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Abstract
Transcriptome-wide association study (TWAS) is a powerful approach for investigating the molecular mechanisms linking genetic loci to com
plex phenotypes. However, the complexity of the TWAS analytical pipeline, including the construction of gene expression reference panels, 
gene expression prediction, and association analysis using data from genome-wide association studies (GWASs), poses challenges for genetic 
studies in many species. In this study, we provide the Farm Animal Genotype-Tissue Expression (FarmGTEx) TWAS-server, an interactive and 
user-friendly multispecies platform designed to streamline the translation of genetic findings across tissues and species. The server incorpo
rates gene expression data from 49 human tissues (838 individuals), 34 pig tissues (5457 individuals), and 23 cattle tissues (4889 individuals), 
providing prediction models for 38,180 human genes, 21,037 pig genes, and 17,942 cattle genes. It supports genotype-based gene expression 
prediction, GWAS summary statistics imputation, customizable TWAS analysis, functional annotation, and result visualization. Additionally, we 
provide 479,203, 1208, and 657 tissue–gene–trait associations for 1129 human traits, 41 cattle traits, and 11 pig traits, respectively. Utilizing the 
TWAS-server, we validated the association of the ABCD4 gene with pig teat number. Furthermore, we identified that pig backfat thickness may 
share genetic similarities with human diastolic blood pressure, sarcoidosis (L€ofgren syndrome), and body mass index. The FarmGTEx TWAS- 
server offers a comprehensive and accessible platform for researchers to perform TWAS analyses across tissues and species. It is freely avail
able at https://twas.farmgtex.org, with regular updates planned as the FarmGTEx project expands to include more species.
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Introduction
Numerous genetic variations associated with complex diseases 
and traits have been discovered in human and livestock popula
tions by genome-wide association studies (GWASs) [1–4]. 
However, most of these variants are located in non-coding 
regions and exhibit high linkage disequilibrium with other var
iants, making it difficult to elucidate their underlying molecular 
mechanisms. The integration of multi-omics data has advanced 
our understanding of the mechanisms by which non-coding var
iants contribute to complex phenotypes. Among these 
approaches, transcriptome-wide association studies (TWASs) 
have gained widespread use [5]. TWAS involves deriving gene 
expression prediction models from a reference panel of geno
types and gene expression data using regression or 
nonparametric methods. These models are then used to predict 
gene expression levels in individuals from GWAS cohorts based 
on their genotypes. By associating the predicted expression 
levels — representing the genetically regulated component of 
gene expression — with phenotypes of interest, TWAS enables 

the identification of gene–phenotype associations [5]. Various 
TWAS software packages, such as PrediXcan/S-PrediXcan [5], 
FUSION [6], unified test for molecular signatures (UTMOST) 
[7], Mendelian randomization-joint-tissue imputation (MR-JTI) 
[8], Transcriptome-Integrated Genetic Association Resource 
(TIGAR) [9], and Prediction Using Models Informed by 
Chromatin conformations and Epigenomics (PUMICEþ) [10], 
have been developed to facilitate these analyses.

In human genetics, resources such as Genotype-Tissue 
Expression (GTEx) [11] have provided valuable gene expres
sion reference panels across a range of tissues in hundreds of 
individuals. These resources have enabled the systematic in
vestigation of regulatory effects on complex traits and dis
eases through TWAS [12–17]. Furthermore, various web 
servers, including webTWAS [18], TWAS hub [19], and 
TWAS Atlas [20], are available for TWAS analyses and out
put sharing in humans. In contrast, TWAS studies in livestock 
species remain underdeveloped. The Farm Animal Genotype- 
Tissue Expression (FarmGTEx, https://www.farmgtex.org/) 
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project has established a transcriptome reference panel across 
a wide range of tissues in farm animal species, including cat
tle [21] and pigs [22], but the application of TWAS in these 
species remains limited. This gap is partly due to the com
plexity of TWAS analysis, which can be time-consuming and 
challenging for researchers without expertise in bioinformat
ics and statistical genetics. Additionally, the FarmGTEx data
sets currently offer expression quantitative trait loci (eQTLs) 
exclusively trained by the Elastic Net model. While this 
model performs well in human studies, alternative models 
may be more suitable for livestock species. However, training 
eQTL models using multiple methods is computation
ally intensive.

Moreover, cross-species genetic research is crucial for un
derstanding the evolutionary, biological, and genetic mecha
nisms underlying complex traits. Studies have shown that 
orthologous genetic variants can have conserved effects on 
gene expression and complex traits across species, including 
humans and livestock [23–29]. These findings support the 
potential for using polygenic transcriptomic risk scores to 
translate genetic signals across human populations and even 
across species. Furthermore, it has been suggested that live
stock species would make good models for research in human 
biology and medicine. For instance, pigs share similarities 
with humans in body size, organ size, physiology, and anat
omy [30], making it a suitable biological model for drug de
velopment and organ xenotransplantation in human medical 
research [31,32]. Therefore, combining studies in human ge
netics and farm animals will be important for understanding 
the molecular and evolutionary basis of complex phenotypes 
across species.

Herein, we developed the FarmGTEx TWAS-server, a 
user-friendly web server designed to enable TWAS analyses 
across multiple species, including humans, pigs, and cattle. 
The server facilitates cross-species translation of genetic find
ings by integrating three widely used TWAS software pack
ages: S-PrediXcan [5], FUSION [6], and UTMOST [7]. Users 
can easily upload GWAS summary statistics to perform 
TWAS analyses. Additional features include LiftOver, GWAS 
summary statistics imputation, gene set enrichment analysis 
(GSEA), and result visualization. The server also provides 
TWAS summary statistics for various complex traits in 
humans, cattle, and pigs. The FarmGTEx TWAS-server is 
freely accessible at https://twas.farmgtex.org and will be reg
ularly updated to include additional species as the 
FarmGTEx project expands.

Results
Overview of the FarmGTEx TWAS-server
Figure 1 presents an overview of the FarmGTEx TWAS- 
server, while Table 1 outlines the datasets utilized. In sum
mary, the dataset encompasses 34 pig tissues, 23 cattle tis
sues, and 49 human tissues. The human donors 
predominantly are of European ancestry, while the pig and 
cattle samples include individuals from various breeds world
wide. Gene expression prediction models were trained in 
single-tissue and multi-tissue manners based on the gene ex
pression reference panels from the FarmGTEx [21,22] and 
human GTEx [11] projects. The TWAS-server can accept 
GWAS summary statistics and individual genotypes as input, 
generating predicted gene expression and TWAS results as 

output. Users can also compare their TWAS summary statis
tics with those already incorporated into the server.

Prediction models of gene expression
The FarmGTEx TWAS-server provides gene expression pre
diction models for 34, 23, and 49 tissues from pigs, cattle, 
and humans, respectively. Specifically, we offer the S- 
PrediXcan model (using Elastic Net model), FUSION models 
[TOP1, best linear unbiased prediction (BLUP), and Bayesian 
sparse linear mixed model (BSLMM)], and the UTMOST 
model [using cross-tissue gene expression imputation 
(CTIMP) model]. The models required for FUSION and 
UTMOST for pigs and cattle were trained as part of this 
study. These models allow researchers to predict gene expres
sion levels based on genetic data for the respective species 
and tissues. The sample size, the number of genes with signifi
cant eQTLs (eGenes), and the significant variants (eVariants, 
variants associated with at least one gene’s expression) for 
each tissue are summarized in Tables S1–S3. The average 
sample size of each tissue is 184.91, 289.35, and 353.65 for 
pigs, cattle, and humans, respectively. The number of distinct 
eGenes and eVariants used in S-PrediXcan, FUSION, and 
UTMOST are presented in Tables S4 and S5. Figure S1 illus
trates the number of overlapping eGenes and eVariants iden
tified across the three software tools. The average of the 
estimated cis-heritability of the genes and the prediction per
formance of the models [the square of Pearson correlation 
(R2) between the predicted and observed expression in the 
five-fold cross-validation] are presented in Tables S6–S8. 
Figures S2 and S3 highlight the superior accuracy of the 
Elastic Net model in humans, whereas Figure 2 demonstrates 
that BLUP and BSLMM models exhibit a higher accuracy 
than Elastic Net and CTIMP models in pigs and cattle. Figure 
S4 details the impact of varying sample sizes on model accu
racy, with BLUP and BSLMM consistently outperforming 
other models across tissues.

A total of 38,180, 21,037, and 17,942 distinct eGenes are pro
vided for humans, pigs, and cattle, respectively. They represent 
13,780, 13,444, and 13,442 one-to-one orthologous genes in 
humans vs. pigs, humans vs. cattle, and cattle vs. pigs, respec
tively. The comparison of eGenes between species in terms of cis- 
heritability is presented in Tables S9–S11. The correlation of heri
tability estimates ranged from −0.1060 to 0.2300 across tissues 
when comparing humans and pigs. Among these tissues, the 
highest correlation (Pearson r ¼ 0.2300, P ¼ 1.94E−04) was ob
served for 258 shared orthologous genes tested between the hu
man Brain_Anterior_cingulate_cortex_BA24 (n ¼ 176) and pig 
hypothalamus (n ¼ 74), followed by the correlation between the 
human left ventricle (n ¼ 432) and pig heart (n ¼ 165) (Pearson 
r ¼ 0.2041, P ¼ 9.35E−04). A heritability correlation of 0.1377 
(P ¼ 9.98E−07) was found for 1252 orthologous genes exam
ined in human skeletal muscle (n ¼ 803) and pig muscle (n ¼
1322) (Table S9). In contrast, the correlation of heritability esti
mates ranged from −0.0071 to 0.0733 when comparing humans 
and cattle (Table S10).

We also implemented a module capable of computing pre
dicted expression levels based on individual genotype data. 
As an illustration, we employed a dataset comprising 5445 
pigs from three Duroc populations: Herd1, Herd2-sub1, and 
Herd2-sub2 (with Herd2-sub1 and Herd2-sub2 being sub- 
farms of Herd2). These pigs were genotyped using either a 
genotyping chip or whole-genome sequencing (WGS), and 
their genotypes were imputed to the PigGTEx level. Utilizing 
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the TWAS-server, we generated predicted gene expression lev
els and performed principal component analysis (PCA). Figure 
3 shows that Elastic Net, BLUP, and BSLMM can effectively 
discern population structures. Notably, the Herd1 population 
exhibits a more clustered pattern in both BLUP and BSLMM, 
with principal component 1 (PC1) in these models accounting 
for a larger proportion of the explained variance.

GWAS imputation module
The “GWAS imputation” function is provided for imputing 
the GWAS summary statistics to the GTEx sequence level 
[i.e., matching single nucleotide polymorphisms (SNPs) in the 
eQTL mapping reference population] according to the geno
type imputation reference panel from the GTEx projects. 
This improves the power of TWAS analyses, particularly in 
farm animals where GWAS analyses are often conducted us
ing low-density or high-density SNP arrays. The WGS data 
from PigGTEx [22] comprising 1602 samples with 
42,523,218 variants [pig genomics reference panel (PGRP)] 
constitute the pig genotype imputation panel. The RNA se
quencing (RNA-seq) data from CattleGTEx [21] were used 
to generate the 7394 samples with 3,824,445 variants that 
constitute the cattle genotype imputation panel. Additionally, 
the WGS data from animal genotype imputation database 
(AGIDB) [33,34], comprising 983 individuals with 
12,842,237 single nucleotide variants (SNVs) after filtering, 

and from bovine genome variation database (BGVD) [35,36], 
comprising 2976 individuals with 17,149,833 SNVs after fil
tering, were collected as the reference panels for genotype im
putation in cattle. The human genotype imputation reference 
panel comprises 500 Europeans with 27,731,499 variants. 
Users can perform harmonization, format standardization, 
missing data imputation, five-fold cross-validation, and result 
visualization in the GWAS imputation module. The “GWAS 
imputation” module consists of two essential steps. In Step 1, 
users provide their email address, which serves as the recipi
ent for the result link sent by the server (as depicted in Figure 
4A). Additionally, users select the species and genome assem
bly version. If the genome reference version differs from those 
used in FarmGTEx or GTEx (such as GRCh38/hg38, 
Sscrofa11.1/susScr11, or ARS-UCD1.2/bosTau9), the server 
will automatically perform a LiftOver to align the data. Users 
also have the option to choose between two imputation soft
ware: summary-gwas-imputation [37] and direct imputation 
of summary statistics (DIST) [38]. Moving on to Step 2, users 
upload their files to the server in a compressed format (.gz), 
and the server extracts the file header. In this step, users must 
assign names to each column, ensuring proper data organiza
tion and interpretation (Figure 4A). The server provides 
downloadable publication-quality figures (Figure 4B) along 
with text results. Furthermore, the five-fold cross-validation 
based on the longest chromosome will be used to output the 

Figure 1 Overview of the FarmGTEx TWAS-server 
The FarmGTEx TWAS-server (https://twas.farmgtex.org) workflow is shown. The “Reference panel”section represents the gene expression and genotype 
data used for building the gene expression prediction model. The “Prediction model” section shows the number of expressed genes used in the 
corresponding software for each species. The colored boxes in the “User input” section correspond to their respective “Output” results, maintaining 
consistency in the visual representation. The label on the line connecting the “User input” and “FarmGTEx TWAS-server backend analysis” indicates the 
corresponding module name. The arrows point to the software or dataset employed. The TWAS-server accepts various input types: GWAS summary 
statistics (in blue), individual genotype/phenotype data (in green), gene names/IDs (in cyan), trait names (in orange), and TWAS summary statistics (in red). 
The corresponding outputs include TWAS results (in blue), predicted gene expression levels (in green), traits associated with genes (in cyan), genes 
associated with traits (in orange), and correlated traits across species based on the TWAS summary statistics (in red). GWAS, genome-wide association 
study; TWAS, transcriptome-wide association study; FarmGTEx, Farm Animal Genotype-Tissue Expression; DIST, direct imputation of summary statistics.
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imputation accuracy of the GWAS summary statis
tics (Figure 4B).

In this study, we evaluated the imputation accuracy using 
our GWAS data through ten replicates of a five-fold cross- 
validation approach. In each iteration, one-fifth of chromo
some 1 was masked, ensuring no overlap between iterations. 
Pearson correlation coefficient was then calculated between 
the masked z-scores and the imputed z-scores. The imputa
tion accuracy was approximately 80% for cattle milk traits 
and ranged from 80% to 90% for pig production traits 
(Figure S5).

Online TWAS module
The TWAS module is the central component of the 
FarmGTEx TWAS-server, enabling users to perform TWAS 
analysis across species (humans, pigs, and cattle) by upload
ing GWAS summary data. Additional livestock animals, such 
as chickens, sheep, and goats, will be included in future 
releases, as the FarmGTEx project is also working on these 
species. Users must upload the GWAS summary data file in 
Step 1 and select the column names in Step 2 (Figure 5A), 
similar to the GWAS imputation module. Users can select 
whether to perform GWAS imputation under “Mode” in 
Step 1. It will impute the genetic variants involved in the gene 
expression prediction models (Table S5). Users can choose 
from various software packages, such as MetaXcan 
(S-PrediXcan) [5], FUSION [6], and UTMOST [7], to per
form TWAS analysis. To enhance the performance of 
FUSION, we modified the code and allowed it to run TWAS in 
parallel. For UTMOST, we first used S-PrediXcan for the 

single-tissue TWAS with the CTIMP prediction model, follow
ing which we performed a joint Generalized Berk-Jones test for 
all the TWAS summary statistics. Users can select multiple tis
sues for the TWAS analysis (up to 49, 34, and 23 tissues for 
humans, pigs, and cattle, respectively) in Step 2 and specify the 
cut-off P value (default is 0.05), with statistical significance set 
at 0.05/n (where n is the number of genes being tested). The 
TWAS module will perform the following seven steps on sub
mission: (1) quality control, (2) LiftOver, (3) GWAS imputa
tion, (4) TWAS analysis, (5) Manhattan plot illustration, (6) 
GSEA for Gene Ontology (GO) and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) enrichment analyses of genes, 
and (7) result visualization. Upon completion of Step 3, a link 
documenting all the processes and results will be sent via email. 
Finally, five types of Manhattan plots can be downloaded di
rectly, including (1) figures for GWAS, (2) figures for GWAS 
imputation, (3) figures for the P values and z-scores of the 
TWAS result per tissue, (4) figures for the P values of the 
TWAS results from all tissues (Figure 5B), and (5) an interac
tive post-Manhattan plot tab. The “Expression prediction” 
module (Figure 5C) allows users to predict gene expression 
based on the individual-level genotype data in addition to 
GWAS summary statistics for TWAS analysis. To perform 
this, users should upload the individual genotypes in variant 
call format (VCF, compressed in .gz), and the server will use 
PrediXcan to predict gene expression for each individual across 
tissues [5]. User data are stored on the server for one week and 
then deleted.

Moreover, we compared TWAS results between FarmGTEx 
TWAS-server and TWAS-hub based on a GWAS summary 

Table 1 The datasets used in the TWAS-server

Species Type Description Module Source

Pig Genotype 1602 WGS genotypes GWAS imputation (panel) FarmGTEx
Gene expression 34 tissues (26,908 genes) Search
Cis-eQTL models Elastic Net, Top1, BLUP, 

BSLMM, CTIMP
TWAS analysis TWAS-server, FarmGTEx

GWAS/TWAS  
summary statistics

11 traits (657 significant disease–tissue– 
gene trios)

Orthologous, Search TWAS-server

Cattle Genotype 7394 WGS genotypes (SNP calling from 
RNA-seq); 983 WGS genotypes; 2976 
WGS genotypes

GWAS imputation (panel) FarmGTEx, AGIDB, BGVD

Gene expression 23 tissues (27,537 genes) Search
Cis-eQTL models Elastic Net, Top1, BLUP, 

BSLMM, CTIMP
TWAS analysis TWAS-server, FarmGTEx

GWAS/TWAS  
summary statistics

41 traits (1208 significant disease–tissue– 
gene trios)

Orthologous, Search Previous publication, TWAS-server

Human Genotype 500 Europeans GWAS imputation (panel) https://zenodo.org/records/3657902#. 
Xj2Zh-F7m90

Gene expression 49 tissues Search GTEx
Cis-eQTL models Elastic Net, Top1, LASSO, CTIMP TWAS analysis https://zenodo.org/record/3519321/ for 

Elastic Net 
http://gusevlab.org/projects/fusion/ for 
FUSION 
https://zenodo.org/record/3842289 
for UTMOST

GWAS/TWAS  
summary statistics

1129 traits (479,203 significant disease– 
tissue–gene trios)

Orthologous, Search GWAS Catalog, webTWAS, Neale Lab 
UK Biobank

Note: Description provides attributes of the datasets, including data type, tissue, and species. Module indicates the specific module that utilizes the 
corresponding data (e.g., GWAS imputation and TWAS analysis). Source refers to the origin of the data, such as genome reference panels or databases like 
GTEx or FarmGTEx. The TWAS-server specifies the data generated in this study. In particular, the models required for FUSION (Top1, BLUP, and BSLMM) 
and UTMOST (CTIMP) for pigs and cattle were trained as part of this research. WGS, whole-genome sequencing; GWAS, genome-wide association study; 
TWAS, transcriptome-wide association study; FarmGTEx, Farm Animal Genotype-Tissue Expression; BLUP, best linear unbiased prediction; BSLMM, 
Bayesian sparse linear mixed model; CTIMP, cross-tissue gene expression imputation; eQTL, expression quantitative trait locus; RNA-seq, RNA sequencing; 
LASSO, least absolute shrinkage and selection operator; SNP, single nucleotide polymorphism; GTEx, Genotype-Tissue Expression; AGIDB, animal 
genotype imputation database; BGVD, bovine genome variation database.
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provided in TWAS-hub (29892013-GCST90029014- 
EFO_0006527.h.tsv.gz) [39]. TWAS-hub conducted the TWAS 
analysis using FUSION software with GTEx v6 data, while 
FarmGTEx TWAS-server utilized GTEx v8 data. As demon
strated in Figure S6, high correlations (Pearson r � 90%) were 
observed for z-scores of the same genes across tissues.

Search module
The FarmGTEx TWAS-server has curated TWAS results for 
1129 distinct human traits and diseases using 2268 GWAS 
datasets. The TWAS summary data comprise 479,203 signifi
cant disease–tissue–gene trios (P < 0.05/n, n > 10). A total of 
41 and 11 TWAS summary statistics for complex traits were 
incorporated for cattle [40] and pigs [41], respectively. Users 
can search TWAS results by gene query (Figure S7A). TWAS 
summary statistics for the queried gene, including Ensembl ID, 
gene symbol, trait, tissue, P value, and z-score, will be dis
played (Figure S7B). The platform also provides detailed infor
mation about the queried gene and its orthologs in other 
species (Figure S7C), including gene location, homology type, 
and ortholog confidence. Additionally, the number of dis
eases/traits in the other species linked to the queried gene will 

be displayed (Figure S7D), and TWAS summary statistics can 
be accessed by clicking the hyperlink. Furthermore, it will pre
sent the gene expression profiles of orthologous genes across 
tissues in all available species (Figure S7E). Moreover, the 
TWAS results can also be searched on the web by a specific 
disease/trait, as shown in Figure S8A. Detailed information 
about the disease/trait, including disease/trait name, sample 
size, population, publication information, source links, and 
the number of associated tissue genes detected by S- 
PrediXcan, will also be provided (Figure S8B). The details of 
the TWAS results, including Ensembl ID, gene symbol, tissue, 
P value, z-score, and the number of associated genes in each of 
the tissues, can be accessed through hyperlink buttons (Figure 
S8C and D). In summary, users can explore the molecular 
mechanisms associated with a gene or a trait based on the 
large-scale TWAS results, which will be a valuable resource 
for translating genetic findings across species.

Cross-species mapping module
The server includes an “Orthologous” module which enables 
users to upload the TWAS summary statistics from various 
species and perform orthologous gene comparisons. The 

Figure 2 Prediction performance comparison of differrent prediction models 
The prediction performance of differenct models was evaluated using the squared Pearson correlation coefficient (R2) through a 5-fold cross-validation 
approach. A. Box plot showing the prediction performance of differenct models across various pig tissues. B. Box plot showing the prediction 
performance of differenct models across various cattle tissues. BLUP, best linear unbiased prediction; BSLMM, Bayesian sparse linear mixed model; 
CTIMP, cross-tissue gene expression imputation.
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comparison can be done by choosing the desired species and 
tissues (Figure S9A). The Pearson correlation coefficient will 
then be determined based on the P values and z-scores of 
one-to-one orthologous genes between species. These findings 
will help improve understanding of the evolutionary roots of 
a specific disease/trait and aid in the translation of genetic 
findings across species (Figure S9B and C).

Comparison with existing online TWAS servers
The FarmGTEx TWAS-server is currently the only web plat
form supporting TWAS analysis across multiple species, in
cluding pigs, cattle, and humans. It provides a comprehensive 
module with several advantages over webTWAS [18] and 
TWAS hub [19]. First, unlike webTWAS and TWAS hub 
which are limited to human data, the FarmGTEx 

TWAS-server provides TWAS analysis and summary statis
tics across humans, cattle, and pigs. Additionally, future 
releases will include more farm animal species, such as chick
ens, goats, and sheep, in line with the FarmGTEx project. 
Beyond gene expression, upcoming updates will incorporate 
alternative molecular data types, including alternative splic
ing, promoter usage, and enhancer expression. Second, the 
FarmGTEx TWAS-server implements the multi-tissue TWAS 
method UTMOST, offering broader analytical capabilities 
compared to TWAS hub, which only supports single-tissue 
TWAS methods like FUSION. Similarly, webTWAS (http:// 
www.webtwas.net/#/twas) provides analyses limited to 
S-PrediXcan and FUSION. Third, unlike TWAS hub and 
webTWAS which lack functional gene annotations, the 
FarmGTEx TWAS-server includes GSEA, enabling users to 

Figure 3 PCA analyses utilizing predicted expression levels 
A.–C. PCA results based on eQTLs trained by the Elastic Net model in the hypothalamus (A), blood (B), and muscle (C) tissues, respectively. D.–F. PCA 
results based on eQTLs trained by the BLUP model in the hypothalamus (D), blood (E), and muscle (F) tissues, respectively. G.–I. PCA results based on 
eQTLs trained by the BSLMM model in the hypothalamus (G), blood (H), and muscle (I) tissues, respectively. In all plots, blue dots represent pigs from 
Herd1, and orange and green dots indicate pigs from Herd2, which are from different locations. The box plots associated with each PCA plot display the 
variance explained by the respective PCs. The differences between PC values of different breeds were determined by t-test (�, P < 0.05; ����, P <
0.0001; ns, no significance). PCA, principal component analysis; PC, principal component; eQTL, expression quantitative trait locus.
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explore biological pathways and uncover significant func
tional insights within their data. Finally, the FarmGTEx 
TWAS-server provides additional visualization tools for 
uploaded and imputed GWAS summary statistics, including 
not only Manhattan plots of TWAS results but also illustra
tions that aid researchers in effectively interpreting and ana
lyzing their data.

Case studies
Herein, we present two case studies to demonstrate how the 
FarmGTEx TWAS-server aids researchers in performing 
TWAS analyses and uncovering the molecular mechanisms 
underlying complex traits across species.

Case study 1
We obtained GWAS summary statistics for total teat number 
(TTN) from a previous study [41], which identified a signifi
cant GWAS locus near the ATP binding cassette subfamily D 
member 4 (ABCD4) gene. Using the FarmGTEx TWAS- 
server, we performed a TWAS analysis that revealed signifi
cant associations between ABCD4 expression in muscle and 

pituitary tissues and TTN (Figure 6A). Additionally, we 
found significant associations between ABCD4 and left teat 
number (LTN) in muscle and pituitary tissues (Figure 6B), as 
well as right teat number (RTN) in the brain, frontal cortex, 
muscle, blood, and small intestine tissues (Figure 6C). We 
further examined the Pearson correlation coefficients of 
TWAS P values between various teat number traits across tis
sues (Figures 6D–K). The results showed that TTN was 
highly correlated with LTN (r ¼ 0.69–0.72) and RTN 
(r ¼ 0.69–0.72), while the correlation between RTN and 
LTN was lower (r ¼ 0.33–0.4). These TWAS-based correla
tions were consistent with the phenotypic correlations 
reported by Yang et al. [41] (r ¼ 0.82 between TTN and 
RTN, r ¼ 0.83 between TTN and LTN, and r ¼ 0.36 be
tween RTN and LTN). Further verification of TWAS P val
ues across tissues for teat number traits was conducted using 
another dataset [42]. We found that the Pearson correlation 
coefficients based on TWAS P values were 0.59–0.73 be
tween LTN and RTN, 0.86–0.90 between LTN and TTN, 
and 0.86–0.90 between RTN and TTN (Table S12), which 
were consistent with the phenotypic correlations of 0.70, 

Figure 4 The operation flow for the “GWAS imputation” module 
A. Step 1: upload the GWAS summary statistics and select relevant options, such as species and genome assembly version. Step 2: assign appropriate 
column names for the uploaded data to ensure correct processing. B. An example output for the imputed GWAS summary statistics and imputation 
accuracy by five-fold cross-validation.
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Figure 5 The operation flows for the “TWAS analysis” and “Expression prediction” modules 
A. The operation flow for the “TWAS analysis” module. Step 1: upload the GWAS summary statistics and select options, including species and 
imputation methods. Step 2: select the corresponding column names and tissues used for the TWAS analysis. B. The output of the “TWAS analysis” 
module includes (1) a Manhattan plot combining all TWAS results from multiple tissues, and (2) GO and KEGG gene enrichment analysis results 
visualized for the gene set enrichment. C. The operation flow for the “Expression prediction” module, where users can predict gene expression levels 
using individual genotype data. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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0.93 and 0.91, respectively. These results suggested that the 
Pearson correlation coefficients based on the TWAS P values 
were similar to the phenotypic correlations for teat number 
traits from the previous dataset. This case study demonstrates 
that the FarmGTEx TWAS-server can not only provide regu
latory mechanisms underlying GWAS loci by identifying as
sociated genes in relevant tissues but also enhance the 
statistical power of association tests potentially by combining 
multiple signals of variants into a single gene.

Case study 2
We conducted a cross-ancestry meta-GWAS analysis for 
backfat thickness (BFT) using METASOFT [43] software. 
The dataset consisted of 2797 pigs from Yang et al. [41], 
4045 pigs from figshare (https://figshare.com/articles/dataset/ 
pig_data_and_simulated_phenotype/21130672), and 10,874 
pigs genotyped by ourselves using low-coverage genome se
quencing. In total, this dataset comprised 9369 Duroc pigs, 
1854 Landrace pigs, 575 Pretrain pigs, and 5918 Yorkshire 
pigs. WGS data and chip data were imputed separately by 
GLIMPSE (v2) [44] and Beagle (v5.4) [45] using the PGRP 
reference panel. Subsequently, the imputed data were filtered 
based on the criteria of INFO score > 0.4 or DR2 > 0.4 and 
minor allele frequency (MAF) > 0.02. GWAS analyses were 
performed within the breed in each study using genome-wide 
efficient mixed-model association (GEMMA) [46], incorpo
rating provided covariates and three principal components 
(PCs) as additional covariates. Meta-analyses were 

subsequently conducted using fixed-effect models via 
METASOFT software. As METASOFT exclusively considers 
signals shared across all studies, the final meta-GWAS sum
mary statistics encompassed 14,858,204 variants.

Figure 7A shows significant peaks in genomic regions 
SSC1: 157.9–161.9 Mb, SSC15: 30.66–30.76 Mb, and 
SSC18: 10.07–10.12 Mb, with P < 3.36E−09 (Bonferonni 
correction). To complement these findings, we performed the 
TWAS analysis using the server with FUSION software. The 
Manhattan plot in Figure 7B depicts associations across the 
genome in different tissues. Notably, ZNF532 (in hypothala
mus and brain), PMAIP1 (in synovial membrane and blasto
cyst), NEDD4L (in small intestine), CALML4 (in colon), 
SERPINB11 (in frontal cortex), SERPINB5 (in colon), 
CCNB2 (in blastocyst), RELCH (in testis), and 
ENSSSCG00000046336 (in large intestine) were identified to 
be associated with BFT around SSC1: 158.5–166.1 Mb. 
Similarly, in SSC18, near the significantly associated GWAS 
signals, SLC37A3 (in hypothalamus), PARP12 (in testis, hy
pothalamus, and spleen), CLEC2L (in brain), DENND2A 
(in muscle), MRPS33 (in colon), and KDM7A (in adipose) 
were identified to be associated with BFT around SSC18: 
8.88–10.16 Mb. Remarkably, the TWAS findings were 
aligned closely with the GWAS results. PMAIP1 has been 
reported to be associated with obesity, body mass index 
(BMI), and height in humans [47] and average daily gain 
(ADG) in pigs [48], while DENND2A has been proposed as 
a candidate gene for BFT [49].

Figure 6 TWAS analysis of teat number using published GWAS summary statistics and Pearson correlation analysis of TWAS P values across 
various tissues 
A.–C. Manhattan plots displaying TWAS results for TTN (A), LTN (B), and RTN (C), with FDR values indicated. D.–K. Heatmaps showing the Pearson 
correlation coefficients of TWAS P values across traits in different tissues: brain (D), frontal cortex (E), pituitary (F), muscle (G), blood (H), small intestine 
(I), colon (J), and liver (K). The upper triangle of each heatmap presents the Pearson correlation coefficients, while the lower triangle shows the statistical 
significance of the Pearson correlations (���, P < 0.001). TTN, total teat number; LTN, left teat number; RTN, right teat number; FDR, false 
discovery rate.
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Moreover, when comparing TWAS summary statistics for 
humans using the Orthologous module, we uncovered stron
ger associations between pig BFT and human diseases/traits 
including diastolic blood pressure, sarcoidosis (L€ofgren syn
drome), and BMI (Figure 7C). These cross-species correla
tions further support our findings.

Discussion and future prospects
In this study, we introduced the FarmGTEx TWAS-server, an 
interactive web resource designed for customized TWAS 
analyses and functional annotations across multiple tissues 
and species (humans, cattle, and pigs). Researchers can 

upload individual genotypes and GWAS summary statistics 
to generate TWAS results or query pre-existing TWAS data 
by gene or trait. The server provides an effective platform for 
mapping genes associated with complex traits and enables 
cross-species translation of genetic findings, as demonstrated 
in our case studies.

The FarmGTEx TWAS-server currently supports three spe
cies and provides gene expression prediction models across a 
broad spectrum of tissues. As the FarmGTEx project pro
gresses, we plan to expand the server to include additional 
tissues, cell types, molecular phenotypes (e.g., alternative 
splicing and enhancer expression), and species. Furthermore, 
we are committed to ongoing updates to the software and 

Figure 7 TWAS analysis based on meta-GWAS 
A. Manhattan plot depicting the meta-GWAS results. B. Manhattan plot illustrating the TWAS outcomes. C. Bar plot showing the Pearson correlation 
coefficients between pig backfat thickness and human diseases/traits based on TWAS summary statistics, with only significant results (P < 0.05) shown.
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models, including the integration of advanced GWAS impu
tation tools to improve computational speed and accuracy, 
the implementation of new models for eQTL analysis, and 
the incorporation of the latest TWAS methodologies. This re
source will continue to be invaluable for the scientific com
munity in exploring genetic mechanisms and translating 
genetic insights across species and breeds.

Materials and methods
Gene expression data collection and normalization
We collected the expression data [transcripts per million 
(TPM)] of 26,908 and 27,537 genes from 34 and 23 tissues 
of pigs and cattle from the FarmGTEx project [21,22], re
spectively. Details of these samples are summarized in Tables 
S1 and S2. Genes with TPM < 0.1 and raw read count < 6 in 
more than 20% of samples were excluded for each tissue in 
pigs and cattle, resulting in 5457 pig samples and 4889 cattle 
samples for downstream analysis. The trimmed mean of M 
(TMM) values [50], followed by the inverse normal transfor
mation of TMM values, were used for sample-wise correction 
of the gene expression values [21,22]. Human gene expres
sion data were obtained from the GTEx database (https:// 
www.gtexportal.org/), covering 55,878 genes from 54 human 
tissues [11], among which five tissues, including bladder (n ¼
21), cervix_ectocervix (n ¼ 9), cervix_endocervix (n ¼ 10), 
fallopian_tube (n ¼ 9), and kidney_medulla (n ¼ 4), were ex
cluded owing to the small sample size. A summary of sample 
sizes for human is available in Table S3.

Gene expression prediction model training
Multiple prediction models were used to impute gene expres
sion, including Elastic Net model in S-PrediXcan [5], TOP1, 
BLUP, and BSLMM models in FUSION [6], and CTIMP in 
UTMOST [7]. For humans, the prediction models were down
loaded from https://zenodo.org/record/3519321/ (Elastic Net 
model), http://gusevlab.org/projects/fusion/ (FUSION), and 
https://zenodo.org/record/3842289 (UTMOST). For pigs and 
cattle, the Elastic Net models were obtained from https:// 
www.farmgtex.org/; FUSION (TOP1, BLUP, and BSLMM) 
and UTMOST (CTIMP) were used to construct the prediction 
models for pigs and cattle following the same pipeline as used 
for human data [6,7], with detailed parameters described in 
previous studies [21,22]. Ten probabilistic estimation of ex
pression residuals (PEER) factors were estimated using PEER 
(v1.3) [51] based on the gene expression matrix to account for 
hidden batch effects of transcriptome-wide variation in gene 
expression within each tissue. Genotype PCs were estimated 
using PLINK (v1.9) [52] based on the genotype data to ac
count for the population structure. The number of genotype 
PCs included was based on the sample size, which was as fol
lows: 5 PCs for tissues with < 200 samples and 10 PCs for tis
sues with ≥ 200 samples. The cis-window of a gene was 
defined as 1 Mb upstream and downstream of its transcription 
start site. The prediction models of FUSION were then trained 
using the command: Rscript FUSION.compute_weights.R 
- -bfile $OUT - -tmp $OUT.tmp - -out $FINAL_OUT - -ver
bose 0 - -save_hsq - -PATH_gcta $GCTA - -PATH_gemma 
$GEMMA --PATH_plink $PLINK2 - -models top1,blup, 
bslmm - -covar $TISSUE.covariates4Fusion.txt - -crossval 5. 
For CTIMP models, the command from https://github.com/ 
yiminghu/CTIMP was followed.

GWAS data collection and quality control
We collected GWAS summary statistics of 1129 human traits 
from the GWAS Catalog [53], webTWAS [18], and the Neale 
Lab UK Biobank (v3, http://www.nealelab.is/uk-biobank), 
11 pig traits [41], and 41 cattle traits [40] to demonstrate the 
applicability of the TWAS-server. Besides, GWAS results of 
four pig traits, generated from newly acquired genotypes of 
2778 Duroc pigs, were included. The GGP Porcine 50K v1 
Genotyping BeadChip (Neogen GeneSeek, Lincoln, NE) 
(n ¼ 974) or low-coverage WGS (depth ¼ 1×, n ¼ 1804) was 
used for genotyping the Duroc pigs. Beagle (v5.4) [45] was 
then used to impute missing genotypes with the current ver
sion of PGRP from the PigGTEx, comprising WGS data of 
1602 pigs from over 100 breeds worldwide [22]. GWAS 
analysis for four traits was then performed using GEMMA 
[46], including birth weight (BW), corrected days to 115 kg 
(DAY115), BFT at 115 kg (BFT115), and loin muscle area at 
115 kg (LMA115).

Only the GWAS summary statistics with complete infor
mation, including the rsID or variant coordinate, effect/non- 
effect allele, P value, beta coefficient, and z-score, were con
sidered. The following quality control steps were performed 
to ensure that the GWAS data format was acceptable by 
TWAS. (1) For the human dataset, reference SNP cluster IDs 
were retrieved from dbSNP build 151 for variants only with 
variant coordinates. For animal datasets, variant coordinates 
based on Sscrofa11.1/susScr11 (pig) or ARS-UCD1.2/ 
bosTau9 (cattle) were used. LiftOver analysis was performed 
using pyliftover (v0.4, https://pypi.org/project/pyliftover/) if 
the GWAS summary statistics were based on different ge
nome assemblies. (2) GWAS summary statistics lacking either 
the non-effect alleles or effect alleles were excluded. (3) 
GWAS summary statistics without P values and beta coeffi
cients were also removed. (4) Results with less than ten genes 
being tested after TWAS analysis were discarded.

Imputation module for GWAS summary statistics
The imputation module for GWAS summary statistics was 
constructed to enhance the TWAS power. The genome refer
ence panels were obtained from the 1000 Genomes Project 
[54], CattleGTEx [21], and PigGTEx [22] for humans, cattle, 
and pigs, respectively. The WGS panel included 27,731,499 
variants (n ¼ 500 samples) for humans, 3,824,445 variants 
(n ¼ 7394 samples; obtained from RNA-seq data and subse
quently imputed to WGS) for cattle, and 42,523,218 variants 
(n ¼ 1602 samples) for pigs. The WGS data from AGIDB 
[33,34] encompassed 983 cattle with 20,211,4418 SNVs and 
were filtered to retain 12,842,237 variants with MAF >
0.05. Similarly, the WGS data from BGVD [35,36] included 
2976 cattle with 58,466,684 SNVs, and 17,149,833 variants 
were retained after MAF filtering. The filtered WGS data 
were integrated as the cattle imputation reference panel. In 
online TWAS analysis, only SNPs identified as significant 
variants (eVariants) in the gene expression prediction model 
were considered for “GWAS imputation” to lower the com
putational burden. Table S5 presents the number of 
eVariants for each prediction model.

Two software packages were considered for GWAS sum
mary statistics imputation: (1) the Python-based software 
package summary-gwas-imputation developed by Barbeira 
et al. [37] and (2) the Cþþ-based DIST for unmeasured SNPs 
[38]. However, DIST did not initially support cattle GWAS 
imputation because it did not permit chromosomes with 
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numbers greater than 22. Consequently, respective panels 
were constructed using the pipelines from summary-gwas- 
imputation (https://github.com/hakyimlab/summary-gwas-im 
putation) and DIST (https://github.com/dleelab/dist), as they 
use different formats of genome reference panels as input. 
Additionally, chromosomes with the largest number of SNPs 
were used to evaluate the imputation accuracy, specifically 
assessing the Pearson correlation coefficient between the im
puted z-score and the observed z-score through a five-fold 
cross-validation approach.

The workflow for online TWAS analysis
To provide a comprehensive and user-friendly TWAS web 
server, users can perform a range of functions, including 
quality control, LiftOver, GWAS summary imputation, 
TWAS analysis, and GSEA, by only uploading their GWAS 
summary statistics. All results, along with publication-quality 
figures, are available for download. The uploaded GWAS 
summary statistics file should comprise columns for chromo
some, position, SNP name, effect allele, non-effect allele, 
P value, and beta coefficient. The server checks the reference 
assembly, SNP, and chromosome for quality control. pylift
over 0.4 (https://pypi.org/project/pyliftover/) will be used by 
the server to convert the genomic coordinates if the reference 
assembly of GWAS does not match that of GTEx or 
FarmGTEx. As previously detailed, GWAS imputation is ap
plied to the data. Multiple software packages, including two 
single-tissue TWAS methods (i.e., S-PrediXcan [5] and 
FUSION [6]) and a multi-tissue TWAS method (UTMOST 
[7]), can be selected for TWAS analysis, and GSEA analysis 
can be performed using clusterProfiler to explore the function 
of a gene list [55]. Upon job completion, users will receive an 
email containing a link to access all job processes and results. 
Moreover, the server provides an “Expression prediction” 
module, based on the PrediXcan [5] software package, for 
users with individual-level data. This module allows users to 
assess the associations between genetically regulated gene ex
pression levels and phenotypes of interest using the imputed 
gene expression levels. A total of 2268, 41, and 11 TWAS 
summary statistics were provided based on S-PrediXcan [5] 
for humans, cattle, and pigs, respectively. A user-friendly in
terface was developed to facilitate the search and querying of 
results. For humans, TWAS analysis was conducted directly 
using the GWAS summary statistics due to the high density of 
SNPs in GWAS. For pigs and cattle, GWAS imputation was 
conducted prior to TWAS analysis. Significant disease/trait/ 
tissue–gene associations are defined as genes with a P value 
below a threshold of 0.05/n, where n is the number of genes 
tested in a TWAS analysis.

Database and TWAS web server
The back end of the TWAS-server was constructed using the 
Hypertext Preprocessor-based ThinkPHP5.0 web framework 
(https://www.thinkphp.cn/), and the front end was developed 
with the Layui framework (https://github.com/layui/layui) 
and jQuery JavaScript library (https://jquery.com/). The data
base was established based on MySQL. Python and R were 
used to develop the computational pipelines in the TWAS- 
server, and ggplot2 [56] in R [57] was used to visualize the 
data and results.

Code availability
The code is available at https://github.com/ZhangZhenYang- 
zzy/TWAS. The code has also been submitted to BioCode at 
the National Genomics Data Center (NGDC), China 
National Center for Bioinformation (CNCB) (BioCode: 
BT007941), which is publicly accessible at https://ngdc.cncb. 
ac.cn/biocode/tools/BT007941.

Data availability
The FarmGTEx TWAS-server is publicly available at https:// 
twas.farmgtex.org. It has also been submitted to Database 
Commons [58] at the NGDC, CNCB, which is publicly acces
sible at https://ngdc.cncb.ac.cn/databasecommons/database/ 
id/9669.

CRediT author statement
Zhenyang Zhang: Conceptualization, Data curation, Formal 
analysis, Investigation, Methodology, Software, Resources, 
Validation, Visualization, Writing – original draft, Writing – 
review & editing. Zitao Chen: Conceptualization, Data cura
tion, Methodology, Software, Resources, Writing – review & 
editing. Jinyan Teng: Conceptualization, Data curation, 
Methodology, Resources, Writing – review & editing. Shuli 
Liu: Conceptualization, Data curation, Methodology, 
Resources, Writing – review & editing. Qing Lin: Data cura
tion, Resources. Jun Wu: Data curation, Resources. Yahui 
Gao: Conceptualization, Data curation, Resources. 
Zhonghao Bai: Data curation, Resources. Bingjie Li: 
Conceptualization, Writing – review & editing, Funding ac
quisition. George Liu: Conceptualization, Writing – review 
& editing, Methodology, Supervision, Conceptualization. 
Zhe Zhang: Conceptualization, Writing – review & editing, 
Methodology, Supervision, Conceptualization. Yuchun Pan: 
Conceptualization, Funding acquisition, Writing – review & 
editing, Methodology, Supervision, Data curation, 
Resources, Validation. Zhe Zhang: Conceptualization, 
Writing – review & editing, Investigation, Methodology, 
Supervision, Data curation, Resources, Funding acquisition, 
Validation. Lingzhao Fang: Conceptualization, Writing – re
view & editing, Investigation, Methodology, Supervision, 
Data curation, Resources, Funding acquisition, Validation. 
Qishan Wang: Conceptualization, Writing – review & edit
ing, Investigation, Methodology, Supervision, Data curation, 
Resources, Funding acquisition, Validation. All authors have 
read and approved the final manuscript.

Competing interests
The authors have declared no competing interests.

Supplementary material
Supplementary material is available at Genomics, Proteomics 
& Bioinformatics online (https://doi.org/10.1093/gpbjnl/ 
qzaf006).

Zhang Z et al / FarmGTEx TWAS-server                                                                                                                                                                               13 

D
ow

nloaded from
 https://academ

ic.oup.com
/gpb/article/23/1/qzaf006/8009003 by Beijing Institute of G

enom
ics user on 24 July 2025

https://github.com/hakyimlab/summary-gwas-imputation
https://github.com/hakyimlab/summary-gwas-imputation
https://github.com/dleelab/dist
https://pypi.org/project/pyliftover/
https://www.thinkphp.cn/
https://github.com/layui/layui
https://jquery.com/
https://github.com/ZhangZhenYang-zzy/TWAS
https://github.com/ZhangZhenYang-zzy/TWAS
https://ngdc.cncb.ac.cn/biocode/tools/BT007941
https://ngdc.cncb.ac.cn/biocode/tools/BT007941
https://twas.farmgtex.org
https://twas.farmgtex.org
https://ngdc.cncb.ac.cn/databasecommons/database/id/9669
https://ngdc.cncb.ac.cn/databasecommons/database/id/9669
https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf006#supplementary-data
https://doi.org/10.1093/gpbjnl/qzaf006
https://doi.org/10.1093/gpbjnl/qzaf006


Acknowledgments
We thank all the researchers who have contributed to the 
publicly available data used in this research. We are grateful 
for the valuable opinions suggested by Prof. Jinrong Peng 
(Zhejiang University, China). This work was financially sup
ported by the National Key R&D Program of China (Grant 
No. 2023YFD1300404), the Sanya Science and Technology 
Innovation Project, China (Grant No. 2022KJCX49), the 
National Natural Science Foundation of China (Grant No. 
32272833), and the Biotechnology and Biological Sciences 
Research Council (BBSRC), UK (Grant No. BB/X009505/1) 
to BL. The graphical abstract was created with 
BioRender.com.

ORCID
0009-0009-1987-2259 (Zhenyang Zhang)
0000-0001-6213-0810 (Zitao Chen)
0000-0002-3046-1452 (Jinyan Teng)
0009-0006-8379-4994 (Shuli Liu)
0000-0002-8416-9748 (Qing Lin)
0000-0001-5537-6804 (Jun Wu)
0000-0003-0602-4823 (Yahui Gao)
0009-0005-8697-1813 (Zhonghao Bai)
0000-0002-8528-1889 (Bingjie Li)
0000-0003-0192-6705 (George Liu)
0000-0001-5320-3125 (Zhe Zhang)
0000-0002-1163-5963 (Yuchun Pan)
0000-0001-7338-7718 (Zhe Zhang)
0000-0003-1103-3679 (Lingzhao Fang)
0000-0002-6475-0009 (Qishan Wang)

References
0[1] Zhang Z, Zhang Z, Oyelami FO, Sun H, Xu Z, Ma P, et al. 

Identification of genes related to intramuscular fat independent of 
backfat thickness in Duroc pigs using single-step genome-wide as
sociation. Anim Genet 2021;52:108–13.

0[2] Mattheisen M, Grove J, Als TD, Martin J, Voloudakis G, Meier 
S, et al. Identification of shared and differentiating genetic archi
tecture for autism spectrum disorder, attention-deficit hyperactiv
ity disorder and case subgroups. Nat Genet 2022;54:1470–8.

0[3] Li J, Glover JD, Zhang H, Peng M, Tan J, Mallick CB, et al. Limb 
development genes underlie variation in human fingerprint pat
terns. Cell 2022;185:95–112.e18.

0[4] Marina H, Pelayo R, Su�arez-Vega A, Guti�errez-Gil B, Esteban- 
Blanco C, Arranz JJ. Genome-wide association studies (GWAS) 
and post-GWAS analyses for technological traits in Assaf and 
Churra dairy breeds. J Dairy Sci 2021;104:11850–66.

0[5] Gamazon ER, Wheeler HE, Shah KP, Mozaffari SV, Aquino- 
Michaels K, Carroll RJ, et al. A gene-based association method 
for mapping traits using reference transcriptome data. Nat Genet 
2015;47:1091–8.

0[6] Gusev A, Ko A, Shi H, Bhatia G, Chung W, Penninx BW, et al. 
Integrative approaches for large-scale transcriptome-wide associ
ation studies. Nat Genet 2016;48:245–52.

0[7] Hu YM, Li M, Lu QS, Weng HY, Wang JW, Zekavat SM, et al. A 
statistical framework for cross-tissue transcriptome-wide associa
tion analysis. Nat Genet 2019;51:568–76.

0[8] Zhou D, Jiang Y, Zhong X, Cox NJ, Liu CY, Gamazon ER. A 
unified framework for joint-tissue transcriptome-wide association 
and Mendelian randomization analysis. Nat Genet 2020; 
52:1239–46.

0[9] Nagpal S, Meng XR, Epstein MP, Tsoi LC, Patrick M, Gibson G, 
et al. TIGAR: an improved Bayesian tool for transcriptomic data 
imputation enhances gene mapping of complex traits. Am J Hum 
Genet 2019;105:258–66.

[10] Khunsriraksakul C, McGuire D, Sauteraud R, Chen F, Yang L, 
Wang L, et al. Integrating 3D genomic and epigenomic data to en
hance target gene discovery and drug repurposing in 
transcriptome-wide association studies. Nat Commun 2022; 
13:3258.

[11] The GTEx Consortium. The GTEx Consortium atlas of genetic 
regulatory effects across human tissues. Science 2020; 
369:1318–30.

[12] Gilchrist JJ, Makino S, Naranbhai V, Sharma PK, Koturan S, 
Tong O, et al. Natural killer cells demonstrate distinct eQTL and 
transcriptome-wide disease associations, highlighting their role in 
autoimmunity. Nat Commun 2022;13:4073.

[13] Zhao B, Shan Y, Yang Y, Yu Z, Li T, Wang X, et al. 
Transcriptome-wide association analysis of brain structures yields 
insights into pleiotropy with complex neuropsychiatric traits. Nat 
Commun 2021;12:2878.

[14] Rodriguez-Fontenla C, Carracedo A. UTMOST, a single and 
cross-tissue TWAS (transcriptome wide association study), 
reveals new ASD (autism spectrum disorder) associated genes. 
Transl Psychiatry 2021;11:256.

[15] Sajuthi SP, Everman JL, Jackson ND, Saef B, Rios CL, Moore 
CM, et al. Nasal airway transcriptome-wide association study of 
asthma reveals genetically driven mucus pathobiology. Nat 
Commun 2022;13:1632.

[16] Gusev A, Lawrenson K, Lin X, Lyra PC, Kar S, Vavra KC, et al. A 
transcriptome-wide association study of high-grade serous epithe
lial ovarian cancer identifies new susceptibility genes and splice 
variants. Nat Genet 2019;51:815–23.

[17] Gao G, Fiorica PN, McClellan J, Barbeira A, Li JL, Olopade OI, 
et al. A joint transcriptome-wide association study across multiple 
tissues identifies new candidate susceptibility genes for breast can
cer. Am J Hum Genet 2023;110:950–62.

[18] Cao C, Wang J, Kwok D, Cui F, Zhang Z, Zhao D, et al. 
webTWAS: a resource for disease candidate susceptibility genes 
identified by transcriptome-wide association study. Nucleic Acids 
Res 2022;50:D1123–30.

[19] Mancuso N, Shi H, Goddard P, Kichaev G, Gusev A, Pasaniuc B. 
Integrating gene expression with summary association statistics 
to identify genes associated with 30 complex traits. Am J Hum 
Genet 2017;100:473–87.

[20] Lu M, Zhang Y, Yang F, Mai J, Gao Q, Xu X, et al. TWAS Atlas: 
a curated knowledgebase of transcriptome-wide association stud
ies. Nucleic Acids Res 2022;51:D1179–87.

[21] Liu S, Gao Y, Canela-Xandri O, Wang S, Yu Y, Cai W, et al. A 
multi-tissue atlas of regulatory variants in cattle. Nat Genet 2022; 
54:1438–47.

[22] Teng J, Gao Y, Yin H, Bai Z, Liu S, Zeng H, et al. A compendium 
of genetic regulatory effects across pig tissues. Nat Genet 2024; 
56:112–23.

[23] Yao Y, Liu S, Xia C, Gao Y, Pan Z, Canela-Xandri O, et al. 
Comparative transcriptome in large-scale human and cattle popu
lations. Genome Biol 2022;23:176.

[24] Zhao R, Talenti A, Fang L, Liu S, Liu G, Chue Hong NP, et al. 
The conservation of human functional variants and their effects 
across livestock species. Commun Biol 2022;5:1003.

[25] Bouwman AC, Daetwyler HD, Chamberlain AJ, Ponce CH, 
Sargolzaei M, Schenkel FS, et al. Meta-analysis of genome-wide 
association studies for cattle stature identifies common genes that 
regulate body size in mammals. Nat Genet 2018;50:362–7.

[26] Pan Z, Yao Y, Yin H, Cai Z, Wang Y, Bai L, et al. Pig genome 
functional annotation enhances the biological interpretation of 
complex traits and human disease. Nat Commun 2021;12:5848.

[27] Liu S, Yu Y, Zhang S, Cole JB, Tenesa A, Wang T, et al. 
Epigenomics and genotype–phenotype association analyses reveal 

14                                                                                                                                        Genomics, Proteomics & Bioinformatics, 2025, Vol. 23, No. 1 
D

ow
nloaded from

 https://academ
ic.oup.com

/gpb/article/23/1/qzaf006/8009003 by Beijing Institute of G
enom

ics user on 24 July 2025

https://www.biorender.com/


conserved genetic architecture of complex traits in cattle and hu
man. BMC Biol 2020;18:80.

[28] Trejo-Reveles V, Owen N, Ching Chan BH, Toms M, 
Schoenebeck JJ, Moosajee M, et al. Identification of novel colo
boma candidate genes through conserved gene expression analy
ses across four vertebrate species. Biomolecules 2023;13:293.

[29] Liang Y, Pividori M, Manichaikul A, Palmer AA, Cox NJ, 
Wheeler HE, et al. Polygenic transcriptome risk scores (PTRS) 
can improve portability of polygenic risk scores across ancestries. 
Genome Biol 2022;23:23.

[30] Walters EM, Prather RS. Advancing swine models for human 
health and diseases. Mo Med 2013;110:212–5.

[31] Porrett PM, Orandi BJ, Kumar V, Houp J, Anderson D, Cozette 
Killian A, et al. First clinical-grade porcine kidney xenotransplant 
using a human decedent model. Am J Transplant 2022; 
22:1037–53.

[32] Montgomery RA, Stern JM, Lonze BE, Tatapudi VS, Mangiola 
M, Wu M, et al. Results of two cases of pig-to-human kidney xe
notransplantation. N Engl J Med 2022;386:1889–98.

[33] Zhang K, Liang J, Fu Y, Chu J, Fu L, Wang Y, et al. AGIDB: a ver
satile database for genotype imputation and variant decoding 
across species. Nucleic Acids Res 2024;52:D835–49.

[34] Fu Y, Liu H, Dou J, Wang Y, Liao Y, Huang X, et al. IAnimal: a 
cross-species omics knowledgebase for animals. Nucleic Acids 
Res 2023;51:D1312–24.

[35] Zhang Z, Wang A, Hu H, Wang L, Gong M, Yang Q, et al. The 
efficient phasing and imputation pipeline of low-coverage whole 
genome sequencing data using a high-quality and publicly avail
able reference panel in cattle. Animal Research and One Health 
2023;1:4–16.

[36] Chen N, Fu W, Zhao J, Shen J, Chen Q, Zheng Z, et al. BGVD: 
an integrated database for bovine sequencing variations and selec
tive signatures. Genomics Proteomics Bioinformatics 2020; 
18:186–93.

[37] Barbeira AN, Bonazzola R, Gamazon ER, Liang Y, Park Y, Kim- 
Hellmuth S, et al. Exploiting the GTEx resources to decipher the 
mechanisms at GWAS loci. Genome Biol 2021;22:49.

[38] Lee D, Bigdeli TB, Riley BP, Fanous AH, Bacanu SA. DIST: direct 
imputation of summary statistics for unmeasured SNPs. 
Bioinformatics 2013;29:2925–7.

[39] Loh PR, Kichaev G, Gazal S, Schoech AP, Price AL. Mixed-model 
association for biobank-scale datasets. Nat Genet 2018; 
50:906–8.

[40] Fang L, Cai W, Liu S, Canela-Xandri O, Gao Y, Jiang J, et al. 
Comprehensive analyses of 723 transcriptomes enhance genetic 
and biological interpretations for complex traits in cattle. 
Genome Res 2020;30:790–801.

[41] Yang R, Guo X, Zhu D, Tan C, Bian C, Ren J, et al. Accelerated 
deciphering of the genetic architecture of agricultural economic 
traits in pigs using a low-coverage whole-genome sequencing 
strategy. Gigascience 2021;10:giab048.

[42] Chen Z, Teng J, Diao S, Xu Z, Ye S, Qiu D, et al. Insights into the 
architecture of human-induced polygenic selection in Duroc pigs. 
J Anim Sci Biotechnol 2022;13:99.

[43] Han B, Eskin E. Random-effects model aimed at discovering asso
ciations in meta-analysis of genome-wide association studies. Am 
J Hum Genet 2011;88:586–98.

[44] Rubinacci S, Hofmeister RJ, Sousa da Mota B, Delaneau O. 
Imputation of low-coverage sequencing data from 150,119 UK 
Biobank genomes. Nat Genet 2023;55:1088–90.

[45] Browning BL, Zhou Y, Browning SR. A one-penny imputed ge
nome from next-generation reference panels. Am J Hum Genet 
2018;103:338–48.

[46] Zhou X, Stephens M. Genome-wide efficient mixed-model analy
sis for association studies. Nat Genet 2012;44:821–4.

[47] Voisin S, Alm�en MS, Zheleznyakova GY, Lundberg L, Zarei S, 
Castillo S, et al. Many obesity-associated SNPs strongly associate 
with DNA methylation changes at proximal promoters and 
enhancers. Genome Med 2015;7:103.

[48] Cai Z, Christensen OF, Lund MS, Ostersen T, Sahana G. Large- 
scale association study on daily weight gain in pigs reveals overlap 
of genetic factors for growth in humans. BMC Genomics 2022; 
23:133.

[49] Zhang Y, Liu X, Zhang L, Wang L, He J, Ma H, et al. Preliminary 
identification and analysis of differential RNA editing between 
higher and lower backfat thickness pigs using DNA-seq and 
RNA-seq data. Anim Genet 2022;53:327–39.

[50] Chen Y, Lun AT, Smyth GK. From reads to genes to pathways: 
differential expression analysis of RNA-seq experiments using 
Rsubread and the edgeR quasi-likelihood pipeline. F1000Res 
2016;5:1438.

[51] Stegle O, Parts L, Piipari M, Winn J, Durbin R. Using probabilis
tic estimation of expression residuals (PEER) to obtain increased 
power and interpretability of gene expression analyses. Nat 
Protoc 2012;7:500–7.

[52] Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MA, 
Bender D, et al. PLINK: a tool set for whole-genome association 
and population-based linkage analyses. Am J Hum Genet 2007; 
81:559–75.

[53] Buniello A, MacArthur JAL, Cerezo M, Harris LW, Hayhurst J, 
Malangone C, et al. The NHGRI-EBI GWAS Catalog of pub
lished genome-wide association studies, targeted arrays and sum
mary statistics 2019. Nucleic Acids Res 2019;47:D1005–12.

[54] 1000 Genomes Project Consortium, Auton A, Brooks LD, Durbin 
RM, Garrison EP, Kang HM, et al. A global reference for human 
genetic variation. Nature 2015;526:68–74.

[55] Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package 
for comparing biological themes among gene clusters. OMICS 
2012;16:284–7.

[56] Wickham H. ggplot2: elegant graphics for data analysis. New 
York: Springer-Verlag; 2016.

[57] The R Core Team. R: a language and environment for statistical 
computing. Vienna: R Foundation for Statistical Computing; 
2014.

[58] Ma L, Zou D, Liu L, Shireen H, Abbasi AA, Bateman A, et al. 
Database Commons: a catalog of worldwide biological databases. 
Genomics Proteomics Bioinformatics 2023;21:1054–8.

© The Author(s) 2025. Published by Oxford University Press and Science Press on behalf of the Beijing Institute of Genomics, Chinese Academy of Sciences / China 
National Center for Bioinformation and Genetics Society of China.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
Genomics, Proteomics & Bioinformatics, 2025, 23, 1–15
https://doi.org/10.1093/gpbjnl/qzaf006
Web Server

Zhang Z et al / FarmGTEx TWAS-server                                                                                                                                                                               15 

D
ow

nloaded from
 https://academ

ic.oup.com
/gpb/article/23/1/qzaf006/8009003 by Beijing Institute of G

enom
ics user on 24 July 2025


	Active Content List
	Introduction
	Results
	Discussion and future prospects
	Materials and methods
	Code availability
	Data availability
	CRediT author statement
	Competing interests
	Supplementary material
	Acknowledgments
	ORCID
	References


