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Abstract 

Transcriptome-wide association studies (TWAS) are a powerful approach for studying the genes 

underlying complex traits by directly integrating GWAS and gene expression datasets. In cattle, they 

have been previously applied to identify genes driving fertility, milk production, and health. However, 

these studies have also highlighted several challenges, from difficulties in reproducing these complex 

analyses to limitations from poor genotype calls, especially when called directly from RNA sequencing 

data. To address these and other challenges, for the H2020 BovReg Project, we have developed a 

streamlined, species-agnostic, and reusable Nextflow TWAS workflow to integrate transcriptomic and 

GWAS summary statistic datasets. Our workflow first generates accurate genotype calls and gene 

expression prediction models from transcriptomic datasets and then applies these tools to impute 

gene expression levels into GWAS cohorts, enabling the association of genes with traits of interest. We 

explore optimal strategies for calling genetic variants directly from transcriptomic data and illustrate 

that using imputation approaches specifically designed for low-pass sequencing data can improve 

variant calling over previously adopted methods. We demonstrate the utility of our TWAS workflow by 

applying it to both novel and publicly available GWAS cohorts for cattle, detecting novel gene-trait 

associations for complex traits. Using a new transcriptome annotation of the cattle genome generated 

for the BovReg project we also illustrate how previously un-assayable associations can be detected. 

The results and the workflow we present, provide a new resource for the community and contribute 
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to a better understanding of the molecular drivers of complex traits in cattle with the goal of eventually 

leveraging this information in future breeding decisions. 

 

Introduction 

Many quantitative trait loci (QTL) associated with complex traits in cattle have been discovered 

using genome-wide association studies (GWAS) [1–3]. The QTL database for cattle (Cattle QTLdb) 

currently contains 192,247 QTLs/associations (correct as of September 26th, 2024) [4]. However, a 

major challenge in genetic association studies is determining the biological mechanisms through which 

a locus is linked to a trait. One approach to achieve this is to characterise which variants in the locus 

are linked to changes in gene expression. For example, expression QTL (eQTL) analyses can be used to 

determine which genetic variants in a locus are linked to changes in transcription levels and, more 

specifically, to identify which genes are involved, providing potential functional mechanisms driving 

the observed genetic association [5]. Several eQTL studies have been published recently for both Bos 

taurus and Bos indicus cattle. For example eQTLs have been generated using blood, milk cells, and 

mammary gland tissues from Holstein cattle [6–10], whole blood from Brahman cattle [11], muscle 

from Angus-Brahman crossbreed cattle [12], Limousine [13] and Nellore cattle [14,15], and liver and 

muscle from Simmental cattle [16]. However, most of these studies only report the broad genomic 

region of eQTLs.  

Transcriptome-wide association studies (TWAS) are a powerful approach for detecting complex 

trait-associated genes (reviewed in [17]) by directly integrating GWAS and gene expression datasets 

[17]. In this approach, eQTL cohorts are used to build predictive models to impute gene expression 

levels from genotypes. These models can then be applied to independent GWAS cohorts, where 

genotypes and phenotypes are available, but expression data is not. In this way the imputed gene 

expression values can be directly tested for an association with the downstream traits, allowing 

researchers to directly link genes, rather than genetic variants, to phenotypes [18]. 

Recent studies, including the Cattle Genotype–Tissue Expression atlas (CattleGTEx) project [19], 

have demonstrated the power of TWAS in identifying genes driving complex traits, including lactation 

[7], male fertility [20], female fertility [11], health [21,22], and carcass traits [12]. These studies also 

highlighted a number of challenges. The full TWAS workflow requires a large number of steps and can 

therefore be challenging to implement from scratch. Additionally, many RNA-seq cohorts lack 

matching genotype data. To address this, the CattleGTEx project successfully adopted an approach of 

calling genetic variants from the RNA-seq data directly, but as demonstrated recently by Leonard et al. 

(2024), the primary limitations of such an approach are the limited coverage outside coding regions 

and allele specific expression levels confounding genotype calls [23]. Likewise, CattleGTEx and others 

have combined disparate RNA-seq cohorts together that may introduce issues such as batch effects. 

Finally, limitations of the cattle genome annotation in comparison to other species such as humans, 

can mean that gene-trait or transcript-trait associations can be missed. 

 To address these challenges, we have developed a streamlined, species-agnostic, and reusable 

Nextflow TWAS framework to integrate transcriptomic data and GWAS summary statistics. Our TWAS 

workflow integrates available tools including GLIMPSE [24], STAR [25], PrediXcan [26], and MetaXcan 

[27] to both generate gene expression prediction models from transcriptomic datasets, and to use 

these models to impute gene expression levels into GWAS cohorts to associate genes with traits of 

interest. As part of this, we explore optimal strategies for calling genetic variants directly from RNA-

seq data and illustrate that using imputation approaches specifically designed for low-pass sequencing 
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data can improve variant calling over previously adopted methods. We demonstrate the utility of this 

workflow by applying it to both novel and publicly available [28] GWAS cohorts spanning a total of 21 

unique traits, and illustrate how it is able to detect novel gene-trait associations. Using a new 

transcriptome annotation of the cattle genome, generated by BovReg Project partners, from three 

different populations of cattle across a wide diversity of tissues (described in [29]) we also illustrate 

how previously un-assayable associations can be detected.  

The results and workflow we provide are important resources to help improve our understanding 

of the molecular drivers of complex traits in cattle populations, with the goal of eventually leveraging 

this information in breeding decisions. 

 

Results 

A Nextflow workflow for performing TWAS 

To make TWAS tractable for the community, we have developed a Nextflow workflow that spans the 

whole set of analyses: from the processing of raw fastq data (including datasets downloaded from the 

public repositories where relevant), through read mapping, variant calling, expression quantification, 

TWAS model generation and finally TWAS. This workflow is summarized in Figures 1A and B. 

Novelties of this workflow include that it allows researchers with their own suitable datasets to train 

and run TWAS using our scripts totally in-house. Importantly the pipeline is flexible. For example, in 

instances where a user does not have their own cohort of matching RNA-seq and genotypes, the 

workflow provides an option to call genotypes directly from their own or publicly available RNA-seq 

datasets. Further advantages include that this workflow also allows consortia to undertake consistent 

TWAS approach without the need to share sensitive individual genotype and phenotype information 

that can be a constraint on such analyses. Consequently, we have developed a streamlined, reusable 

pipeline for TWAS in any species, that is applicable even where a user lacks their own suitable RNA-

seq datasets. 
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Figure 1: Schematic of the pipeline to generate a PredictDB database compatible with MetaXcan from 

samples without paired genotype datasets using just RNA-seq datasets. A) Detailed workflow of the 

initial steps in the TWAS pipeline.  B) S-PrediXcan TWAS workflow using the outputs from the pipeline 

shown in A.   

GLIMPSE provides improved variant calls from RNA-seq data 

As part of the development of this workflow, we assessed alternative analysis approaches at each step. 

One of the most critical steps is generating a dataset of gene expression and matching genotype calls. 

However, in livestock few large cohorts of RNA-seq data with matching genotype array or genome 

sequencing data exist. Consequently, calling and imputing variants directly from RNA-seq data has 

been adopted to overcome this limitation. For example, in the CattleGTEx project [19], variants were 

called and imputed from RNA-seq datasets using GATK [30] and BEAGLE [31] respectively. However, 

across most of the genome RNA-seq reads are perhaps more akin to low-pass sequencing data, in that 

few if any reads are found covering most bases. We therefore tested the relative performance of using 

GLIMPSE, a tool specifically designed for low coverage imputation [32], to call and impute variants 

from three Holstein-Friesian (Bos taurus taurus) and three Nellore (Bos taurus indicus) samples for 

which we had both immune cell RNA-seq data and high quality variant calls from matching ~30X 

coverage whole genome sequencing (WGS) data [33]. As shown in Figure 2 imputation with both 

GLIMPSE and BEAGLE showed substantial improvements in genotype concordance with the WGS data 

over the raw RNA-seq data variant calls. However, GLIMPSE generally not only calls more genotypes 

but does so more accurately than BEAGLE. This is observed across read depths (Figure 2) and genotype 

quality cutoffs (Figure 3) suggesting GLIMPSE is the preferred approach for such studies and is 

consequently the chosen option in our workflow. 
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It should be noted that both approaches performed comparatively poorly on the Bos indicus samples, 

for rarer variants (Supplementary Figure 1). This likely reflects the bias of the 1000 Bull Genomes 

imputation cohort [34] towards European Bos taurus breeds and highlights the importance of using a 

more representative reference cohort if imputing sequence variant genotypes in this sub-species. 

 

Figure 2: Concordance to whole-genome sequencing (WGS) for variant calling using different 

imputation methods across RNA-seq depths. The proportion of genotypes that match the high 

coverage WGS calls is shown for homozygous-reference (0/0, left panels) and non-homozygous 

reference calls (0/1 and 1/1, right panels) in Holstein Friesian (top row) and Nellore cattle (bottom 

row). RNA-seq read counts of 15M, 30M, and 60M reads are compared on the x-axis. Imputation 

methods include BEAGLE (red), GLIMPSE (blue), and non-imputed mpileup calls (grey). The size of each 

point corresponds to the number of sites evaluated.  
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Figure 3: Non-reference Concordance to whole-genome Sequencing (WGS) across RNA-seq depths and 

genotype probabilities (GP). The proportion of non-reference alleles (0/1 and 1/1) matching WGS is 

shown for Holstein Friesian (HF3457, left panels) and Nellore (Nellore1, right panels) cattle at RNA-seq 

depths of 15M, 30M, and 60M reads (rows). The x-axis represents increasing genotype probability (GP) 

thresholds. Imputation methods include BEAGLE (red) and GLIMPSE (blue). The size of each point 

corresponds to the number of matched genotypes. The proportion of genotypes matching WGS 

improves with increasing GP thresholds and RNA-seq depth, with notable differences in performance 

between the imputation methods. 

RNA-Seq data used for TWAS model training 

To further test the workflow, we downloaded RNA-seq data from public repositories for five distinct, 

cattle tissues: muscle, rumen, mammary gland, liver and jejunum. To minimize batch effects, and 

ensure sufficient power, we restricted these data to RNA-seq cohorts with a minimum of 48 samples 

(Table 1). These samples were then processed through our workflow, involving read processing and QC 

using Trim Galore, genome alignment and gene quantification using STAR [25], transcript quantification 

using Kallisto [35], covariate estimation using PEER tools [36], variant calling using bcftools [37] and 

genotype imputation using GLIMPSE [32] (Figure 1A). See methods section for more details. 
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Table 1: Details of RNA-seq datasets downloaded from the public repositories that were used as RNA-

Seq cohorts for TWAS model training. 

Bioproject Breed Tissue No. of Samples Reference 

PRJNA682457 Holstein Lactating Mammary Gland 145 [38] 

PRJEB34570 Charolais x Holstein Jejunal mucosa 66 [39] 

PRJEB34570 Charolais x Holstein Liver 48 [39] 

PRJEB34570 Charolais x Holstein Skeletal muscle 48 [39] 

PRJEB34570 Charolais x Holstein Rumen 63 [39] 

To check for any batch effects or anomalous samples in these datasets we conducted a principal 

component analysis (PCA) to cluster samples by their gene expression levels. As shown in Figure 4 the 

samples clustered closely together by tissue type, with the two gastro-intestinal tissues, jejunum and 

rumen, showing the closest association of any of the tissues, reflecting similarities in their physiology 

and function.  

 

Figure 4: Principal Component Analysis (PCA) of Gene Expression Across Tissues. Principal components 

(PC1 and PC2) are plotted to visualize the variance in gene expression profiles across five tissues (Table 

1): Jejunum (red), Liver (blue), mammary gland (green), rumen (purple), and skeletal muscle (orange). 

Distinct clustering of samples by tissue type indicates clear tissue-specific expression patterns.  

 

Increased mapping rate to annotated features in new bovine genome annotation 
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The BovReg consortium has recently generated an updated gene and transcript annotation of the 

cattle genome, the version used for the analysis presented in this manuscript is BovReg_RNA-

Seq_CAGE_merged_track_sorted_LIEGE.gtf (Costa-Monteiro-Moreira et al. 

https://figshare.com/articles/dataset/BovReg_TWAS_Annotation_File_BovReg_RNA-

Seq_CAGE_merged_track_sorted_LIEGE_gtf/29264816?file=55229522). The pipeline used to 

generate the new annotation is available via the BovReg GitHub repository 

(https://github.com/BovReg/rnaseq). This new annotation was generated from PolyA+ RNA, total 

RNA, small RNA and CAGE data from a diverse set of 24 tissue types from six individual cattle of 

different breeds, and sexes. The samples are described in Salavati et al. [29], the six individuals 

belonged to three populations representing dairy (Holstein Friesian; HF), beef–dairy cross (Charolais × 

Holstein F2; CH), and beef composite (Kinsella composite; KC) cattle. We explored the relative merits 

of using this annotation set relative to that available via the Ensembl genome browser (ARS-UCD1.2 

Ensembl v106) and found that 14,975 gene models (and 30,830 transcript models) were novel and 

unique to BovReg. As shown in Figure 5, use of the BovReg annotation substantially improved RNA-

seq mapping rates over the ARS-UCD1.2 Ensembl v108 cattle genome annotation. For example, on 

average almost 70% of RNA-seq reads from our cohorts mapped to a BovReg gene annotation 

compared to only 60% aligning to an Ensembl gene. BovReg annotations were consequently used in 

downstream analyses.  

 

Figure 5: Comparison between feature count after aligning RNA-seq reads with STAR using A) BovReg 

vs B) Ensembl.  

Performance of the workflow for TWAS model training 

To demonstrate the utility of any developed TWAS models at providing novel insights into the genes 

potentially underlying cattle phenotypes we collated summary statistics from four GWAS cohorts, 

three from BovReg partners, and one publicly available dataset [28] that had tested genetic 

associations with the phenotypes summarized in Supplementary Table 1. The sizes of these GWAS 

cohorts ranged from 3000-27000 animals (Supplementary Table 1) and the number of variants tested 

in each cohort ranged from 1,412,041 to 27,214,879. 

Using the GLIMPSE derived genotypes and our novel workflow (Figure 1A) we used the PredictDB 

software [26] to train TWAS models for predicting gene and transcript levels from the cis-genotypes 

available in each of the GWAS cohorts (Table 2). 

 

Table 2: Table summarizing the total number of variants used in model training for each GWAS cohort 

paired with tissue-level expression data. The columns represent the GWAS cohorts from various 
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institutions; ETH: Eidgenössische Technische Hochschule Zürich (Swiss Federal Institute of Technology 

in Zurich), FBN: Forschungsinstitut für die Biologie landwirtschaftlicher Nutztiere (Leibniz Institute for 

Farm Animal Biology), INRAE: Institut National de Recherche pour l'Agriculture, l'Alimentation et 

l'Environnement (French National Research Institute for Agriculture, Food and Environment), USDA: 

United States Department of Agriculture 

Tissue / Variant count for model training  ETH  FBN INRAE USDA 

PRJEB34570_jejunum 8,446,450 8,847,999 10,657,308 1,055,378 

PRJEB34570_liver 8,213,410 8,613,633 10,423,675 1,023,103 

PRJEB34570_rumen 8,394,303 8,792,940 10,602,733 1,052,929 

PRJEB34570_skeletal-muscle 8,540,114 8,940,090 10,749,162 1,069,161 

PRJNA682457_lactating_mammary_gland 9,607,151 10,012,564 11,812,700 1,211,657 

Figure 6 illustrates the performance of models trained using variants from the USDA GWAS cohort to 

predict gene expression levels. On average, 556 genes and 2,604 transcripts had valid TWAS models 

(rho-average > 0.1, p-value < 0.05; see Supplementary Table 2) that met the criteria for downstream 

analyses. The proportion of suitable models refers to the percentage of genes that passed both 

upstream filtering criteria (e.g., expression level thresholds, availability of genetic variation) and 

achieved sufficient predictive accuracy in the model training process. 

 

As expected, the lactating mammary gland tissue had the highest proportion of suitable models, likely 

due to its larger RNA-seq sample size, which improves the statistical power and robustness of model 

training. However, despite this, jejunum had the largest absolute number of valid models (937 genes), 

reflecting the influence of gene expression variability across tissues and the specific filtering applied 

to the USDA cohort. The relatively low total number of models compared to the number of annotated 

genes is due to stringent criteria applied during both preprocessing (e.g., genes with low or no 

expression were excluded) and model evaluation (e.g., requiring rho-average > 0.1 for inclusion). 

 

These results highlight the importance of both RNA-seq sample size and depth for training effective 

TWAS models. For the USDA GWAS cohort, the relatively limited number of variants (~1M) used in the 

analysis (as noted in Supplementary Table 2) may also have contributed to the reduced proportion of 

suitable models that could be trained. This reflects the smaller imputation reference panel used in the 

original study [28]. 
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Figure 6: The ability to train predictive TWAS gene-level models using the USDA GWAS cohort variant 

set. Model performance scores (rho-average) for genes across five tissues: lactating mammary gland, 

liver, jejunum, rumen, and skeletal muscle. Genes with rho-average > 0.1 (in orange) meet the 

PredictDB selection criteria, with the number of models exceeding this threshold indicated for each 

tissue. Blue points represent genes below the threshold.  

Figure 7 and 8 and Supplementary figures 2-7 illustrate that few genes or transcripts have a valid model 

across all of the tissues analysed. For example, only 6 genes and 87 transcripts have a valid model 

across all five tissues when trained on the set of variants in the USDA GWAS cohort. This partly reflects 

the fact that some genes and transcripts show tissue restricted expression or less heritability in certain 

tissues but is also in part driven by the fact that for some tissues fewer valid models were trained due 

to their sample size and sequencing coverage. This is consistent with results from analyses of human 

GTEx data that demonstrated that even in their largest cohorts of several hundred samples, not all 

regulatory variants and genes are detected [40]. In total though 139 to 937 genes and 1031 to 3861 

transcripts had a valid model in at least one tissue. 
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Figure 7: USDA Gene model counts valid across tissues for PredictDB trained models (z score p value 

<0.05 and rho average >0.1). Tissue names are abbreviated: SM = Skeletal Muscle, L = Liver, R = 

Rumen, MG = Mammary Gland, J = Jejunum. 
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Figure 8: USDA Transcript model counts shared across tissues for PredictDB trained models (z score 

pvalue <0.05 and rho avg.>0.1). Tissue names are abbreviated: SM = Skeletal Muscle, L = Liver, R = 

Rumen, MG = Mammary Gland, J = Jejunum. 

Identification of novel trait-gene associations linked to important cattle phenotypes 

Using our TWAS models with S-PrediXcan [41] we tested for gene-drivers of the genetic associations 

seen in the four GWAS cohorts (Supplementary Table 1). To aid in interpretation the novel BovReg gene 

and transcript models were mapped to Ensembl gene names and annotations where possible 

(Supplementary Tables 3 and 4). In total, the inferred expression levels of 75 genes and 252 transcripts 

were significantly associated with at least one trait in at least one tissue. Among these, 6 genes and 23 

transcripts were associated with the same trait across tissues, indicating potential involvement in 

multiple biological contexts. Additionally, 27 genes and 67 transcripts were associated with more than 

one phenotype, suggestive of potential pleiotropic effects. These values reflect the unique counts of 

genes and transcripts across studies, accounting for overlap between categories. A detailed study-level 

breakdown, of unique counts of genes and transcripts across cohorts, accounting for overlap between 

categories, with the number and list of IDs split by partner/breed/gene-transcript is included in 

Supplementary Table 5. These results are visualised in Figures 9 and Supplementary figure 8 at the 

gene level and in Supplementary figures 9 and 10 at the transcript level. 
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Figure 9: Gene-Trait-Tissue Associations (Bonferroni-adjusted p < 0.05). Bar heights on the furthest left 

panel indicate the number of tissues in which each gene (Y-axis) is associated with a given trait (X-axis). 

For each gene, the chromosome and start position are displayed to provide an indication of collocating 

genes. On the right, results are summarised by tissue with bar heights representing the number of 

traits the corresponding gene was associated with in the given tissue. This visualization summarizes 

cross-tissue and cross-trait associations for significant genes.    

The top TWAS results for milk yield, protein percentage and stature are shown in Table 3. The full 

results for all tissues and traits analysed are included in Supplementary Tables 6-8. Our analysis 

captured many well-known genes linked to, for example, milk production traits in the literature e.g. 

ABO [28], DGAT1 [42], SLC4A4 [43], PKD2 [44], CSF2RB [45,46] (Table 3). 

Table 3: The top genes associated with milk yield, protein percentage and stature traits (Bonferroni-

adjusted p-value < 0.01), across all four GWAS cohorts. Where a gene/locus is associated with more 

than one trait and/or in more than one tissue or cohort only the most significant association is shown. 

“Novel” indicates BovReg transcript models that did not match an Ensembl transcript using 

gffcompare, with the number in brackets indicating the number of unmatched transcripts. The count 

within brackets shows the number novel. Note some of the BovReg transcript models span more than 

one Ensembl transcript. In these cases each gene name is indicated. 

Gene/locus name Bonferroni-
adjusted p-
value 

Trait Study Cohort Tissue 

DGAT1, SCRT1 4.55E-80 Milk yield INRAE HOL Rumen 

EXOSC4, GPAA1 9.83E-80 Milk yield INRAE HOL Rumen 

CPSF1 1.97E-75 Protein 
percentage 

USDA HOL Jejunum 

C14H8orf33 7.10E-64 Milk yield USDA HOL Jejunum 

Novel(1) 6.86E-36 Milk yield USDA HOL Liver 

ENSBTAG00000048160, Novel(4) 1.12E-30 Protein 
percentage 

USDA HOL Muscle 

EPPK1, PLEC, bta-mir-2309 2.70E-26 Milk yield USDA HOL Muscle 

Novel(5), SOX13 4.79E-17 Protein 
percentage 

ETH DAM Mammary 
Gland 

SLC4A4 8.26E-17 Protein 
percentage 

USDA HOL Jejunum 

ZNF34 1.38E-13 Protein 
percentage 

USDA HOL Rumen 

HSTN 1.95E-13 Protein 
percentage 

INRAE HOL Mammary 
Gland 

PICALM 9.36E-13 Protein 
percentage 

INRAE HOL Mammary 
Gland 

ENSBTAG00000015047, 
ENSBTAG00000039647, 
ENSBTAG00000052023, 
ENSBTAG00000053565, 
MGC152010 

5.24E-10 Protein 
percentage 

ETH DAM Liver 

CSN2 2.15E-07 Protein 
percentage 

INRAE NOR Mammary 
Gland 
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LAPTM4A 3.23E-07 Stature USDA HOL Mammary 
Gland 

PKLR 6.36E-07 Protein 
percentage 

INRAE HOL Liver 

TMPRSS11BNL 1.62E-06 Protein 
percentage 

INRAE NOR Rumen 

PKD2 1.57E-05 Protein 
percentage 

USDA HOL Mammary 
Gland 

ABO 4.69E-05 Protein 
percentage 

USDA HOL Jejunum 

ENSBTAG00000049117, PUM2 5.98E-05 Stature USDA HOL Jejunum 

CSF2RB 0.000111005 Protein 
percentage 

ETH DAM Mammary 
Gland 

ENSBTAG00000052400 0.00013592 Protein 
percentage 

INRAE NOR Mammary 
Gland 

SELENOP, bta-mir-12004 0.000167438 Protein 
percentage 

USDA HOL Rumen 

SLC52A2 0.00024349 Milk yield INRAE HOL Mammary 
Gland 

CYHR1 0.000311285 Milk yield INRAE HOL Liver 

MAFA 0.000340009 Protein 
percentage 

INRAE NOR Muscle 

ENSBTAG00000049824 0.000376683 Protein 
percentage 

INRAE MON Mammary 
Gland 

LY6E 0.000407975 Milk yield INRAE HOL Jejunum 

SHE 0.000411819 Protein 
percentage 

INRAE HOL Liver 

RIN2 0.000496454 Milk yield USDA HOL Mammary 
Gland 

LMAN1 0.001043752 Protein 
percentage 

INRAE HOL Mammary 
Gland 

ENSBTAG00000003523 0.001104402 Protein 
percentage 

ETH DAM Liver 

TTC38 0.001884925 Protein 
percentage 

INRAE MON Liver 

Novel(3), PABPC1 0.00404533 Protein 
percentage 

INRAE HOL Rumen 

ENSBTAG00000002148, TMEM205 0.004191098 Stature USDA HOL Mammary 
Gland 

EED, Novel(1) 0.006027843 Protein 
percentage 

INRAE HOL Mammary 
Gland 

HMGCS1 0.006852071 Protein 
percentage 

USDA HOL Rumen 

CHID1 0.007645734 Stature USDA HOL Mammary 
Gland 

GRN 0.008698239 Protein 
percentage 

INRAE MON Mammary 
Gland 

GPIHBP1 0.008710602 Protein 
percentage 

USDA HOL Mammary 
Gland 
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ADAM15, EFNA4 0.016032205 Protein 
percentage 

INRAE NOR Rumen 

CSN1S1, CSN1S2, CSN3 0.016485658 Protein 
percentage 

INRAE MON Mammary 
Gland 

TALDO1 0.017416243 Stature USDA HOL Liver 

PIGC 0.027834882 Protein 
percentage 

INRAE MON Rumen 

RPL29 0.034671816 Protein 
percentage 

INRAE NOR Rumen 

PUF60 0.037273866 Milk yield USDA HOL Liver 

UTP3 0.041959163 Milk yield ETH DAM Liver 

Novel(17) 0.043125269 Protein 
percentage 

USDA HOL Liver 

PBXIP1 0.045780072 Protein 
percentage 

INRAE NOR Muscle 

Other genes with significant gene-trait associations with milk production in our analysis (Table 3) 

included SLC4A4, which was associated with expression in jejunum in this study, and has previously 

been linked to milk production and composition traits in Barka cattle [43]. Another gene associated 

with expression in the jejunum and linked to protein content, protein percentage and milk yield traits 

was ABO. ABO has been associated with milk production traits using GWAS in Holstein-Friesian cattle 

previously by Jiang et al. (2019) [28]. Jiang et al. (2019) also linked CSN1S1 to fat and protein 

percentage in milk which we found was significantly associated with these traits and expression in 

mammary gland in our analysis. The predicted expression of gene PKD2 in mammary gland tissue was 

associated with protein percentage, and this gene has previously been associated with milk production 

traits in Norwegian Red cattle [44]. CSF2RB also showed a significant gene-trait association with 

protein content and protein percentage and is known to be highly expressed in the mammary gland of 

lactating dairy cattle [45] and associated with fat and protein percentage [46].  

Figure 10 shows the results for milk protein percentage using the lactating mammary gland PredictDB 

models. As can be seen for most GWAS loci a candidate driver gene is identified. Notably PICALM was 

significantly associated with milk protein percentage despite no significant association being observed 

at the same locus in the underlying GWAS data. Given PICALM has previously been linked to milk 

composition traits [47] this suggests that this TWAS result is likely not a spurious association. This 

highlights how TWAS can not only identify the genes potentially driving significant GWAS loci, but also 

identify new potential loci linked to the trait where no individual variant was genome-wide significant 

in the original GWAS data. This is consistent with previous studies illustrating that TWAS can 

complement GWAS by more effectively identifying candidate functional genes, particularly in species 

with high levels of linkage disequilibrium.  
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Figure 10: Comparison of CattleGTEx and BovReg TWAS results for the protein percentage trait in the 

mammary gland. The grey points represent USDA protein percentage GWAS results, with each point 

corresponding to a variant's -log10(p-value), plotted by chromosomal position. Alternating background 

colours distinguish chromosomes. BovReg TWAS results (blue points) are shown in the upper half, 

while CattleGTEx TWAS results (yellow and green points) are in the lower half. This highlights 

overlapping and unique gene associations across datasets. 

Comparison of our TWAS results with results from the CattleGTEx project 

We compared the results of our TWAS to those from the CattleGTEx project [19] (Figure 10). Despite 

overlaps these results are not redundant, with some GWAS peaks only being linked to a candidate 

gene in one or other dataset (Figure 10). For example, the KHDC4 locus, which has previously been 

associated with milk casein content in Belgian Blue cattle [48], was only identified in the CattleGTEx 

dataset, while, a novel gene on chromosome 6 and PICALM (mentioned above) were only identified in 

our analysis.  

The CattleGTEx project identified a TWAS peak linked to DGAT1 [19]. DGAT1 is a well-known functional 

gene for fat content and milk production in cattle, though the main effect of the DGAT1 variants are 

not on protein synthesis and gene expression level [42,49]. In Figure 10 depicting the TWAS results for 

milk protein percentage and gene expression in the mammary gland tissue, a TWAS peak for DGAT1 is 

missing in the BovReg results because no valid model was generated for this gene in this tissue. Closer 

examination highlighted this is likely in part because the gene models for DGAT1 and SCRT are merged 

in the BovReg transcriptome annotation, whereas the CattleGTEx project used the corresponding 

Ensembl annotation. However, Figures 9 shows that a significant gene-trait association of this merged 

model with milk protein percentage at the gene level is still detected in the rumen. Together these 

results illustrate our results are complementary to the previous CattleGTEx results, with several new 

associations detected both at known and novel genes providing new insights into the biological 

mechanisms driving these phenotypes. 
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We then performed a more detailed comparative analysis, using mammary gland tissue as an example, 

of significant genes identified in our BovReg TWAS approach, and those in the CattleGTEx dataset 

within a 5 Megabase (Mb) window. With the aim of identifying how the different approaches and 

annotations used impact results. We observed several novel gene associations across various 

phenotypic categories in the BovReg cohort (Supplementary Table 11). These are described below for 

three subsets of traits: 

Milk Production and Composition Traits: For traits related to milk production and composition—

namely milk yield, protein content, protein percentage, and fat percentage—we identified multiple 

significant genes unique to the BovReg dataset. Notably, MSTRG.7781 (RIN2) was significantly 

associated with both milk yield and protein content, suggesting a potential role in lactation processes. 

In the case of protein percentage, four out of six significant genes (66.67%) were unique, including 

MSTRG.38332 (Novel (1)), MSTRG.12002 (Novel (5), SOX13), MSTRG.29965 (PICALM), and 

MSTRG.21200 (SELENOP, bta-mir-12004). For fat percentage, MSTRG.13074 (IVNS1ABP) was the 

unique significant gene identified, potentially indicating a novel involvement in lipid metabolism within 

bovine mammary tissue. 

Body Conformation Traits: Regarding body conformation traits such as body depth and stature, we 

found that MSTRG.39515 (ENSBTAG00000002148, TMEM205) was uniquely associated with both traits 

in the BovReg dataset. Additionally, for stature, MSTRG.30950 (CHID1) and MSTRG.30962 (TALDO1) 

were identified as significant genes without corresponding significant CattleGTEx associated genes 

within 5 Mb, suggesting novel genetic influences on skeletal development in cattle. 

Reproductive Traits: In the category of reproductive traits, specifically sire stillbirth, the gene 

MSTRG.35987 (CNPY2, CS, bta-mir-12054) was uniquely significant in our dataset. This finding may 

point to new genetic factors affecting reproductive outcomes in bovines. Especially as CNPY2 was 

identified previously in a genome-wide scan for candidate genes underlying maternal effects of 

preweaning calf mortality in Nellore cattle [50]. 

These results indicate that due to the difference in annotations and RNA-seq and GWAS datasets used, 

a substantial proportion of significant gene associations identified in the BovReg TWAS using mammary 

gland tissue as an example are unique to our bovine cohort and were not detected in the CattleGTEx 

dataset within the specified genomic window. The recurrence of genes like MSTRG.7781 (RIN2) and 

MSTRG.39515 (TMEM205) across multiple related traits underscores their potential importance in 

bovine physiology and development. 

Discussion  

We have provided gene-trait associations for cattle using a novel, reusable TWAS workflow that 

generates gene expression prediction models from RNA-seq datasets with or without matching 

genotype data and imputes gene expression levels into GWAS cohorts with just summary statistics. 

Since reference panels of matching gene expression and genotypes across large cohorts of cattle are 

rare and expensive to generate, as part of our workflow we included the ability to produce prediction 

models where the genotypes are called from the RNA-seq data directly. We show that genotypes called 

from RNA-seq data with software designed for low pass sequencing data are more accurate than those 

called using previously adopted methods. In the analysis presented in this study we tested the 

workflow we developed by training transcriptome models on genotypes called from publicly available 
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large RNA-seq cohorts [6,39] and performed a TWAS using GWAS summary statistics provided by 

BovReg partners, and publicly available datasets [28].  

The most significant gene-trait associations in our analysis were for milk yield and protein 

percentage and content. Reassuringly, several known gene-trait associations were identified including 

for DGAT1 [42,49], PKD2 [44], SLC4A4 [43], ABO [28], and CSN1S1 [28]. There were also some 

interesting novel associations for other traits identified. For example, the immunity related gene CD14 

expressed in mammary gland tissue was associated with gestation length (GL-DYD). CD14 is essential 

for pathogen recognition in the mammary gland and other tissues and is expressed at high levels in 

bovine mammary epithelial cells and in milk [51]. In contrast for somatic cell count (SCS), the only 

immune related trait in our analysis, there were no gene-trait associations for genes with known 

immune function, though there were significant associations with genes with routine cellular 

processes including GPAA1 and CPSF1 expressed in liver and jejunum respectively. The only other gene 

with known immune function and a significant gene-trait association in our analysis was CSF2RB which 

was associated with protein content and milk yield in the mammary gland. Previous studies have 

shown that multiple QTL underlie milk phenotypes at the CSF2RB locus [46,52] and that CSF2RB is 

highly expressed in the mammary gland in dairy cattle [45]. The lack of immunity related gene-trait 

associations in our study is largely due to the traits analysed. Other recent studies have used TWAS to 

fine-map gene-trait associations for resistance to bovine tuberculosis [21] and to understand 

susceptibility to metabolic diseases such as ketosis [22]. 

We also highlight that several novel genes were discovered in our analyses that were undetected 

or untested in previous studies, including, when comparing our results to TWAS results from the 

CattleGTEx consortium [19], and even when using the same GWAS summary statistics.  For example, 

the PICALM gene was linked to protein percentage in mammary gland tissue in our analysis but not in 

CattleGTEx, suggesting a difference in the gene expression prediction models between the two studies. 

Whereas CattleGTEx combined RNA-seq datasets deriving from different studies, in this analysis we 

chose to only use single cohort RNA-seq datasets. This has the disadvantage of reducing sample sizes 

but potentially reduces confounding by batch effects. Likewise, our use of a novel gene build (the 

BovReg transcriptome annotation) enabled us to detect associations with previously untested genes 

and transcripts, providing new insights into potentially causative genes. Notably, however, CattleGTEx 

did detect associations not identified in this study. Consequently, a combination of both approaches 

may produce the most complete set of genes and loci linked to given traits. 

Due to a lack of available GWAS data, and/or summary statistics our analysis was focused 

predominantly on milk production traits. Sharing of summary statistics from GWAS would greatly 

facilitate TWAS studies for cattle and other farmed animals. Recent publications have described the 

potential benefits of sharing summary statistics [45] with suitable defined metadata standards [54]. 

The analysis frameworks we have provided, however, can now be expanded to other tissue types and 

traits e.g. for feed efficiency/conversion [16,55]. We have shared the Nextflow [56] workflows via 

GitHub (https://github.com/evotools/bovreg-twas-suite). Standardised analysis pipelines are an 

important part of FAIR bioinformatics research [57]. Recently a case study was published of nf-core 

adoption by the BovReg Project and five other European research consortia under the EuroFAANG 

umbrella and dedicated to farmed animal genomics [57]. Researchers can now apply our pipeline to 

their own datasets and assess their ability to identify novel gene-trait associations using these models 

and appropriate summary statistics across mapping populations. The gene expression models we have 

generated have been shared with partners within the BovReg consortium to assess their merit in 

predicting phenotypes and genomic breeding values and to identify loci of interest for functional 

validation in appropriate bovine cell lines. 
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The functional annotation information generated for cattle, by the BovReg project e.g. [29], US 

Cattle FAANG projects e.g. [58] and shared via the Functional Annotation of Animal Genomes (FAANG) 

initiative provides the opportunity to understand transcriptional/post-transcriptional regulatory 

mechanisms underpinning GWAS and TWAS hits for complex traits in cattle [59,60]. To facilitate further 

analysis gene-trait associations could be made available as tracks, through the FAANG Data Portal 

(https://data.faang.org/home) [61] and the Ensembl genome browser [62], including, for example, the 

chromosomal locations, positions and lead SNPs. Our comprehensive Nextflow pipeline offers a 

reusable, reproducible, and transparent solution for transcriptome-wide association studies across 

species (with suitable imputation training sets e.g. pig [63] and chicken [64]) - a resource that will fuel 

ongoing and future FAANG efforts aimed at linking functional annotation to phenotypes. We tested 

the workflow on the resources available for the BovReg project, but users can expand this by 

generating their own reference panels and testing the workflow across larger sample sizes and more 

diverse breeds. Users can also integrate subsequent updates of the reference genome annotation (e.g. 

ARS-UCD 2.0 Ensembl release 115) into the workflow which might improve mapping rate and feature 

coverage. By combining updated genome annotations with robust gene expression prediction models, 

we provide insights into the regulatory architecture of complex traits in cattle, a priority species for 

the FAANG community. We share the pipeline and resources openly, dovetailing with FAANG’s 

commitment to FAIR (Findable, Accessible, Interoperable, and Reusable) data and tool development. 

The results and the workflow we have presented for the BovReg project will contribute to improving 

our understanding of the molecular drivers of complex traits in cattle populations with the goal of 

eventually leveraging this information in breeding decisions. 

Methods 

Reference Panel Generation for Genotype Imputation 

The reference panel used for genotype imputation from RNA-seq data was generated from publicly 

available genotypes provided by the 1000 Bull Genomes Project (accession number ERZ1738264). To 

ensure compatibility with GLIMPSE and to maintain data quality, the genotype data were initially 

filtered for biallelic SNPs located on autosomes using bcftools (v1.13). Further filtering steps included 

applying call rate (CR) and genotype quality (GQ) thresholds with bcftools, retaining only SNPs with CR 

≥ 75% and GQ ≥ 20. Finally, the filtered reference panel was phased using BEAGLE [31]. 

Evaluation of Imputation Accuracy 

The imputation accuracy of GLIMPSE v1.1.1 [32] was evaluated in comparison to BEAGLE using 

matching whole-genome sequencing (WGS) genotype calls and RNA-seq data from [33]. The WGS 

genotypes included three Holstein (European Taurine: HF3457, HF3458, HF3471) and three Nellore 

(Indicine: Nellore1, Nellore2, Nellore3) samples. RNA was derived from various immune cell types (B 

cells, CD4, CD8, Monocytes, NK cells) and deeply sequenced, yielding up to 600 million paired-end 

RNA-seq reads per individual. 

To assess imputation accuracy across different sequencing depths, reflective of those commonly found 

in public datasets, the merged RNA-seq fastq reads across cell types were downsampled using Seqtk 

(v1.3 (r106)), maintaining pairing consistency with a fixed random seed. The reads were downsampled 

to 15 million, 30 million, and 60 million reads, and the results were compared to both the WGS 

genotypes and imputed calls. 

RNA-seq Data Processing and Genotype Calling 
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RNA-seq reads were aligned to the ARS-UCD1.2 reference genome using the Ensembl v106 gene build 

for GLIMPSE validation and the BovReg transcriptome annotation for downstream processing of study 

samples with STAR (version 2.7.10a) [25], applying specific parameters for alignment 

(outFilterMismatchNmax 3, outFilterMultimapNmax 10, outFilterScoreMinOverLread 0.66). Initial 

genotypes were called using bcftools (v1.13) mpileup. Imputation was performed using the filtered 

reference panel with GLIMPSE v1.1.1 and BEAGLE. Concordance was then calculated for homozygous 

reference alleles (0/0) and non-reference alleles (0/1, 1/1) after filtering the genotypes for WGS GQ > 

25 and imputed genotypes with GP ≥ 0.8. 

RNA-seq Data Processing Pipeline 

A Nextflow pipeline was implemented to process RNA-seq reads, quantify gene and transcript 

expression levels, and impute genotypes for training PredictDB models. The pipeline accepts input in 

the form of publicly available RNA-seq accession IDs or local fastq files, along with a reference genome, 

gene annotation, and a genotype reference panel. 

The process begins by downloading the fastq files associated with the accession IDs using 

enaBrowserTools (github.com/enasequence/enaBrowserTools). These files undergo quality control 

and adapter sequence trimming via TrimGalore (v 0.6.7) [64]. The trimmed reads are then aligned to 

the reference genome using STAR (v2.7.10a, parameters: outFilterMismatchNmax 3, 

outFilterMultimapNmax 10, outFilterScoreMinOverLread 0.66) for gene-level quantification, while 

transcript-level quantification is performed using Kallisto (v 0.50.0, option:-b 100) [35]. Genes and 

transcripts are filtered to include only those expressed in at least 50% of the samples. Gene-level 

expression estimates from STAR are normalised to FPKM, and transcript-level expression from Kallisto 

is reported in TPM; these values are used for downstream TWAS model training. Covariates are 

estimated from the expression data using PEER tools (r-peer v1.3) [36], with the number of PEER 

factors determined based on sample size, and modifiable by the user: 60 factors for ≥350 samples, 45 

for 250–349 samples, 30 for 150–249 samples, and 15 for fewer than 150 samples [40]. Users can 

adjust these parameters in the workflow configuration. When parallelised and run with a maximum 

of 70Gb of RAM per task this workflow processed one high coverage RNA-seq sample (ERR4314106) 

in <4hrs (33 CPU hours). 

 PredictDB Model Training 

The training process utilized a custom R script adapted from the PredictDB repository 

(github.com/hakyimlab/PredictDB-Tutorial). This script employs the glmnet library for elastic net 

regularization, processing genotype and expression data by filtering SNPs, adjusting gene expression 

for covariates, and conducting cross-validated elastic net regression. Only SNPs that overlapped 

between the genotype data and those tested in the GWAS study were included. Importantly, the set 

of included SNPs varied across cohorts due to differences in genotype quality control, and availability 

in the GWAS datasets. This resulted in cohort-specific variant sets being used for model training, 

tailored to maximize performance within each respective cohort. Model performance was evaluated 

using R-squared, correlation, and p-values, and models were filtered based on performance criteria (z-

score p-value < 0.05 and rho average > 0.1). 

Transcriptome-wide association studies 

The resulting PredictDB models were subsequently used with S-PrediXcan (MetaXcan 0.7.5) [41] to 

analyze TWAS results using available GWAS summary statistics. TWAS result p-values were corrected 

using the Bonferroni adjustment procedure, and significant hits were identified for each GWAS study 

cohort. 
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Annotation of BovReg transcript model using Ensembl Reference Annotations 

To integrate the BovReg RNA-Seq transcriptome with Ensembl reference annotations (Bos taurus ARS-

UCD1.2, release 111), we used gffcompare v0.12.6 to classify assembled transcripts based on their 

alignment with known genes. Transcripts were systematically annotated with gene IDs, gene names, 

and reference transcript mappings. Novel transcripts were assigned unique labels, with the number in 

parentheses indicating how many novel transcripts were identified for each gene. The final annotation 

file provides a comprehensive mapping of BovReg transcripts to reference genes, distinguishing known 

and novel transcriptomic features in cattle. 
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Supplementary Materials 

Supplementary Table 1: GWAS sources, phenotypes, cohort sizes, and breed information used in the 

study. 

Supplementary Table 2: Details of the RNA-seq datasets used for model training. It includes accession 

IDs, tissue types, SNP sets, and the number of models pre- and post-filtering based on z-score p-value 

(<0.05) and rho average (>0.1). 

Supplementary Table 3: BovReg Gene Models along with their corresponding GffCompare hits. It 

includes comparisons to known gene annotations. 

Supplementary Table 4: BovReg IDs and their best matching transcript annotations. It identifies the 

most accurate matches for each transcript model, including novel and known annotations. 

Supplementary Table 5: These set of tables contain the summary of significant gene and transcript 

associations across partner-breed combinations and tissues for each TWAS. 

Supplementary Table 6: The top genes associated with milk yield across more than one tissue or 

cohort. 

Supplementary Table 7: The top genes associated with protein percentage across more than one tissue 

or cohort. 

Supplementary Table 8: The top genes associated with stature across more than one tissue or cohort. 

Supplementary Table 9: Top hit genes with Bonferroni-adjusted p-value < 0.05 across all TWAS. 

Supplementary Table 10: Top hit transcripts with Bonferroni-adjusted p-value < 0.05 across all TWAS. 

Supplementary Table 11: Comparison of novel TWAS hits between BovReg and CattleGTEx in the 

mammary gland across phenotypes. 



Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof

Supplementary Figure 1: A) GLIMPSE genotype concordance with WGS for Bos taurus (Holstein 

Friesian) samples across MAF bins. B) Equivalent concordance for Bos indicus (Nellore). Panel A and B 

are shown with different y-axis ranges because imputation accuracy is markedly lower in Bos indicus, 

especially at rare variants. This reflects the Bos taurus bias of the 1000 Bull Genomes reference panel. 

Supplementary Figure 2: ETH Gene model counts shared across tissues for PredictDB trained models 

(zscore pval <0.05 and rho avg.>0.1). 

Supplementary Figure 3: ETH transcript model counts shared across tissues for PredictDB trained 

models (zscore pval <0.05 and rho avg.>0.1) 

Supplementary Figure 4: INRAE Gene model counts shared across tissues for PredictDB trained models 

(zscore pval <0.05 and rho avg.>0.1) 

Supplementary Figure 5: INRAE transcript model counts shared across tissues for PredictDB trained 

models (zscore pval <0.05 and rho avg.>0.1) 

Supplementary Figure 6: FBN gene model counts shared across tissues for PredictDB trained models 

(zscore pval <0.05 and rho avg.>0.1) 

Supplementary Figure 7: FBN transcript model counts shared across tissues for PredictDB trained 

models (zscore pval <0.05 and rho avg.>0.1) 

Supplementary Figure 8: Visualisation of genes with significant TWAS associations across each of the 

five tissues types for all of the traits analysed (p-value <0.05, Bonferroni corrected). Integration of the 

SNP genotyping, gene expression, and GWAS summary data using S-PrediXcan. White areas indicate 

no valid model was trained for the gene indicated on the X axis in the given tissue (labelled to the 

right). Grey areas mean a valid model was trained but the gene’s expression was not significantly 

associated with the trait indicated on the left Y axis. Coloured boxes indicate the gene’s expression was 

significantly associated with the given trait in the specified tissue. 

Supplementary Figure 9: Visualisation of transcripts with significant TWAS associations across each of 

the five tissues analysed for the traits analysed (BH corrected p-value <0.05). Integration the SNP 

genotyping, transcript expression, and GWAS summary data using S-PrediXcan. 

Supplementary Figure 10: Transcripts with significant TWAS associations summarised for each of the 

traits analysed (BH corrected p-value <0.05). Overlaps in tissue-specificity, chromosomal location and 

start position are shown for each transcript. 
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Highlights 

 

• A streamlined and reusable Nextflow TWAS workflow to integrate transcriptomic and GWAS 
summary statistics datasets, generated for the H2020 BovReg Project. 

• Utility demonstrated by applying the TWAS workflow to both novel and publicly available 
GWAS cohorts for cattle. 

• Detection of novel gene-trait associations for complex traits e.g. milk production and 
conformation. 

• Contributes to a better understanding of the molecular drivers of complex traits in cattle. 


