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Chapter 4 - Genotyping, the usefulness of imputation to increase SNP density; imputation
methods and tools
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Running Head: Genotype imputation to increase genomic prediction accuracy

Abstract

Imputation has become a standard practice in modern genetic research to increase genome
coverage and improve accuracy of genomic selection and genome-wide association study as a
large number of samples can be genotyped at lower density (and lower cost) and, imputed up
to denser marker panels or to sequence level, using information from a limited reference
population. Most genotype imputation algorithms use information from relatives and
population linkage disequilibrium. A number of softwaresfor imputation have been developed
originally for human genetics and, more recently, for animal and plant genetics considering
pedigree information and very sparse SNP arrays or Genotyping-By-Sequencing data. In
comparison to human populations, the population structures in farmed species and their limited
effective sizes allow to accurately impute high-density genotypes or sequences from very low-
density SNP panels and a limited set of reference individuals. Whatever the imputation method,
the imputation accuracy, measured by the correct imputation rate or the correlation between
true and imputed genotypes, increased with the increasing relatedness of the individual to be
imputed with its denser genotyped ancestors and as its own genotype density increased.
Increasing the imputation accuracy pushes up the genomic selection accuracy whatever the
genomic evaluation method. Given the marker densities, the most important factors affecting
imputation accuracy are clearly the size of the reference population and the relationship

between individuals in the reference and target populations.

Key Words: imputation accuracy, imputation error rate, phasing, haplotype, low density, high

density, SNP array, genotyping-by-sequencing, sequence
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1. Introduction

A major challenge in genome-wide association studies (GWAS) and genomic selection (GS)
programs in animal and plant species is the cost of genotyping. Indeed, large numbers of
densely genotyped individuals are required to get accurate results thanks to a high SNP density
along the genome that constructs strong linkage disequilibrium between SNP and causative
mutations (1, 2). An appealing strategy is to use a cheaper and reduced-density SNP chip with
markers optimized for imputation. Imputation is a term that denotes a statistical procedure that
replaces the missing values in a data set by some plausible values. Genotype imputation
describes the process of predicting genotypes that are not directly assayed in a sample of
individuals. While it traditionally refers to the procedure of inferring the sporadic missing
genotypes in an assay, it now commonly refers to the process of predicting untyped loci in a
study sample genotyped for a marker low density panel (LDP) using observed genotypes in a
reference population that has been genotyped for a greater number of loci with a high density
panel (HDP) (3, 4). Genotype imputation is a crucial step in many genomic studies as all
existing genotyping methods result in some missing data. Missing genotypes can be imputed in
order to reach a 100% genotype call rate in a single assay. Imputation is also applied to combine
sample sets genotyped with different marker panels, provided enough overlap exists between
panels, to allow simple integration of data and/or meta-analysis of various study results by
standardizing the set of targeted markers. Imputation has become a standard practice in modern
genetic research to increase genome coverage and improve GS accuracy and GWAS resolution
as a large number of samples can be genotyped at lower density (and lower cost) and, imputed
up to denser marker panels or to sequence level, using information from a limited reference

population.

These low-cost genotyping strategies enable increased intensity of selection through the
genotyping of large numbers of selection candidates or increased accuracy of estimated
breeding values by expanding the training population (5). Current applications of GS are
typically based on genotypes called from high and low-density SNP array data. However a lot
of plant and animal species cannot afford a high development of genomic tools and genotyping-
by-sequencing (GBS) has been proposed as an attractive and low-cost alternative to SNP arrays

(6, 7), where restriction enzymes are used to focus sequencing resources on a limited number
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of cut sites. Because GBS makes possible the coverage of large portions of the genome, it may
have some potential advantages for GS and GWAS in animal and plant breeding (2, 8, 9). GBS
also helps to avoid ascertainment bias that happens with SNP data array when marker data are
not obtained from a random sample of the polymorphisms in the population of interest. Low-
coverage GBS followed by imputation has also been proposed as a cost-effective genotyping
approach for human disease and population genetics studies. The theoretical sequencing cover-
age (or depth) is the average number of times (for instance 10-fold referred as 10x) that each
nucleotide is expected to be sequenced given a certain number of reads of a given length and
the assumption that reads are randomly distributed across the reconstructed genome (Sims et
al., 2014). In a proof-of-concept study, (10) demonstrated that very low coverage in DNA-
sequencing (at 0.1-1x), followed by imputation using genotypic data from a reference
population (the map of human genome variation established in the framework of the 1000
genomes project), captures almost as much of the common and low-frequency (minor allele
frequency in-between 1 and 5%) variation as SNP arrays, and argued that this paradigm could
become cost-effective for GWAS as sample preparation and sequencing costs would continue
to fall. However, GBS data suffer from a large proportion of missing or incorrect genotype
calls, in particular for low-coverage data. With GBS data, genotypes must be called from
observed sequence reads that vary between loci and individuals. It is then challenging to
accurately call an individual’s genotype when (almost) no reads are generated at a particular
locus. Genotype calling accuracy can be increased by imputation, considering the haplotypes
of other individuals in the population and detecting shared haplotype segments between
individuals (11, 12).

Several methods and efficient softwares for genotype imputation have been developed over the
last decade. Most imputation methods are using a reference population (RP) that is distinct from
the target population (TP) although it is preferable that the two populations have similar genetic
background. In this case, two categories of methods are used to predict untyped loci, depending
whether haplotypes are inferred only from linkage disequilibrium (LD) information between
SNP (known as “population-based” imputation), or they are inferred using both LD and
pedigree information (known as “family-based” imputation). A third category of imputation
methods (known as “free reference panel-based” imputation) does not imply the use of a
reference population and is useful for animal and plant species that have less genomic data and

tools than the main farmed species and rely on GBS strategies.
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Imputation from lower density towards higher density genotype (or sequence) may be thought
as a cost-effective strategy to get accurate GS and GWAS, but the accuracy of SNP imputation
needs to be assessed by comparing imputed genotypes with true genotypes. Imputation
accuracy is measured at the population level as the genotype correct rate (also called
concordance rate) or the Pearson correlation between true and imputed genotypes in the target
population. Several factors affect imputation accuracy, including the choice of the imputation
method, the size of the reference population, the degree of relatedness between the reference
and the target populations, the minor allele frequency (MAF) of the SNP being imputed. All
these factors as well as the choice of the genomic evaluation model in relation to the number

and importance of the quantitative trait loci (QTL) affect the GS accuracy.

The first objective of this review is to give an overview of the imputation methods and the
advantages and drawbacks of the associated tools. The second objective is to shed light on how
and under which circumstances marker density affects the imputation accuracy and thereby the

genomic prediction quality.
2. Imputation methods and tools: advantages and drawbacks

Imputation requires haplotype reconstruction (known as phasing) from genotype data.
Haplotype phasing is the result of a statistical inference procedure exploiting patterns of LD
between SNPs by modeling haplotype frequencies and local haplotype sharing between
individuals to estimate haplotype phases for a number of samples together, often augmented by

a reference panel of previously estimated haplotypes (3, 13, 14, 15).

Haplotypes are needed for both individuals in TP and RP for imputation methods that require a
reference population. In that case, the dense genotypes of the RP members is used to build a
reference panel of haplotypes that exhibit high LD over a region of tightly linked markers, and
use these haplotypes to fill untyped SNP for target individuals genotyped at LDP (Figure 1).
The tag SNP that are common to both RP and TP serve as anchors for guiding genotype
imputation of unobserved haplotypes within the LD block. Pre-phasing of genotypes in TP has
been suggested to speed up the imputation process (16). To this end, haplotypes are constructed
once and stored so they can be used for subsequent imputations. The quality of the phasing in
RP is the most important factor for the accuracy of TP haplotypes (17). Some accurate phasing
tools can be used such as SHAPEIT2 for common variants (17, 18) or its extension SHAPEITR
for achieving greater accuracy for rare variants (19). Most of the widely used phasing methods

iteratively update each individual’s haplotype estimates conditional upon the current haplotype
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estimates of all other individuals. When a new reference set with larger numbers of variants and
haplotypes is made available, TP need to be reimputed and the computational cost of this can
be considerably reduced if target individuals can be ‘pre-phased’. Indeed imputation to give the
resulting haplotypes is considerably faster without appreciable loss of downstream accuracy
when RP and TP are unrelated as it is often the case for human genomic studies (17). Because
pre-phasing can only be effectively implemented in situations where individuals newly
genotyped with the high density panel are not closely related to the target individuals, it is not
well suited for animal and plant applications where the numbers of markers in the LDP are
sparse and the genotypes of parents of young individuals are continually added to RP. In such
a case, the use of pre-phased haplotypes will not lead to optimal imputation accuracy for the
target individuals (20).

For the last decade, the increase in the size of RP and in the density of marker panels, on one
hand, and the development of GBS technology, on the other hand, have motivated the
development of many new computational methods and the optimization of the oldest ones
(Table 1). Current imputation methods are making use of a rich palette of computational
techniques, including the use of pre-phasing to reduce computational complexity (16), the use
of identity-by-descent (IBD) (21, 22), haplotype clustering (23, 24) and linear interpolation (25)
to reduce the state space in haplotype models, and the use of specific reference file formats to
reduce size and memory needs (23, 25, 26). For instance, it is now possible to provide
imputation using RP with tens of thousands of individuals as a free web service (23). Due to
this recent and tremendous development of computational strategies, the different imputation
algorithms may strongly differ in accuracy (especially for rare variants), computing speed and
memory requirement (20, 22, 26, 27).

When using a reference panel, imputation methods can be broadly divided into population-
based methods, which use population LD information (28) and pedigree-based methods, which

use linkage information from close relatives.

2.1. Population-based methods requiring a reference panel

Population-based methods assume that individuals are unrelated. They do not make use of close
relationships directly. However, they can still capture close relationships between individuals
by finding long shared haplotypes (29, 30). Long haplotype blocks of individuals in the target
population can be phased and imputed using a group of surrogate parents (individuals sharing
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IBD regions with the target individuals) instead of true parents (29). Population-based methods
are highly accurate if both number of markers and number of reference individuals are high
enough, but they are computationally intensive. In general, population-based imputation
methods use a hidden Markov model (HMM) of the full set of typed and untyped loci for each
target sample to infer missing genotypes by maximum likelihood optimization, considering that
each reference haplotype represents a hidden state path of the HMM (4). Additionally, SNP
tagging-based imputation approaches such as the one proposed in PLINK (31) carry out
genotype imputation using LD information on tag SNP. Specifically, for each SNP to be
imputed, the reference haplotypes are used to search for a small set of tag SNPs in the flanking

region that forms a local haplotype background in high LD with the target SNP to be imputed.

The most popular imputation algorithms, Beagle (32), IMPUTE2 (22) and MaCH (3) were
initially developed for applications in human genetics. Beagle’s first two versions (released in
2006-2007) were only dedicated to haplotype phasing and sporadic missing data inference in
unrelated individuals (32). Late 2008, the major release of version 3.0 added phasing of parent-
offspring trios and imputation of ungenotyped markers that have been genotyped in a reference
panel (24). The Beagle imputation method constructs a tree of haplotypes and summarizes it in
a direct acyclic graph model by joining nodes of the tree based on haplotype similarity in order
to cluster haplotypes at each marker. Then Beagle uses a HMM to find the most likely haplotype
pairs based on the individual’s known genotypes. It works iteratively by fitting the model to the
current set of estimated haplotypes and then resampling new estimated haplotypes for each
individual using the fitted model. Beagle predicts the most likely genotype at missing SNP from
the model that is fitted at the final iteration.

The three popular imputation algorithms, Beagle, IMPUTE and MaCH are currently in their
fifth major version (Table 1). Methods are all based on a HMM based pedigree-free imputation
approach and have been compared to each other in several studies (4, 23, 26, 27). Generally
speaking they give similar results in terms of accuracy, but computation times and memory
requirements vary strongly depending on the versions of the algorithms. In general, the RP in
human includes a sample of representative individuals that are unrelated to the target
individuals. Genotype imputation must be performed using the largest available RP because the
number of accurately imputed variants increases with the RP size. However, one impediment
to using larger RP is the increased computational cost of imputation. Therefore, the latest
versions of the imputation algorithms are less memory-intensive and more computationally

efficient implementations of the original ones with comparable imputation accuracy.
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For instance, Minimac4 is the latest version in the series of genotype imputation software -
preceded by Minimac3 (23), Minimac2 (33), Minimac (16) and MaCH (3). Das et al. (23)
showed that Minimac3 was twice as fast that Beagle 4.1 and about 30 times faster than
IMPUTEZ2 or Minimac2 when considering 100 individuals in the target sample and about
30,000 sequenced individuals in the reference panel. In addition, increasing panel size of
sequenced indviduals about 30 fold (from ~1,000 to 30,000) increased memory requirement
only sixfold while Beagle 4.1, Minimac2 and Impute2 memory requirement increased almost

linearly with panel size.

Browning et al. (27) showed that the Beagle 5.0 computational cost of imputation from large
reference panels is drastically reduced compared to Beagle 4.1, IMPUTE4 and Minimac4 when
considering 1000 phased individuals in the target sample and 10k, 100k, 1M, and 10M
individuals in reference panels, although all methods produce nearly identical accuracy. In
addition, Beagle 5.0 has the best scaling of computation time with increasing reference panel
size: its computation time is 33 (10k), 123 (100k), 433 (1M), and 5333 (10M) faster than the
fastest alternative method.

Recently, a new version IMPUTES (26) has been developped from the initial IMPUTE2
algorithm (22) that can also scale to RP with millions of samples and appears to be even faster
than Beagle 5.1 for such large RP sizes. IMPUTES assumes that both the reference and target
samples are phased and contain no missing alleles at any site. This method continues to refine
the observation made in the IMPUTE2 method, that imputation accuracy is optimized via the
use of a custom subset of haplotypes when imputing each individual. It achieves fast, accurate,
and memory-efficient imputation by selecting best matching haplotypes using the Positional
Burrows Wheeler Transform. The method then uses the selected haplotypes as conditioning
states within the IMPUTE HHM. Using a reference panel with 65,000 sequenced haplotypes,
(26) showed that IMPUTES was up to 30x faster than Minimac4 and up to 3x faster than
BEAGLES5.1, and used less memory than both these methods. They also showed that IMPUTES
scales sub-linearly with reference panel size: less than twice the initial computation time is
required for an increase of 10,000 to 1 million reference haplotypes, because IMPUTES is able
to utilize a smaller number of reference haplotypes. Therefore at the end of 2020, IMPUTES
appeared to be the most computationnaly efficient software for population-based imputation
handling large reference panels with millions of haplotypes, including ones with unphased and

incomplete genotypes.
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Finallly, we mention in this section two other programs, Genelmp (34) and GLIMPSE (35) that
perform genotype imputation to a dense reference panel given genotype likelihoods computed
from low coverage (< 1X) sequencing as inputs. Compared to SNP genotyping, low-coverage
sequencing data present a different challenge for imputation because we are not certain about
any genotypes. It requires a probabilistic representation of the genotypes in the form of
genotype probabilities or genotype likelihoods, rather than fixed genotype calling. Imputation
is used to refine the genotype likelihoods and to fill in the gaps between the sparsely mapped
reads by leveraging information from a large reference panel of thousands of haplotypes,
assuming that these haplotypes adequately represent the target haplotypes over short unaltered
regions. Most recent versions of the popular imputation algorithms are not well suited for this
situation, as they rely on prephasing for computational efficiency, and, without definite
genotype calls, the prephasing task becomes computationally expensive. It should be noticed
that genotype likelihood input is not supported by the latest versions of Beagle (after Beagle
4.1 which does not scale to RP larger than a few tens of thousand genomes) (25). Genelmp was
shown to achieve imputation accuracy very close to that of Beagle 4.1, but needed one to two
orders of magnitude less time for similar memory requirements (34). GLIMPSE achieved
higher imputation accuracy than Genelmp and, in a lesser extent, than Beagle 4.1 for common
variants, but it outperformed the two methods with an increased accuracy of more than 20% for

rare variants.

2.2. Pedigree-based imputation methods

Pedigree-based imputation consists in the use of HDP genotypes for a subset of individuals in
a pedigree to infer genotypes for the remaining relatives genotyped with a LDP. It uses the
correlation of genotypes among relatives derived from sharing of IBD genomic segments within

pedigree.

While all population-based imputation methods are based upon HMM to model haplotype
frequencies and are computationally intensive due to an intensive sampling process under such
probabilistic approaches, most of the pedigree-based methods are mainly deterministic, rule-
based methods (29) and thus are less-time consuming. They are reasonably accurate in
comparison to population-based methods, especially if the target individuals are genotyped at
very low density. In human, two main software were developped using pedigree-based
imputation methods: Merlin and GIGI (Table 1). Merlin (36, 37) relys on a deterministic
approach, uses pedigree structure to identify inheritance vectors within a family, then
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propagates genotypes at high-density markers observed in a subset of individuals to others
individuals in the pedigree genotyped at LDP. GIGI (Genotype Imputation Given Inheritance)
uses a two-stage procedure to infer inheritance vectors at sparse markers, then uses Markov

chain Monte Carlo sampling method to estimate genotypes of a dense marker set (38).

Animal and plant breeding populations present some interesting advantages for rapid, pedigree-
based, imputation. Firstly, they are populations of small effective sizes in comparison to human
populations. This limits the number of haplotypes and conserved haplotypes are long within
population, which makes haplotype inference easier; all individuals are related and, therefore,
share haplotypes which differ in length and frequency based on their relationships. Secondly,
there is a large contribution of recent ancestors to the gene pool of each breeding population.
Genotyping these ancestors to constitute the reference panel greatly help imputation, as
conserved haplotypes from ancestors to present individuals are then very long. So, despite the
existence of softwares dedicated to pedigree-based imputation in human, specific methods and
softwares were developed for pedigreed animal and plant populations (Table 1). Indeed
computing time of algorithms dedicated to human genetics is considered to be incompatible
with the very large candidate populations and with the frequent routine genetic evaluation runs
in farmed species. Fast and deterministic approaches which make use of family information
have been developped for animal and plant breeding, the two most popular algorithms being
Alphalmpute (39) and FImpute (20).

Alphalmpute involves simple phasing and imputation rules, long-range phasing and haplotype
library imputation (29) as implemented in AlphaPhasel.1 (40). It uses information from close
and distant relatives and from close and distant SNP loci to impute genotypes for individuals
for which genotype information may or may not be available, and for individuals which have
close or distant relatives densely genotyped. According to (39), imputation accuracy is greater
with Alphalmpute than with IMPUTE2 (22), the higher accuracy of Alphalmpute over
IMPUTEZ2 increasing with reducing marker density of the LDP. As the marker density of the
panel increases, the importance of pedigree information decreases because the likelihood of
finding truely shared haplotypes increases, especially for short segments, and increases

crossover resolution (41).

Flmpute (20) was mainly developed for large scale genotype imputation in livestock where
hundreds of thousands of individuals are genotyped with different marker panels. Imputation
and phasing are more accurate when using information from close relatives (i.e. long haplotypes

with usually low frequency) than when using information from distant relatives (i.e. shorter
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haplotypes with usually higher frequency). Therefore, the key idea of FImpute algorithm (20)
is to exploit the pedigree relationships between individuals by searching for haplotypes from
the longest to the shortest. It is worth mentioning that FImpute has an option to impute missing
genotypes based on population and/or pedigree information. The importance of pedigree
information increases with the decrease of marker density in the LDP. The method starts with
family imputation if pedigree information is available, and then exploits close relationships by
searching for long haplotype similarities between target and reference individuals using
overlapping sliding windows. After each chromosome sweep, the window size is shrunk by a
constant factor allowing for shorter haplotype similarity to be taken into account and the search
continues in order to capture more distant relationships. The algorithm assums that all
individuals are related to each other at different degrees. To speed up the imputation process,
Flmpute has the capability to use pre-constructed haplotypes. However, for livestock
populations, the use of pre-phased haplotypes for imputation is not a recommended option and
reducing the reference population to a group of animals that have high genomic relationships
with the target individuals might be a better strategy than using pre-constructed haplotypes (20).

Flmpute (version v2) computing requirements are considerably lower than those of Beagle 3.3
and IMPUTE2 (20). In addition, FImpute gives higher or similar imputation accuracy than
Beagle 3.3 and IMPUTEZ2 in cattle data sets when all available information is used (20).
However these results should be updated to most recent versions of Fimpute (v3), Beagle (v5)
and IMPUTE (v5). When close relatives of target individuals are present in the reference panel,
FImpute results in higher accuracy compared to the other two methods even when the pedigree
is not used. Rare variants (e.g. MAF < 0.05) are also imputed with higher accuracy (20, 42).
FImpute imputes rare alleles with high accuracy because it is efficient at finding the long

haplotype matches on which rare alleles are most likely located (43).

Accurate imputation of SNP with rare alleles is important when the imputed genotypes are to
be used in GWAS. Rare alleles may contribute substantially to the genetic variance and may
account for a substantial part of the so-called “missing heritability” (44). To identify those rare
variants, study of unrelated individuals is not as efficient as family study. Indeed, rare
population variants can be frequent in families where a founder has the variant. However, the
family-based approach tends to have a lower representation of the global set of rare variants as
a limited number of families will be observed at a constant RP size. Pedigree-based methods
provide much higher accuracy in calling rare alleles than population-based methods, because

explicitly modeling the transmission of IBD genomic segments via the pedigree structure allows

10
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rare alleles on such segments to be reliably called. It has been shown that family-based
algorithms such as Flmpute but also GIGI or MERLIN outperformed population-based
approaches such as Beagle 3.3 or IMPUTEZ2 in calling rare alleles (20, 38, 45).

2.3. Imputation methods that do not require a reference panel

Most imputation algorithms rely not only on reference panels, but also on physical or genetic
maps for ordering SNP and are not suitable for use in species with limited genomic resources.
Such species can only rely on GBS technology to perform at the same time SNP discovery,
GWAS and GS (46, 47, 48). Compared to SNP array, it is much challenging to accurately call
an individual’s genotype with GBS technologies, specialy when (almost) no reads are generated
at a particular locus. Genotype calling accuracy can be increased by imputation, considering
the haplotypes of other individuals in the population and detecting shared haplotype segments
between individuals (11, 12). However, the quality of genotypes obtained with GBS tends to
be lower than with SNP array since it depends on the genome-wide sequence read depth (x).
By increasing x, the proportion of correctly called genotypes increases but so do the costs. Since
x varies along each sequenced genome, the number and the quality of genotype calls also vary
along the genome of each individual. It complicates the use of GBS data, but can be partially
overcome by specific imputation algorithms (Table 1) recently developped to provide powerful
new ways to obtain accurate GWAS and GS at lower prices than with SNP arrays.

While methods such as Beagle in its version 4 (25), findhap (49) in its version 4 (50) or
GLIMPSE (35) can be applied for genotype calling and imputation from GBS data, they are
tailored to work with reference panels. The first method specifically dedicated to genotype
imputation in population samples of any species sequenced at low coverage is named STITCH
for Sequencing To Imputation Through Constructing Haplotypes (11). It is based on HMM, but
does not require a haplotype reference panel. However STITCH needs a high-quality reference
assembly for read-mapping and SNP ordering, which is still a limiting factor for a large set of
animal and plant species. In addition, (35) pointed out that while STITCH can be used
efficiently to capture variation at common variants, its performance drops considerably at rare
variants compared to reference-based approaches such as GLIMPSE or Beagle. Recently, (51)
presented a novel deep learning model called SCDA for reference-free genotype imputation
based on sparse convolutional denoising autoencoders. This SCDA model seems to achieve
good imputation accuracy and to be robust to high levels of missing data and heterogeneity of
genotype data. However, as the SCDA is based on a deep learning architecture, training the

11
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model is a computationally very demanding process and further developments are still needed
to propose more efficient training mechanisms and automatic hyperparameter learning before
that kind of algorithms can be efficiently applied to solve large routine genotype imputation

issues.

In plant breeding, low-coverage GBS technology has become a cost-effective tool for
multiparental populations produced to increase genetic diversity and resolution in QTL
mapping (52). In the last decade, several genotype imputation methods have focused on
biparental populations in experimental plant crosses (53, 54, 55). More recently, (56) proposed
a more general approach for genotype imputation from low-coverage GBS data, applicable to
many scenarios in experimental plant crosses where the target individuals are produced by
multigenerational crossing from two or more founders. This algorithm is called magiclmpute
and is based on HMM. It integrates with genotype calling to account for the uncertainties in
identifying heterozygous genotypes due to low read numbers (< 1X) in GBS data. The founders
of multiparental populations are used as the reference panel for genotype imputation. It applies
to both bi- and multiparental populations, realizes parental phasing and can be used even if
some founders’ genotypes are not available as it particularly happens if both founders and

offspring are genotyped by low-coverage sequencing (57).

Money et al. (58) introduced LinkImpute, a software package based on a k nearest neighbor
genotype imputation method which was designed for unordered markers (no physical nor
genetic map required) and for unphased genotype data. Linklmpute exploits the fact that
markers useful for imputation often are not physically close to the missing genotype but rather
distributed throughout the genome. Using GBS data from diverse and heterozygous accessions
of apples, grapes, and maize, (58) showed that their algorithm has a runtime similar to Beagle
4.0 on all three datasets while achieving slightly better accuracy. However Linklmpute is
applied to a table of genotypes that have been called by a genotype calling algorithm and
therefore is not using genotypes likelihoods, which limit its interest for low coverage GBS.
Money et al. (59) proposed a new version called LinklmputeR that exploits the read count
information and makes use of all available DNA sequence information for the purposes of
genotype calling and imputation. They demonstrated that LinkimputeR can significantly
improve both the quantity and quality of genotype data generated from next-generation

sequencing technologies.

However, all these previous algorithms are not designed to exploit the specific structure of

haplotype sharing observed in large outbred full-sib families which is a population structure
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commonly found in animal and plant breeding programs. In the context of an outbred full-sib
family, imputation can be simplified by recognizing that we only need to consider the four
parental haplotypes and identify which pair of haplotypes the offspring inherited at each locus.
AlphaFamImpute (60) considers this particular population structure to improve the accuracy of
calling, phasing and imputing genome-wide genotypes and to decrease run-time as
demonstrated by comparison with Beagle 4.0 (25). AlphaFamImpute performs imputation
using a two-step approach. In the first step, it phases and imputes parental genotypes based on
the segregation states of their offspring (i.e. which pair of parental haplotypes the offspring
inherited). In the second step, it phases and imputes the offspring genotypes by detecting which
haplotype segments the offspring inherited from their parents. AlphaFamIimpute achieves a
higher imputation accuracy than Beagle 4.0, in both presence and absence of parental GBS data.
It was possible to obtain a very high imputation accuracy (> 0.99) when sufficient sequencing
resources (> 2x) were spent on the offspring, even if the parents were not sequenced. In
addition, the computational costs were strongly decreased: when imputing 100 full-sib families
with 100 offspring each, AlphaFamlImpute took less than 1 minute for 1000 loci on one

chromosome while Beagle 4.0 took 11h for similar memory needs (60).

3. Factors affecting imputation accuracy and subsequent genomic prediction
quality

Empirical evidence from various animal and plant breeding populations (52, 61, 62, 63, 64, 65,
66, 67) suggest that imputation of low density to higher density genotypes can be highly
accurate and that the estimated breeding values (EBV) derived from imputed genotypes can
reach similar levels of accuracy to that derived from high density genotypes.

Nevertheless, accuracy of EBV increases when imputation error rate decreases (67, 68). It is
therefore important to define what are the most influential factors affecting the imputation
accuracy and, when possible, methods to optimize those characteristics. Both the imputation
and GS accuracies depend on: (a) the imputation method; (b) the characteristics of the low-
density marker panel with respect to the MAF of the SNP, their number, localization, spacing
and linkage between adjacent SNP; (c) the characteristics of the reference population including
its size and its relationship and proportion of common genotyped SNPs with the target
population; (d) the genomic evaluation method linked to the genetic architecture of the

evaluated trait.
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3.1. Choice of the imputation method

An optimal imputation strategy for application in animal and plant breeding programs must :
(a) allow both ungenotyped and low-density genotyped individuals to be imputed ; (b) functions
well in small and large datasets of moderately related individuals; (c) use information from
close and distant relatives and from close and distant SNP loci; (d) accurately impute genotypes
for all individuals in the pedigree for all SNP (including rare variants) and whatever the position
of high-density genotyped individuals in the pedigree; (e) have efficient computing time and

memory usage when routine genomic evaluations are required.

Imputation accuracy can be measured as the allele correct rate, the genotype correct rate (also
called concordance rate) or the Pearson correlation between true and imputed genotypes in the
target population. Genotype error (i.e 1 — concordance rate) is the proportion of genotypes
called incorrectly and allele error is the proportion of alleles called incorrectly. Those two rates
give similar results although allele error is approximately half of genotype error, because all
methods that are likely to impute one allele correctly are unlikely to impute both alleles

incorrectly. Those statistics of sample imputation quality can also be derived at the SNP level.

The allele/genotype correct rates are allele-frequency dependent. With a naive imputation
procedure based on the most frequent genotypes, the proportion of genotypes correctly imputed
approaches 100% as allele frequencies approach zero or one (39). When considering rare
alleles, it is therefore recommended to look at the correlation between imputed and true
genotypes rather than to the rate of correct allele/genotype as the latter will always be high

when the MAF are low despite the fact that the rare alleles will not be well-predicted (39, 42).

Browning and Browing (24) also proposed the squared correlation between the allele dosage
(number of minor alleles) of the most likely imputed genotype and the allele dosage of the true
genotype as a metrics of imputation accuracy at the marker level. They called this quantity, the
allelic R?. Its interpretation does not depend on allele frequency. Allelic R? measures the loss
of power when the most likely imputed genotypes are used in place of the true genotypes for a
marker. Browning and Browing (24) showed that allelic R? can be estimated from the imputed
posterior genotype probabilities without knowledge of the true genotypes, which is an important
feature because the true genotype is generally unknown. This internal quality metrics of
imputation is given by softwares such as Beagle or Minimac. Another internal quality metrics,
the INFO score, is proposed in IMPUTE2. Both imputation quality scores were shown to give
highly correlated results (25). Their values range from 0 to 1, where a higher value indicates
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increased quality of an imputed SNP. The allelic R? and the INFO score can be used for

identifying or excluding markers with poor imputation accuracy prior to downstream analysis.

In a study that was independent of any of the co-authors of imputation algorithms, (42)
compared the five most popular imputation algorithms in animal and plant breeding, using SNP
array (Beagle 3.3, IMPUTEZ2, findhap, Alphalmpute and FImpute). Two dairy cattle datasets
with low (3K), medium (54K) and high (777K) density SNP panels were used to investigate
imputation accuracy, considering about 30% of individuals in the reference panels and
relatedness between target and reference individuals. Results demonstrated that the accuracy
was always high (allele correct rate > 93%), but lower when imputing from 3K to 54K (93 —
97%) than from 54K to 777K (97 — 99%). IMPUTE2 and Beagle 3.3 resulted in higher
accuracies and were more robust under various conditions than the other 3 methods when
imputing from 3K to 54K. The accuracy of imputation using FImpute was similar to the ones
of Beagle and IMPUTE2 when imputing from 54K to 777K, and higher than findhap and
Alphalmpute. Considering computing time and memory usage, FImpute was proposed as a
relevant alternative tool to IMPUTEZ2 and Beagle 3.3. (69) also investigated the imputation
accuracies for dairy cattle when the reference population, genotyped with 50K SNP panel,
contained sires, halfsibs, or both sires and halfsibs of the individuals in the target population
genotyped with a low density panel using three imputation softwares (FImpute, findhap and
Beagle 3.3). They showed that FImpute performed the best in all cases, with correlations
between true and imputed genotypes from 0.92 to 0.98 when imputing from sires to their
daughters or between halfsibs. Recently a study compared Beagle 4.1 and FImpute for phasing
quality (70). Although similar phasing quality was observed when at least one parent was
genotyped and pedigree information was considered for FImpute, (70) concluded that, since in
most actual breeding programs there will be a certain amount of individuals without genotyped
parents and progeny, Beagle 4.1 was the most robust and recommendable option for phasing

quality, despite a 29 times longer computing time compared to FImpute for their poultry dataset.

Currently, efficient algorithms for imputation of missing genotypes in GBS data are still in their
earliest steps of development, especially with regard to very low sequencing read depth (< 1x).
Therefore there are yet not enough independent studies from the co-authors of imputation
algorithms that can help to define the best algorithms for GBS data imputation. In a recent
study, (71) compared Beagle, IMPUTEZ2 and FImpute softwares based on simulated GBS data
of livestock population. Sequencing read depth varyed between 2 and 10 and different MAF
editing criteria (from no lower limit to MAF > 0.03) were investigated. The results showed that
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imputation accuracies were all low (r < 0.90) for GBS at 2x, but FImpute had a slightly lower
imputation accuracy than Beagle and IMPUTEZ2 at this depth. The three algorithms had similar
imputation accuracy of r > 0.95, when the depth of sequencing read depth was > 4x. As the
depth increased to 10x, the prediction accuracies approached those using true genotypes in the
GBS loci. The authors also analysed the reliability of genomic prediction with the different
imputation hypotheses. They concluded that, retaining more SNPs with no MAF limit resulted
in higher reliability of genomic prediction.

To sum up, there are nowadays a rich palette of imputation methods and algorithms useful for
either low density SNP array or low coverage GBS data, although none of them appears to be
efficient for all situation in terms of both genomic ressources (reference assembly genome,
density of SNP panels, RP size) and target population structure. In most cases, Beagle and
FImpute performed better than other methods. An obvious advantage of FImpute over Beagle
is that it uses much less computing time. However comparisons have only been performed with
early versions of Beagle. Due to the computational efforts made in the latest version of Beagle
(v5.1) and the recent development of specific softwares for GBS data in plant and animal
breeding, new comparison studies of imputation quality and computational costs are needeed
to help users in choosing the relevant imputation software according to the characteristics of

their genotyping datasets.
3.2. Characteristics of the low-density panel and its optimized choice

3.2.1. Characteristics of LDP influencing the imputation accuracy

For all species and study populations, a limit exists upon which increasing the number of SNP
in the array used for GS will not induce higher prediction accuracy (72, 73, 74). The upper
bound of GS accuracy is the proportion of the genetic variance which is captured by the array
and is determined by the LD between the markers and the causative mutations affecting the
trait. Thus this upper limit depends on the genetic architecure of the traits. In wheat, (52)
hypothesized that the limit will be reach at a lower density level for monogenic traits than for
polygenic traits for which imputed SNP increased the chances of capturing most of the QTL

linked to these traits.

If the major factor affecting the imputation quality of a low-density panel is its number of SNP
it is composed of, in relation with the existing LD between adjacent SNP (5, 62, 64, 66),
imputation quality and GS accuracy are also dependent of the MAF and location of tag SNP in
the low density panel. The individual SNP imputation accuracy is strongly dependent of the
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MAF as reported in maize (39), sheep (76), cattle (42), pig (65) or salmon (77). This is specialy
the case for SNP with MAF below 10% that are difficult to correctly impute unless the tag SNP
density is sufficient and the size of reference panel is large (78). Regarding localization along
the chromosomes, lower accuracy are generally observed for SNP located at the two end of the
chromosomes, in centromeres and more generally in regions with high similarity or high
recombination rates (such as HLA/MHC in humans). The telomeres have very long patterns of
repeats which generate problems in reads mapping and imputation. Another explanation for the
low imputation accuracy is that SNP imputation relies on surrounding markers, but for SNP at
the very end of the telomere, surrounding information is only on one side of the chromosome
(79). An additionnal explanation is the fact that recombination is higher around the telomeres,
which may decrease the precision of haplotype reconstruction and imputation accuracy (61, 65,
79). Therefore it is often recommended to increase the number of SNP at the chromosome
extremities (80). (81) observed that imputation accuracy was positively associated with
chromosome size due to the fact that longer chromosomes harbour more markers, and hence
provide more information for inferring unknown haplotypes. In longer chromosomes, the
problem of low imputation accuracy at the beginning and end of the chromosomes are relatively
less important than in shorter chromosomes. Low imputation accuracies have also been
observed in some centromere regions (61) that might be attributed to incorrect order of markers
on the reference genome in regions difficult to assemble (82). By contrast, in other studies the

imputation accuracy of SNP in centromere regions was close to 1 (65, 79).

3.2.2. Optimization of the low-density panel

Several avenues are possible to optimize the design of the low-density chips. In animal and
plant breeding, the choice of SNP for low-density arrays is often based on the selection of
markers that are uniformly distributed along the genome (equidistant spacing based on physical
position along the genome) and that have high MAF to ensure segregation (80, 83). This
strategy was shown to be more relevant than choosing at random the SNP (74), especially for
traits with large-effect QTL for which prediction accuracy crucially depends on capturing
specific regions that explain a high proportion of the phenotypic variance. If the optimal choice
of SNP in a LDP chip is crucial for the accuracy of genomic prediction only based on low-
density genotypes, it also significantly impacts the accuracy of genomic prediction based on
high-density imputed genotypes as SNP in the LDP are the only ones that are not subject to

imputation errors.
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However, it has also been shown that a LD-based strategy could allow more accurate imputation
(84, 85) and that densification of markers at recombination hot spots and telomeres improves
accuracy (64, 86). A mixed strategy combining LD and physical distance has also been
proposed to design low-density chips. It consists in LD based marker pruning in user-defined

sliding windows.

An alternative strategy is to choose the markers for their effects on the important traits to be
improved (88, 89, 90). Results suggest that a low density panel comprising SNP with the largest
effects has the potential to preserve the accuracy of genomic prediction from higher density
panels (91). However, this strategy limits the interest of the genotyping tool to a single

population and a limited number of traits with similar genetic architectures (83).

While arrays with at least 3000 SNP must be used in dairy cattle to obtain mean allelic
imputation error rates below 5% (66, 89, 92), very low density SNP (< 900 SNP) panels and
associated cost-effective genotyping tools can be used in populations with higher LD at long
distance and close relationship between reference and target populations. This kind of “light”
genomic selection was initially proposed in pig and poultry (5, 63, 86, 93) using panels of ~
400 SNPs to reduce GS costs with less than 5% loss in prediction accuracy compared to GS
using only high density genotyping. Considering the parents of previous generations as
reference population reduces the cost of high density genotyping per generation to a few
hundred breeding individuals. More recently the interest of this approach has been shown in
Atlantic salmon (77, 94) with extremely low density panels (~200 SNP). When considering 600
SNP in the low density panel, imputation makes it possible to obtain similar accuracy than with
the high density panels. The loss of accuracy was small when considering only 200 SNPs and
the genotyping cost of the breeding program was reduced by 62% (94). However, it is not
obvious that the same very low density chip allows precise imputation for genetically diverse
populations, because the accuracy of imputation depends on the existence of a sufficiently
strong linkage between adjacent markers. If as many low density chips have to be developed as
there are different populations to be evaluated within a species, then the chip orders cannot be

pooled to reduce costs and the economic interest of such technical optimization may vanish.

A last strategy is to exploit GBS data for developing genomic selection in farmed species
because it makes it possible to cover large fractions of the genome and to vary the sequence
read depth per individual. Gorjanc et al. (8) quantified by simulation the value of GBS to
increase genetic gain, considering three parameters (i) using SNP array genotyping or GBS with

sequence read depth (x) varying per individual from 0.01x to 20x; (ii) number of genotyped
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markers from 3000 to 300 000; and (iii) size of training and validation sets from 500 to 50 000
individuals. The latter was achieved by distributing the total available x of 1000x, 5000x, or 10
000x per genotyped locus among the varying number of individuals. Gorjanc et al. (8) found
that accuracies of genomic predictions using GBS data or SNP array data were comparable
when large numbers of markers were used and x per individual was ~1x or higher. The bias of
genomic predictions was very high at a very low x. When the total available x was distributed
among the training individuals, the GS accuracy was maximized with the large number of
individuals genotyped with low x for a large number of loci. Similarly, response to selection
was maximized under the same conditions due to increased both GS accuracy and selection

intensity.
3.3. Characteristics of the reference population and its optimized choice

3.2.1. Characteristics of RP influencing the imputation accuracy

A crucial component of most genotype-imputation methods is to correctly infer the local
haplotypes from reference populations (3, 22). If a pedigree-free imputation method is used,
the most important characteristics of the RP affecting the accuracy of imputation appear to be
its size and its ability to capture the genetic diversity of the target population (25, 66, 82).
Whenever a significantly larger reference population becomes available, it is useful to re-
impute the target population for subsequent analysis. The size of the RP is less important when

pedigree-based imputation is used and the initial RP already includes parents from the TP (79).

The effect of the size of the RP depends also on the structure of the TP. For a TP of low genetic
diversity, few RP individuals are required to achieve a given imputation accuracy because LD
is high and individuals derive from a small set of ancestors. The accuracy of imputation for any
variant depends on how well individuals of RP match individuals of TP in terms of ancestral
haplotypes to be imputed (22, 25). Therefore, smaller number of animals in RP generally results
in lower imputation accuracy, with the difference all the more evident that fewer ancestors are
present in the reference population (82, 61). Reference sets composed of diverse lines very
distantly related, as is often the case in plant breeding programs, do not provide highly accurate
imputation because, in such cases, individuals share only short chromosome segments and this
makes imputation of missing genotypes difficult, especially when TP is genotyped with a very
low density panel (39). Indeed the importance of the size of RP is also strongly dependent on
the number of common markers between the HDP and LDP arrays. The benefit of having less
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missing genotypes in the target panel is higher with fewer individuals in the reference

population (79).

3.3.2. Optimization of the reference population

One of the most important factor to optimize the accuracy of genotype imputation in farmed
species is the degree of relationship between the individuals in the RP and in the TP. The
importance of these genetic relationships has been well documented in various animal species
such as cattle (42, 66, 82, 92), sheep (95), pig (5, 39, 86, 96), poultry (63, 85, 97) and fish (61).
In particular, imputation accuracy strongly increase when parents of the TP are present in the
RP (61, 63, 66, 92). Simulation studies (62) and (98) quantified the impact of successive
generations of genotype imputation on genomic predictions. Results showed that GS accuracy
decays substantially in one or two generations without updating, by a small proportion, the RP
to reflect the genetic change in the TP at each generation. (62) argued that this decay was mainly
due to the impact on the genomic estimated breeding values of the increase in genetic distance
between TP and RP rather than due to a strong increase in imputation error rate. Indeed,
concordance rates only decay by about 0.5% per generation in their study. When the RP was
updated by either 1% or 5% of the top animals in the previous generations, decay of GS
accuracy was substantially reduced (62). In addition, (98) showed that GS accuracy for a trait
of moderate heritability was higher using a small reference population of true genotypes than
using a larger population of imputed genotypes. But, when the heritability was low (0.03), the
accuracy of genomic predictions benefited from a larger RP, even if SNP were imputed. To
reduce the accumulation of imputation errors over generations, it is then recommended to
routinely generate dense genotypes on influential ancestors.

Another characteristics of RP that can be optimized is the nature of the HDP. As already
mentioned in section 3.2.1, the upper bound of GS accuracy is the proportion of the genetic
variance which is captured by the SNP panel and is determined by the LD between the markers
and the causative mutations affecting the trait. As proposed by (99), genomic prediction from
whole-genome sequence data is attractive, as the accuracy of genomic prediction is no longer
bounded by extent of LD between markers and causal mutations affecting the trait as the latter
are then in the HDP. Thus a cost-effective strategy can be to sequence a small number of
individuals to consititute the RP (100). The idea is to choose key individuals based on either
pedigree relationships or haplotype diversity that maximized the number of unique haplotypes
in the RP and that are a subset from the common ancestors of the TP. Based on a Belgian Blue

cattle dataset, Druet el al. (100) investigated the optimum number of individuals to sequence
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by fold coverage given a maximum total sequencing effort. At 600 total fold coverage (x 600),
the optimum strategy was to sequence 75 individuals at eightfold coverage. At a constant
sequencing cost, one interesting strategy was to sequence animals at variable fold coverage:
key ancestors at x8 to ensure their alleles that are widespread in the population are called
correctly, then a larger number of individuals sequenced at only x4 to capture rare alleles.
Indeed, compared to dense SNP array genotypes, the use of sequence data increased GS
accuracy only when many causal variants had a low MAF. The imputation accuracy of rare
alleles could be also improved, by composing the RP with a set of the most common sires,

instead of random animals, as it was shown in layer chickens populations (97).

3.4. Choice of the genomic prediction method

Imputation errors affect the accuracy of all genomic prediction methods. However, probably
because LD between SNP and QTL is better exploited by Bayesian methods than by kinship-
based methods such as GBLUP (101), Bayesian methods seem to be more impacted by
imputation errors than GBLUP when traits are affected by a few large QTL. For instance, the
accuracy of Bayesian prediction methods were reported to be more impacted than the accuracy
of GBLUP, for milk fat percentage, a trait affected by a few large QTL in dairy cattle (89). In
this case, inclusion in the LDP of SNP with largest effects substantially improved the accuracy
of Bayesian genomic prediction. A similar trend was observed in a simulation study without
any imputed genotypes (102), where the accuracy of genomic prediction from low density
panels declined much more rapidly for traits with a smaller number of QTL.

Relative performance of Bayesian and GBLUP methods might be related to the distributions of
imputation errors. If more imputation errors are distributed around the QTL, one can assume
that Bayesian method may suffer more from these errors than GBLUP because, in genomic
regions with a large QTL, Bayesian methods tend to select few relevant SNP surrounding the
QTL while GBLUP picks all the SNP. As suggested by (89), Bayesian methods could suffer
more if the few relevant SNP are imputed with error, but GBLUP would suffer from imputation
errors accumulated over all SNP. Because the vast majority of economically important traits
are complex traits that are controlled by hundreds or thousands of QTL with small effects, the
impact of imputation errors on the GBLUP and Bayesian methods is expected to be very similar

in most cases.

4 conclusion
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Nowadays there is a rich palette of imputation algorithms useful for either low density SNP
array or low coverage GBS data, although none of them appears to be efficient for all situation
in terms of both genomic ressources and target population structure. Regardless of the
imputation method, accuracies of both genotype imputation and genomic selection increase
with the relatedness of the target individuals with its denser genotyped ancestors and as their
own genotype density increase. At given low and high density SNP panels, the most important
factors affecting imputation accuracy are clearly the size of the reference population and the

relationship between individuals in the reference and target populations.
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Table 1. List of the main genotype imputation methods and their main software versions

Software Name

Current Version

Referenced versions

Population-based imputation methods requiring a reference panel

v5.1 v3.3 (24)
BEAGLE v4.1 (25)
v5.0 (27)
fastPHASE v1l.4 (14)
Genelmp v1.3 (34)
GLIMPSE vl (35)
IMPUTE v5 named IMPUTES (26)
IMPUTE2 IMPUTE v2 (22)
V1 named MINIMAC (16)
MINIMAC v4 named V2 named MINIMAC? (33)
MINIMAC4
V3 named MINIMAC3 (23)
PLINK v2 named PLINK2 (31)

Pedigree-based imputation methods requiring a reference panel

Alphalmpute v1.9 (39)
findhap v4 vl (49)
v4 (50)
FImpute v3 (20)
GIGI v1.06 (38)
MERLIN vli.l (36) (37)

Free reference panel-based imputation methods

AlphaFamImpute vl (60)
LinkImpute vl (58)
LinkImputeR vl (59)
magiclmpute vl (56
SCDA vl (51)
STITCH v1.6 (112)

29



968 Figure 1. Imputation process based on a set of haplotypes in a Reference Population
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