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Introduction

Genotype imputation allows for the inference of missing genotypes from genome-wide marker
information (Das et al. 2018). Accurate imputed genotypes provide high-resolution genotype
data at lower prices, increasing the probability of detecting genomic variation through stronger
non-random associations among markers, known as linkage disequilibrium (LD) (Saha et al.
2020). It also improves the prediction accuracy of breeding values and quantitative trait loci
mapping in genome-wide association studies (GWAS) (Daetwyler et al. 2014). Haplotypes are
combinations of multiple markers and have more diversity in the population than single
nucleotide polymorphism (SNP) markers. The size and diversity of the haplotypes can affect
the accuracy of genotype imputation (Das et al. 2018). Genotype imputation algorithms
identify haplotypes in the reference population and use haplotype information to predict
missing marker genotypes in the target population. Haplotypes with wide representation across
many animals are more likely to be identical by descent (IBD) compared to the SNP markers
and can provide more information regarding genomic regions being IBD (Hickey ef al. 2013).
However, the relationship between haplotype diversity and imputation accuracy is not clear
yet. We hypothesise that a knowledge of haplotype diversity can explain variation in
imputation accuracy across chromosomes, help optimise reference population size, and inform
chip design. This study investigates the relationship between haplotype diversity and genotype
imputation accuracy in Australian Hereford cattle.

Materials & Methods

Genomic data of 71,236 Australian Hereford cattle were extracted from the BREEDPLAN
pipeline (Connors et al. 2017). Animals were genotyped with different chips containing up to
172,246 markers. Quality control (QC) filtration was applied to exclude markers with minor
allele frequency (MAF) less than 0.05 and a proportion of missing genotypes of more than 0.6
across all individuals. Individuals with a proportion of missing genotypes exceeding 0.8 across
all markers were also removed. The high missing rate threshold is due to the combined dataset
having a higher missing rate than expected. The dataset after QC consisted of 68,721 animals
and 78,170 markers.

Genotype imputation. The population was randomly divided into two groups: 6,000 animals
as the reference, and the remaining as the target population. In the target population, markers
were randomly masked to 15k and then imputed to the original density of 78k. Because during
the random masking and imputation, only a group of markers were involved, the random
division of the population, masking, and imputation were repeated 20 times to ensure that all
markers were included in the imputation. Genotype phasing and imputation were done with
FImpute version 3 (Sargolzaei et al. 2014) with default parameters and without pedigree
information. Pearson’s correlation between the original masked and imputed genotypes was
considered as the metric for imputation accuracy, and the median imputation accuracy was
derived from the 20 repetitions.


https://doi.org/10.31274/wcgalp.23585
https://creativecommons.org/licenses/by/4.0/
mailto:yfazel@myune.edu.au

Haplotype construction and diversity calculation. After phasing the genotypes, the entire
genome was divided into distinct non-overlapping windows of 10-SNP length. This 10-SNP
length for the haplotypes was considered to be the optimum haplotype size (Ferdosi et al.
2021). The number of unique haplotypes in each window across all chromosomes and
individuals was identified. The correlation between the sum, mean, and variance of the total
number of unique haplotypes across all windows and the median genotype imputation accuracy
of each chromosome was investigated to explore the relationship between haplotype diversity
and the imputation accuracy across chromosomes. The ggplot, gridExtra and dplyr packages
in R software (Ihaka and Gentleman 1996) were used for calculating haplotype diversities,
correlations and visualisations.

Results & Discussion

Fig. 1 shows the genotype imputation accuracy across all autosomal chromosomes and
highlights different mean imputation accuracy, ranging from the lowest on chromosome 26 to
the highest on chromosome 20. This variation can come from several sources, including
differences in LD patterns, MAF, relationships between individuals due to sampling,
recombination hotspots, population genetic structure, and the diversity of haplotypes in the
population (Lashmar et al. 2019). Usually, a higher genetic relationship between the target and
reference populations improves imputation accuracy, as it increases the number and length of
the shared haplotypes in the population (Junior ef al. 2017). Additionally, chromosomes with
lower segmental duplications and better representation of haplotypes in the reference
population tend to exhibit higher imputation accuracy (Pausch ef al. 2017).

Imputation Accuracy of Hereford Cattle by Chromosome
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Figure 1. The genotype imputation accuracy of Australian Hereford cattle across autosomal
chromosomes. Red and green dotted lines show the threshold of 0.9 and 0.95, respectively.
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Fig. 2 demonstrates the distribution of unique haplotypes across the genome by showing the
sum, mean, and variance of the total number of unique haplotypes across all chromosome
windows. In Fig. 2 (A), the total number of unique haplotypes shows a decreasing pattern from
chromosome 1 to chromosome 29. This trend aligns with the reduction in chromosome length
across the bovine genome. Longer chromosomes contain more genomic windows and a higher
number of distinct haplotypes. As chromosomes become shorter, the number of haplotype
windows also decreases, causing a decrease in the total number of haplotype windows. Fig. 2
(B) shows the opposite trend for the mean number of unique haplotypes per window, which
increases as chromosome length decreases. This suggests that although shorter chromosomes
have fewer total haplotypes due to fewer genomic windows, the haplotypes tend to be more
diverse on average within each window. In fact, shorter chromosomes appear to contain a
higher proportion of unique haplotypes per length of chromosome, highlighting higher
haplotype diversity per window. Fig. 2 (C) shows a slight relationship between the variance of



unique haplotypes per window and the chromosome length. This slight relationship can
possibly stem from local genomic structures rather than chromosome characteristics.
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Figure 2. The sum, mean, and variance of the total number of unique haplotypes across all
windows of chromosomes (chromosomes are labelled by numbers).

Fig. 3 shows the correlation between median imputation accuracy and the sum, mean, and
variance of the total number of unique haplotypes calculated from 10-SNP length windows
across all chromosomes. Fig. 3 (A) demonstrates a positive correlation (r = 0.79) between
imputation accuracy and the total number of unique haplotypes per chromosome. In this case,
although longer chromosomes can have more unique haplotypes due to more genomic
windows, the higher imputation accuracy of longer chromosomes stems from lower haplotype
diversity and a lower prevalence of unique haplotypes across the genomic windows of longer
chromosomes. In other words, longer chromosomes have fewer unique haplotypes within each
genomic window than shorter chromosomes. These results also support previous findings that
longer chromosomes, which usually have a higher total number of haplotypes, show higher
imputation accuracy (Ogawa et al. 2016). The relationship between haplotype diversity within
chromosomal windows and imputation accuracy suggests that when the reference population
contains a lower number of unique haplotypes within chromosomal windows, the probability
of matching haplotype windows between the reference and target individuals increases, thereby
improving the accuracy of imputation.
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Figure 3. Correlation between median imputation accuracy and the sum, mean, and variance
of the total number of unique haplotypes across all windows of chromosomes (chromosomes
are labelled by numbers).

Fig. 3 (B) shows a strong negative correlation (r = -0.94) between imputation accuracy and the
mean of the total number of unique haplotypes across 10-SNP windows for each chromosome.
This metric, which accounts for the chromosome’s length, reflects average haplotype diversity
across chromosomes. The negative correlation indicates that a higher number of unique



haplotypes within chromosomal windows, which can lead to a higher average haplotype
diversity, reduces imputation accuracy. In other words, chromosomes with lower average
haplotype diversity tend to have higher imputation accuracy. This can be explained by the
reliance of imputation algorithms on detecting and matching shared haplotype windows
between reference and target populations. When a chromosomal window contains many unique
haplotypes, indicating high local diversity or weak LD, the likelihood of the haplotype match
between the reference and target population for that specific window of the genome decreases,
leading to lower imputation accuracy. Fig. 3 (C) shows a correlation close to zero (-0.03)
between imputation accuracy and variance of the total number of unique haplotypes across all
windows of chromosomes, indicating this variation does not explain differences in imputation
accuracy across chromosomes. Considering the different genetic structures and recombination
rates in various breeds, haplotype diversity may explain the differences in genotype imputation
accuracy across breeds with the same reference population size. It can be expected that the
knowledge of haplotype diversity may improve the genetic gain of the breeding programs, as
it helps improve imputation strategies, design optimised SNP chips, and provide insights into
recombination and genetic diversity patterns of the population.

Conclusion

The findings of this study reveal a relationship between haplotype diversity and genotype
imputation accuracy in Australian Hereford cattle. A higher haplotype diversity in the reference
population can decrease the number of common haplotypes between the target and reference
populations, decreasing the chance of a haplotype match between the target and reference
population and ultimately decreasing imputation accuracy.
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