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Introduction 

Regions of the genome that contain tandemly repeated sequence are referred to as tandem 

repeats (TRs). The repeated sequence units range from 1 bp monomers up to polymers 

thousands of bases long. If the number of tandemly repeated units varies in a population the 

locus is then referred to as a variable number tandem repeat (VNTR). VNTRs are features 

that vary in length through replication slippage or sequence by mutation in the repeat 

sequence motifs, or both (Pumpernik et al., 2007; Viguera et al., 2001). 

Given their repetitive structure and multiallelic nature, the genotyping of VNTRs through 

short read mapping is difficult (Tanudisastro et al., 2024). However, long read sequencing 

has made high throughput genotyping of VNTR alleles more accurate as individual reads can 

span the entire feature (Tanudisastro et al., 2024). VNTR allele length has been shown to 

associate with molecular phenotypes such as gene expression which may manifest in 

complex trait and disease variability (Hannan 2018; Bhati et al., 2023; Leonard et al., 2023). 

Often genotyping alleles by sequence variation is excluded from VNTR analyses even though 

it can independently impact gene expression (Yu et al., 2023). Modern tools like TRGT and 

vamos now leverage reference aligned long-read sequences to genotype VNTRs by both 

length and sequence (Dolzhenko et al., 2024; Ren et al., 2023). These genotypers require a 

repeat definition file which annotates the location and possible sequence motifs of each 

repeat locus. 

Here we annotate TRs and VNTRs in cattle and then genotype VNTR alleles based upon 

length and sequence variation. We identify variation in VNTR alleles that associates with 

gene expression change and refer to these as expression VNTR (eVNTR). We identify 

eVNTR using a traditional summary statistic, mean allele length, and compare these to 

eVNTR discovered by a mixed model identifying allele specific additive associations to gene 

expression change. We show that eVNTR identified by the mixed model can be explained by 

known sources of variation, such as mean allele length. 

 

Materials & Methods 

We annotated TR/VNTRs in 92 haplotype resolved assemblies of taurine cattle, indicine 

cattle, and a wisent. All assemblies were mapped to the ARS/UCD2.0 reference sequence 

with minimap2 (v2.26-r1175), while TR/VNTR loci were identified with TRF (Tandem 

Repeat Finder, v4.09) and RepeatMasker (v4.1.7-p1) (Li, 2018; Benson, 1999; Smit et al., 

2013-2015). The buildTRs (v7.32.4) workflow (Gu and Chaisson, 2024) was used to create a 

repeat definition file annotating these VNTRs. Features <10 bp or only having monomer 

motifs were excluded from annotation. Results were reformatted to match input requirements 

of TRGT. 

TR/VNTR alleles were genotyped from long read alignments of 231 individuals with TRGT 

(v2.1.0) using the cluster algorithm (Dolzhenko et al., 2024). Individuals represent taurine 

and indicine cattle, as well as one wisent. Output VCF and bam files were sorted and indexed 

with bcftools (v1.6) and samtools (v1.17) (Danecek et al.,2021). Alleles from individual VCF 

files were recoded to population scale with TRGT merge. 
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A subset of 117 individuals had RNA expression data from testes (Mapel et al., 2024). These 

were used for association testing to find eVNTR. Matrices of mean allele length and 

genotype were created by extracting information from the merged VCF with population 

encoded TR/VNTR alleles. The gene expression TPM matrix and a covariate file including 

the top principal components of a genomic relationship matrix were previously generated by 

Mapel et al., 2024. An intercept, PCs of the RNA expression matrix and PCs of the SNP 

genotype matrix were included in all analyses in the fixed effect matrix Xnxp (n=number of 

individuals, p=number of fixed effects). Cis-eQTL analyses were performed for all VNTRs 

within 2MB windows of the gene start site (±1MB). A multiple linear regression with 117 

individuals was performed to find the association of mean allele length to gene expression 

using the python module statsmodels.api.OLS (Statsmodels Developers, 2024). 

An allele dosage matrix (Znxm) (m=number of alleles) was created for each VNTR locus. Z 

encodes how many alleles (0, 1, or 2) each individual has for each allele. The dosage matrix 

Z was encoded in three different ways for three separate analyses 1) AllAlleles includes all 

individuals and alleles 2) CollapseRareAlleles keeps all individuals but collapses all alleles 

present < 3 times in the population to one ‘rare’ column 3) NoRareAlleles removes any allele 

with < 5% minor allele frequency and individuals carrying the allele. 

Non-zero components of variance were found for Z with python module 

numpy_sugar.linalg.economic_qs_linear (v1.5.3). A mixed model was fit with python 

module glimix_core.lmm.LMM (v3.1.11) with the non-zero components of variance for Z as 

the random effect structure using maximum likelihood estimation in the model below. 

y ~ N (Xβ, v₀ZZᵀ + v₁Inxn)        (1) 

ynx1 is the vector of gene expression values per individual, Xnxp is the fixed effect matrix 

(including intercept and PCs), βpx1 is the vector of fixed effect estimates, v₀ is the genetic 

component of variance explained by covariance matrix ZZT, v₁ is the residual variance, Inxn is 

an identity matrix. The likelihood ratio test (LRT) was used to compare the full model 

(above) to a null model where ZZT was replaced with Inxn. P-values were calculated with the 

scipy.stats.chi2 module and significant if pvalue < 1e-07. 

Allele specific effects on gene expression (u) were calculated for significant gene/VNTR 

pairs with the BLUP formula where each allele is penalized with a ridge penalty (by adding 

(v1 / v0) to the diagonal of ZTZ) (Hoerl and Kennard 1970; Henderson, 1975). 

u = (ZᵀZ + (v1 / v0) Imxm)-1 ZT (y – Xβ)      (2) 

 

Results & Discussion 

809,222 TR/VNTR loci (excluding homopolymers) were annotated in the repeat definition 

file (feature length mean=62.1, median=38.0, min=9, max=9646) as well as effective repeat 

motifs representing the motif diversity in taurine and indicine cattle as well as one European 

bison (motif length mean=23.0, median=9.0, min=2, max=2777). TR/VNTR genotyping of 

autosomal chromosomes identified 29,011 invariant TRs, 368,593 low variability VNTRs 

(major allele frequency >95%), and 384,337 VNTR loci (major allele frequency <95%). 

752,930 loci are autosomal and are the focus of our analyses. 

VNTR mean allele length is a useful and commonly used summary statistic for associating 

VNTR variation with gene expression. Mean VNTR allele length was significantly associated 

with 3,901 different genes. However, this summary statistic does not detect independent 

allele effects and ignores SNP variation. Therefore, we designed a mixed model-based 

approach where the allele dosage matrix Z specifies the genetic structure of each VNTR 

locus. This approach was split into two steps 1) detection of significance and 2) predicting 

allele specific effects on gene expression (Methods). Significant eVNTRs indicate that the 

distribution of alleles across individuals covaries with gene expression change. Allele BLUPs 

predict gene expression changes relative to other alleles. How the alleles differ from one  
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Figure 1. The best VNTR association for gene PRDM6 (ID=7.30715719.30715738). Left 

subplot X-axis shows each individual’s predicted effect on gene expression (the sum of the 

two allele BLUPs) compared to the Y-axis residuals of gene expression after accounting for 

fixed effects. The individual BLUPs sort the data into genotypic categories (genotypes shown 

above). Right subplot shows the allele specific predictions on gene expression on the X-axis 

and their frequency for three alleles 0, 2, 8 on the Y-axis. 

 

another is not known. The most significant VNTR (7.30715719.30715738) associated with 

gene PRDM6 (Fig. 1) indicates that gene expression covaries with allelic dosage across 

individuals, and the allele BLUPs predict that an unknown characteristic causes a change in 

gene expression. We found this VNTR to also be significant in the mean allele length 

analysis, and mean allele length is strongly correlated (r2=.99) with the allele BLUPs. Allele 

sequences at this VNTR show a 2 bp (AC motif) expansion between alleles 2, 0, and 8 in 

their allele signatures: (AC)6CC(AC)2, (AC)7CC(AC)2, and (AC)8CC(AC)2 respectively 

(Figure 1). Therefore, we show that the mixed model detected a significant eVNTR that is 

associated with allele length variation.  

Mixed modeling found 1129 genes to have significant eVNTRs that were not found in the 

mean allele length analysis. These associations imply that other allelic characteristics (like 

SNP variation) or linkage of alleles to other variants drive these associations (Fig. 2). 

 

Conclusions 
We provide an overview of VNTR diversity in cattle and create a repeat definition file that 

allows genotyping of this previously neglected source of genomic variation from long read 

alignments. Genotyping VNTR alleles by length and sequence content allows us to detect 

variation that was often excluded. We show how allele length change, associates with gene 

expression and how this variation is also identified as eVNTRs in the mixed model approach. 

We show a specific example how the corresponding predicted allele specific effects correlate 

with the allele lengths. 1129 genes detected through the mixed model approach are not found 

in the mean allele length association, indicating that something other than allele length, like 

SNP variation in VNTR alleles, drives the detected gene expression change. 
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Figure 2. UpSet plot comparing genes that have one or more significant VNTR associations 

to gene expression across different analyses. Results for MeanAlleleLength are from multiple 

linear regressions. While 1) AllAlleles, 2) CollapseRareAlleles, 3) NoRareAlleles are from a 

mixed models with different encodings of the dosage matrix (Z) (Methods). Increasing allele 

frequency in the population was used as a proxy for allele accuracy. These three encodings of 

Z represent 1) very flexible 2) more conservative 3) most conservative analyses. As 

expected, there are fewer genes that have a significant association in the more conservative 

analyses. 
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