overall,
our results support the conclusion that GSOR has advantages
over conventional TWAS in detecting genes whose expression is
causally associated with complex traits.

To test whether the assumption of GSOR is influenced by the
causal direction, we performed additional simulations where besides
SNPs causing gene expression levels, gene expression causes pheno-
types. The analyses of these simulated data showed that GSOR is at
least as powerful as TWAS (Fig. S4). In the cis + trans analysis, GSOR
performed slightly better than TWAS with suggestive significance
(P=0.09; Fig. S4). Therefore, these results support that the assump-
tion of GSOR holds when the direction of causality is specified. One
of the most popular models for conducting TWAS is PrediXcan (2)
which implemented an elastic net model (ELnet) to train and predict
cis-gene expression rather than using genomic best linear unbiased
prediction (gBLUP). By the analysis of simulated data, we found
that cis-GSOR outperformed cis-TWAS-ELnet (Fig. S5). We also
counted the number of causal genes detected by GSOR,
cis-TWAS-gBLUP and cis-TWAS-ELnet and we found that GSOR
detected the highest proportion of causal genes, and the performan-
ces between cis-TWAS-gBLUP and cis-TWAS-ELnet were not signifi-
cantly different (Table S3).

Multitrait meta-analysis of omics-associations

We applied GSOR to transcriptome data (gene expression and RNA
splicing) of 16 tissues, combining newly generated data with data

from CattleGTEx VO (14) with a sample size >100 (Table S4) and gp
of 37 cow traits (see Brief Methods). Summary statistics of GSOR
on gene expression and RNA splicing from 16 tissues across 37 traits
of 103K cows are publicly available at https:/fgshare.com/s/
c10ffab5abf329b1318f. The average genomic inflation lambda of
GSOR analyses across tissues and traits is 1.09 (SD=0.27; Fig. S6).
To gain novel insights from vast summary statistics from GSOR,
we introduce a multitrait meta-analysis of omics-associations
(MTAO) to quantify the extent of cis-plelotropy mediated by omics.
MTAOQ estimates two statistics for each omics feature (including
gene expression or splicing events) from each tissue: (i) the number
of traits affected (Npeio) and (ii) the magnitude of multitrait effects
(Mpieio). The estimation of Npe, adopted the method from Jordan
et al. (19) with increased rigor of significance testing (see Brief
Methods). The estimation of M, models the x? distribution of
signed t-values of each omic feature along with the correlation ma-
trix of t-values across 37 traits to approximate the error covariance
matrix (see Brief Methods). The R implementation of MTAO is pub-
licly available at https:/github.com/rxiangr/GSOR-and-MTAO/
blob/main/README_MTAO.md. MTAO revealed that gene expres-
sion and RNA splicing mediate widespread cis-pleiotropic effects
on complex traits (Fig. 3a and b). Across 16 tissues and 37 traits
based on 3,612 (SD = 1,037) significant genes (Table S3), on average,
the gene expression mediated cis-pleiotropic effects on 9.7 traits
(ranging from 8 to 13) with an average magnitude of 9.8 (ranging
from 9 to 13). Based on 23,477 (SD=10,633) significant introns
(Table S5), on average, splicing of an intron mediated cis-pleiotropic
effects on 8.4 traits (ranging from 8 to 11) with an average magni-
tude of 9.1 (ranging from 9 to 12; Fig. 3c and d).

MTAO, Mendelian randomization, and selection
The association between expression and splicing with traits could
be due to LD between eQTL or sQTL and QTL for complex traits. To
test whether variation in gene expression or splicing causes vari-
ation in complex traits, we conducted the SMR in combination
with the heterogeneity in dependent instruments (HEIDISs) (16)
test based on cis-eQTL and sQTL mapped from 16 tissues and
GWAS of 37 traits (20, 21) (see Brief Methods). Where results of
SMR are available for multiple traits for a gene or an intron that
passed the HEIDI test, we also used a multitrait meta-analysis to
combine SMR results across traits to identify genes or splicing
events causing variation in more than one trait (see Brief
Methods). Then, we compared the genes/spliced introns priori-
tized by MTAO and by multitrait SMR to check the extent of over-
lap (Fig. 4a, Table S6). Fisher’s exact tests show that the overlap of
prioritized genes/spliced introns between MTAO and SMR is on
average 2.4 times more than expected by random chance and is
significant in most tissues (Fig. 4a). In addition, we also analyzed
the pathway enrichment for genes detected by GSOR and SMR.
We found that genes detected by both GSOR and SMR had more
significantly enriched pathways than SMR alone (Fig. S7, Tables
S7 and S8).

In addition, based on 1-to-1 orthology, we compared the dN/dS
ratios of genes prioritized by MTAQO between cattle and other spe-
cies, including humans, mice, and Bos taurus indicus which is a sub-
species closely related to B. taurus taurus cattle (Fig. 4b). When
comparing cattle and other species, MTAO-prioritized genes
showed significantly reduced dN/dS ratios than random genes.

Exploring trait-relevant tissues

We next used results obtained from GSOR and SMR together to
rank tissues according to their relationship with each trait.

GZ0Z J8qWIBAON tZ Uo Jasn auinogisiy 1o Ausieaiun Aq £401.818/80z1ebd/, /y/81onue/snxauseud;woo dno-oiwepese//:sdiy woll papeojumod


http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
https://figshare.com/s/c10ffab5abf329b1318f
https://figshare.com/s/c10ffab5abf329b1318f
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
https://github.com/rxiangr/GSOR-and-MTAO/blob/main/README_MTAO.md
https://github.com/rxiangr/GSOR-and-MTAO/blob/main/README_MTAO.md
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf208#supplementary-data

4 | PNAS Nexus, 2025, Vol. 4, No. 7

| Data with SNPs and phenotypes

Data with SNPs and omics, but no phenotypes
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Fig. 1. Graphic illustration of the workflow of GSOR. The left panel illustrates the dataset with SNPs and phenotypes where the association analysis

(model training) between SNP and phenotypes, e.g. body size, can be conducted. This will deliver effects (models, middle panel) on the body size of each
SNP which can be linked to genes based on their distance to genes. For example, SNPs had +1 Mb to genes were cis. Using such effects, in a new dataset
where there are SNPs and omics but no phenotypes (right panel), one can use cis-SNP effects to compute predicted local EBV (cis-EBV) or PGS (cis-PGS).
Because SNPs are annotated to genes, then one can compute as many profiles of local or cis EBVs/PGSs for body size as the number of genes. As there are
assayed gene expressions in the new dataset, one can associate local or cis EBVs or PGSs with assayed gene expression, which is the last step for GSOR. The
principle applies to trans effects and genome-wide effects as well, where SNPs far from the gene or genome-wide are used for calculation of EBVs or PGSs.

We used a heuristic index that combined results from GSOR, SMR,
and HEIDI with the number of genes and individuals to rank tis-
sues for each trait (see Brief Methods; Fig. 5). Our explorative ana-
lysis shows that blood, milk cells, liver, and uterus had the highest
and most consistent ranking in their connections with the traits
analyzed. The ranking of tissues on average had a low correlation
(Spearman’s rho=0.35) with the sample size, and these correla-
tions were not significant (Table S9).

Regulatory mechanisms underlie previously
thought single-gene loci

For the first time, we provide statistical evidence to support that
gene expression and RNA splicing at DGAT1 regulate many traits
in many tissues, and such regulatory links are not restricted to
milk production traits (Fig. 6a and b). Both MTAO and SMR found
putative phenotypic effects of DGAT1 expression and/or splicing
in blood, liver, mammary gland, milk cells, and uterus (Fig. 6a-
e). DGAT1 expression and splicing affected milk production, mas-
titis (MAS, average correlation with milk production traits Ty =
—0.01), gestation length (Gl, Tk =—0.03), temperament (Temp,
Tmix =—0.04), and stature (Stat, T =0.09). Our results show
that RNA splicing of IGF2 (insulin-like growth factor 2) (22) affects
many traits in tissues of liver and adipose (Fig. S8). Also, the ex-
pression of MGST1 (microsomal glutathione S-transferase 1) (23)
affects milk production traits in milk cells and the hypothalamus
(Fig. S9). In addition, we did not observe regulatory effects from
GHR (growth hormone receptor; Fig. S10) with reported missense
mutations (24) at sites conserved across vertebrates (25).

We identified many new or unannotated loci, including two
blood group genes, ABO (Histo-blood group) and ACHE (acetylcho-
linesterase, Cartwright blood group), affected protein concentra-
tion and mastitis, respectively, via both gene expression and
splicing in blood (Table 1 and Data S1). Also, DCXR (dicarbonyl

and1-xylulose reductase), which plays a significant role in glucose
metabolism and causes human pentosuria (26) is linked to cattle
fat yield via both gene expression and splicing in blood. FLII (FLII
actin remodeling protein) affected cattle gestation length via spli-
cing in milk cells. It is a gene related to embryogenesis in
Drosophila (27). Transcription factor gene TAF9 (TATA-box-binding
protein-associated factor 9) affects cattle milk speed via splicing
in blood.

Discussion

The current study shows that GSOR, an association test, has ad-
vantages over TWAS in finding genes whose expression or splicing
is associated with complex traits. Many methods can be used to
detect the association between gene expression and complex
traits (28-31). There is also a method called mixOmics (32) which
conducts an explorative analysis of multiomics data without in-
corporating genetic information. However, one of the advantages
of GSOR is due to the use of the cis-EBV or cis-PGS, which can be
obtained by training using a large sample size for complex traits.
The ability to calculate a cis-genetic score that is local to the gene
whose expression is being considered leads to a more powerful
test for cis-eQTL or sQTL effects. This is a key difference and ad-
vantage of GSOR compared with TWAS. In many TWAS analyses,
only cis effects were mapped, and we have also attempted to map
trans effects using GSOR which again highlights the difficulty of
such analysis. Future analyses using large sample sizes may im-
prove the mapping of trans-acting genes.

TWAS uses the phenotype as the dependent variable and the
predicted gene expression as an explanatory variable, while
GSOR uses the predicted trait as an independent variable and
uses the measured gene expression as a dependent variable.
Both GSOR and TWAS are simply testing the null hypothesis
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Fig. 2. Comparison of results between GSOR and TWAS using simulations and real data. ROC analysis of results from GSOR and TWAS using simulated
data are shown in (a) and (b), respectively. Ten scenarios were simulated with varying heritability (hsq) of traits. Five traits were simulated under the null
(Null) where no causal eQTL overlapped with causal QTL and another five traits were simulated under the alternative (Alt) scenarios where causal eQTL
overlapped with causal QTL for >1,000 genes. A comparison of results from real data is shown as violin plots in (c) and (d). In bull and cow datasets, the
agreement of gene expression-phenotype association between cis- and trans-predicted values were compared. The comparison was based on the

proportion of genes with the same sign (c) or correlation of effects (d), between cis- and trans-predicted values for 37 traits in each sex. TPR, true positive

rate; FPR, false-positive rate.

that there are no genetic associations. Therefore, the interpret-
ation of the results from GSOR is the same as TWAS: they both
find a genetic association, between two traits, i.e. gene expression
and GWAS trait, without implying causation. In TWAS, itis a gen-
etic prediction of gene expression and phenotype of the trait.
Since the individuals are different, the only covariance is genetic.
In GSOR, the logic is the same. The cis-EBV or cis-PGS for the trait is
based on SNPs, and the only covariance with expression in differ-
entindividuals must be genetic. GSOR is determined by the accur-
acy of predicted phenotypes. TWAS is determined by the accuracy
of predicted gene expression. We have shown that regardless of
the use of GSOR or TWAS, traits with higher heritability, which
are more genetically predictable, have more accurate outcomes
in detecting associations (Figs. 1 and S1).

Applying GSOR and MTAO to the large dataset with transcrip-
tomes and complex traits in cattle, we identified widespread genet-
ic regulatory effects on complex traits, i.e. cis-pleiotropic effects,
mediated by the transcriptome. We show that on average, each
gene expression and splicing event mediates cis-genetic effects on
10 and eight traits, respectively, and this is comparable with our

previous work where on average each variant affects 10 traits
(33). This suggests that the genetic effects mediated by cis-
regulatory mechanisms on complex traits are prevalent. Using a
multitrait meta-analysis of SMR (16), a different approach to detect
putative causal relationships between omics features and traits, we
validate the results of MTAO. Also, we found that MTAO-prioritized
genes show significantly stronger purifying selection than random
genes, supporting that these genes have important functions in
cattle and other mammals. These pieces of evidence support that
MTAO can be used to identify omics features, i.e. regulatory ele-
ments, of high importance to complex traits. Apart from gene ex-
pression and splicing, there are many other types of quantitative
omics features such as the height of ChIP-seq peaks (34) and
allele-specific imbalance (25) which can also be analyzed by
MTAO. Moreover, MTAO is summary data based; hence, it can be
applied to any results from GSOR or conventional TWAS, as long
as there are beta and standard error estimates for the association
between the omics feature and the phenotype. Therefore, we ex-
pect MTAO to have an important place in future large-scale meta-
analyses of different GSOR or TWAS studies in mammalian species.
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Fig. 3. Gene expression and RNA splicing mediated cis pleiotropy. The average number of traits (N) associated with a gene expression (a) and the average
magnitude (M) of pleiotropy with a gene expression (b); and the average N associated with a splicing event (c) and the average M of pleiotropy with a
splicing event (d) are shown across 16 tissues. The numbers under each plot are the average values of N and M per tissue. The numbers in brackets are the

sample size of each tissue.

We combined the results from the GSOR and SMR to prioritize
tissues related to different phenotypes. The significant agree-
ment between GSOR and SMR which is a single-cis-eQTL form
for TWAS (16), also supports the robustness of our results.
Across different traits, blood, milk cells, liver, and uterus were
the most informative tissues for traits analyzed. Blood is one of
the most common tissues/cell types sampled for omics studies
due to its easy access. Milk cells can also be relatively easily ac-
cessed in dairy cattle (35). Although we have adjusted the ana-
lysis according to the sample size of each tissue, the tissue
prioritization might still have some biases towards those with
larger sample sizes.

Understanding the causal nature of large-effect QTL provides
opportunities for treatments. Here, we used results from MTAO
and SMR to dissect the regulatory effects of some major cattle
loci, including DGAT1. A protein-coding mutation in DGATI was
previously identified as the cause of this QTL’s effect on milk pro-
duction traits, but there has been speculation that there are mul-
tiple causal variants in this region of the genome (12, 13). Our
results, for the first time, show a correlation between DGAT1 ex-
pression and splicing and numerous traits. DGAT1 expression in
blood, liver, mammary gland, pituitary, milk cells, and rumen
was correlated with milk and nonmilk traits. This agrees with
the pleiotropy model that we previously proposed (36) which is
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that QTL with a large effect on one trait is likely to have small ef-
fects on other uncorrelated traits. For example, previously we
identified pleiotropic effects of DGAT1 on stature, and the current
studies linked such effects to blood, liver, mammary gland, and
uterus (Fig. 6a). These findings allow us to hypothesize that the
link between DGAT1 and stature may be related to the biological
pathways of milk production, fat metabolism, and musculoskel-
etal growth in early development. Future wet lab experiments to
validate this hypothesis are needed. We did not observe any sig-
nificant regulatory associations at GHR with cattle traits.
Previously, protein-coding variants at GHR were found to be

associated with cattle traits (24). Therefore, our work is in line
with the evidence that QTL at GHR alters growth performances
by changing protein coding rather than being regulatory.

In addition to DGATI, the expression and splicing of four other
genes (ZNF34,IQANK1, LYNX1, and SPAG1) close to DGAT1 were corre-
lated with complex traits. Similar results were observed for other loci
like MGST1, MUC1, and CSF2RB. This could be because mutations
could affect the regulation of more than one nearby gene, or it could
be that these genes affect dairy traits directly. It has been demon-
strated that multiple causal variants underlie human QTL (37). This
may be the same for many traits of cattle, although we will need
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Fig. 5. Ranking of tissues based on their importance to each trait. For each trait, we estimated the sum of the effects of GSOR and SMR across genes (or
introns) per tissue adjusted by the number of genes and individuals. This sum was used to rank tissues for each trait. The numbers within cells indicate
the tissue ranging from 1 to 16 per trait. The ranking for “All_Traits” is the ranking of tissues averaged across all traits. The numbers in brackets are the

sample size of each tissue.

further experiments to validate this. One potential approach is for
GSOR to include a fine mapping function similar to cTWAS (38) where
predicted genetic components and SNPs are all fitted in one model.
Such an extension to GSOR will be an important future goal.

We also provide statistical evidence for several new loci poten-
tially affecting cattle traits via gene expression regulation, includ-
ingblood group genes (ABO and ACHE). Interestingly, a deletion in
ABO has been causally linked to pig complex traits via regulation

of gut microbes (39) and here we found the regulatory effects of
ABO in the jejunum (Table 1). In cattle, Tiplady et al. (40) showed
a strong association between ABO gene expression and genetic
signals for several milk fourier transform infrared (FTIR) wave-
numbers, with the hypothesis that this was due to changes in
milk oligosaccharide production or composition. However, there
have not been reports regarding the effects of expression and spli-
cing on complex traits linked to ABO or ACHE (Cartwright blood
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a Associations and causal effects of DGATT expression c Mammary DGAT1 expression d Liver DGATT expression
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Fig. 6. Widespread regulatory effects of DGAT1. The heat map of effects of DGAT1 expression (a) and splicing (b) across tissues and traits based on GSOR.
In these heat maps, spades indicate regulatory effects inferred using SMR independent of LD; hearts indicate the regulatory effects confounded by LD
while clubs indicate regulatory effects without testing LD due to not enough SNPs. Dots represent insignificant SMR test and white hyphens indicate no e/
sQTL or QTL could be used for the SMR test. The dendrogram represents the hierarchical clustering of effects. The color scale of heat mapsis based on the
magnitude of t (beta/SE) value of GSOR. c and d) Examples of Mendelian randomization using the expression eQTL and GWAS of fat%. e and f) Examples of
Mendelian randomization using splicing sQTL and GWAS of fat%. 14:608086-609040 indicates the location of the spliced intron in DGAT1. Note thatin c—f,
according to the method (16), the estimate of bxy was at the top cis-eQTL (rather than the regression line).

group). To our knowledge, it is the first study to find DCXR related
to glucose metabolism and FLII related to prenatal development to
have regulatory QTL in cattle.

Several improvements will be implemented in GSOR. First, cur-
rently, we use gBLUP to train the genomic predictor of phenotypes.
Itis known that BayesR provides more accurate predictions at the
cost of high computing resources (41, 42). Therefore, the next step
is to use the more efficient BayesR program, which can analyze
tens of millions of variants in >100K animals, to construct predict-
ive equations of traits. Second, while genomic prediction algo-
rithms that jointly analyze variants are preferred in animals, the
PRS approach leveraging variant effects from GWAS is popular
in humans (3). Therefore, implementing PRS-based genomic pre-
dictors of phenotypes in GSOR will enhance its use in human
data. Third, although we have enabled GSOR to take GRM and/or
genetic PCs to minimize the bias from population structures, a
systematic study of the impact of cross-population prediction of
phenotypes on GSOR is required in the future. A study that quan-
tifies the effect of population structure on the accuracy of predic-
tion of phenotypes and omics data and how these will impact the
analysis of GSOR and TWAS is needed in the future.

In conclusion, we have introduced new methods and meta-
analysis strategies to link omics information and complex traits.
The advantage of GSOR is the use of the cis-EBV or cis-PGS ob-
tained from large datasets with genotypes and phenotypes.
These methods are supported by the analysis of simulated and
real data and by established Mendelian randomization methods
which account for LD. Our methods detected widespread pleio-
tropic effects mediated by multiple regulatory mechanisms and

prioritized many genes and splicing events with widespread
phenotypic effects. Primarily developed in cattle, GSOR and
summary-data-based MTAO can prioritize informative
omics-phenotype associations in any species.

Brief methods

Please see the full methods in the Supplementary Material.

The RNA-seq data include new data from blood samples taken
from 390 lactating cows from two breeds and milk samples from
281 lactating cows from two breeds. The other RNA-seq data
from 15 tissues were obtained from the CattleGTEx website
http://cgtex.roslin.ed.ac.uk/.

The genotype data for Australian animals, including those used
for e/sQTL mapping and association analysis of phenotypes (de-
scribed later), consisted of 16,251,453 sequence variants imputed
using Run7 of the 1000 Bull Genomes Project (43, 44). The details of
the imputation were described previously (20).

Phenotype data were collected by farmers and processed by
DataGene Australia (http:/www.datagene.com.au/) for the offi-
cial May 2020 release of national breeding values. In total, 37 traits
of 8,949 bulls and 103,350 cows, including Holstein (6,8863/
87,0039), Jersey (1,5623/13,3539), cross-breed (3643/5,0379), and
Australian Red (26538/3,3799) dairy breeds, were studied related
to milk production, mastitis, fertility, temperament, and body
conformation, and the details of these traits can be found in
(20). No live animal experimentation was required.

A key feature of GSOR is the use of predicted phenotype value,
ie. genetic score (also called EBV or PGS (45)), from a large
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reference population, as the explanatory variable to be associated
with gene expression levels, splicing events, or other omic fea-
tures. Another key feature of GSOR was the use of variants close
to the gene whose expression is being studied to calculate a local
or cis-EBV/PGS. This would then be correlated with the expression
or splicing of the gene. Note that although the local EBV/PGS was
based on the effects of SNPs near the gene, all SNP effects are
trained jointly (described below), where the total EBV/PGS minus
the cis-EBV/PGS was the trans-EBV/PGS. It is generally recom-
mended to use trait variant prediction models that jointly fit all
variants together, such as gBLUP (46, 47) or BayesR (41, 48).
Here, we considered gBLUP for computational efficiency. We
also compared the analysis of GSOR with conventional TWAS, in-
cluding mixed model-based method, and OSCA (49) and
PrediXcan (2). To compare different methods, we performed ex-
tensive simulations including causal variants for gene expression
and traits and also scenarios where variants causing gene expres-
sion also cause phenotypes. We combined results across traits to
study omics-mediated cis pleiotropy and compared such results
with SMR (50) and related both results to evolutionary constraints
(dN/dS). We also used a heuristic index to explore the tissue rele-
vance for traits. More details of GSOR are described in the “Method
details” in the Supplementary Material.
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