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Glossary and Definitions 
 
Alleles – Each of two or more alternative forms of a gene that arise by mutation and are found 

at the same place on a chromosome. 

Association mapping – A method of mapping quantitative trait loci that takes advantage of 

historic linkage disequilibrium to link phenotypes to genotypes, uncovering genetic associa-

tions. 

Exome capture – A method to selectively capture genomic coding exons  from a DNA sample 

prior to sequencing. 

Genotyping By Sequencing (GBS) – A sequencing-based method to discover genetic 

variation between multiple samples which uses restriction enzymes to reduce genome 

complexity.   

Genomics – The branch of molecular biology concerned with the structure, function, evolution, 

and mapping of genomes. 

Heterozygous – Having different alleles at a given locus. 

Homozygous – Having the same alleles at a given locus. 

Linkage disequilibrium – The non-random association of alleles at different loci in a given 

population. 

Markers - Is a fragment of DNA that is associated with a certain location within the genome. 

Molecular markers are used in molecular biology and biotechnology to identify genomic 

regions associated with phenotypic variation. 

Next-Generation Sequencing (NGS) – Non-Sanger-based high-throughput DNA sequen-

cing technologies. 

Quantitative Trait Locus (QTL) – A section of DNA that correlates with variation in a 

phenotype. 

Recombinant Inbred Lines (RILs) – A collection of lines that incorporate a large number of 

recombination events from the original parental lines. 

Single-Nucleotide Polymorphism (SNP) – A variation in a single nucleotide that occurs at a 

specific position in the genome, where each variation is present to some appreciable degree 

within a population (e.g. > 1%). 

SNP chip – A type of DNA microarray which is used to detect polymorphisms within a 

population. 
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Summary 
 
Objectives  
 
This report describes and compares different imputations methods that could be used to 
increase the SNP density. We will contextualize our results and recommendations considering 
the type of data that is available from WP2 and WP6.  In this report we will: i) explain why and 
in which situations imputation strategies might be a useful tool to reduce the genotyping costs; 
ii) describe a number of commonly used imputation methods; iii) compare results of imputation 
methods, and iv) provide recommendations about the convenience of imputation strategies. 
These recommendations can be used as discussion points with the community and breeders 
in WP8. 
 
D4.2 was intended initially to be based on exome sequencing data to be generated within EU-
Whealbi. Delay in the production of those data has led to delay in D4.2. Various strategical 
decisions in response to data availability and quality have led to the current form of the report 
underlying D4.2 and its deliverance date. 
 

 
Rationale  
 
The report was developed after an extensive review of the currently available methods and in 
consultation with the partners. Existing guidelines and current developments of interest have 
been cited. We also present best practice recommendations based on experiences from 
WHEALBI.  
 
This report will be made publicly available, and will be available for use within WP8. 

 
 
Teams involved: WU 
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Cost-saving genotyping and imputation strategies  
 

1. Introduction 

 

Quantitative traits are regulated by a number of regions along the genome, each of them 

contributing to explain a fraction of the phenotypic variance. Such genomic regions are called 

quantitative trait loci (QTLs). Modern breeding programmes use an increasingly large number 

of molecular markers to identify QTLs. Molecular markers are not necessarily exactly at the 

QTL positions, but they most commonly are in linkage disequilibrium with underlying causal 

variants. With the application of whole-genome sequencing (WGS) in GWAS, all variants—

including underlying causal variants—could be directly genotyped and tested to achieve the 

simultaneous goal of both discovery and fine-mapping (Das et al., 2016). However, the large 

cost of WGS technologies make it prohibitive to apply them to a large number of genotypes, 

complicating the application of WGS to GWAS and to larger scale breeding programmes 

(Wang and Chatterjee, 2017).  

 

An alternative to the massive use of WGS is to use genotype imputation methods (Wang and 

Chatterjee, 2017; Wu et al., 2017). These methods commonly rely on the availability of 

sequence information for a limited number of genotypes and on the lower-density SNP 

information for the rest of the population. WGS is used to impute the missing SNPs in those 

genotypes that were characterized by a lower number of markers. In this way, genotype 

imputation has become a cost-saving tool for QTL mapping in GWAS panels and experimental 

crosses. The use of imputed SNPs has shown to increase the power of detecting QTL and to 

help meta-analyses of studies at different sets of markers (Wu et al., 2011, 2017; van 

Binsbergen et al., 2016). The advantage of higher density SNPs is especially evident when it 

comes to detect rare allele variants. For example, (Wu et al., 2017) showed that the GWAS 

mapping precision (i.e. physical distance between the top associated variant in GWAS and the 

actual causal variant) is much lower for SNP array data than for sequence when the causal 

variant is a rare allele (minor allele frequency lower than 0.01) than for common alleles (Figure 

1). 

 

The most important factors influencing Imputation accuracy are the LD between imputed and 

reference SNPs (He et al., 2015) and the relationship between imputed and reference 

individuals (Roshyara and Scholz, 2015). Other factors that influence imputation accuracy are 

the number of SNPs at the lower density panel, the minor allele frequency of the imputed SNP 

and the number of versions of each genetic variant (Zhou et al., 2017). A number of 

approaches have been discussed to select the reference panel for imputation. Some of the 

involve the use of genomic relationships to identify a subset of genotypes that represent well 

the genotypic variation of the entire population (Yu et al., 2014). Similar methods have been 

used to select the phenotypic reference set in germplasm collections or in the genomic 

prediction context (Jansen and van Hintum, 2007; Odong et al., 2013; Bustos-Korts et al., 

2016) and could potentially also be applied to select the reference set of genotypes for 

imputation.  
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Figure 1. Differences in MAF between GWAS hits and causal variants for different genotyping 

strategies. Results are from 50,000 simulations based on the UK10K-WGS data for common 

(a) and rare (b) causal variants, respectively. Shown on the y-axis is the proportion of causal 

variants that were were mapped to variants with MAF differences smaller than a value specified 

on the x-axis (WGS: whole-genome sequencing, 1KGP1: SNP-array data imputed to 1000 

Genomes Project phase 1, 1KGP3: SNP-array data imputed to 1000 Genomes Project phase 

3, HAPMAP2,  SNP-array data imputed to HapMap phase 2). Results are from 50.000 

simulations for causal common (a) and rare (b) variants, respectively, based on the UK10K-

WGS data. Shown on the y-axis is the proportion of causal variants that were mapped to 

variants within a certain distance as specified on the x-axis (Wu et al., 2017). 

 

2. Imputation scenarios and methods 

2.1. Imputation scenarios 

Roughly, genotype imputation can be applied in two scenarios. Firstly, when the population 

contains missing SNP observations, but all the genotypes have same set of polymorphic 

markers (scenario A, Figure 2). In scenario A, low-coverage sequecing is done on the 

population, and therefore reducing cost. In this case, missing data is often a function of genome 

size and degree of multiplexing. At low coverage, some sequences are not sampled when the 

genome size is large. Missing data can also reflect true biologically missing sequence due to 

small insertions or deletions or larger structural variants in the genome. Because these missing 

data provide a real biological signal, it is desirable to capture this type of missing data in 

imputation (Swarts et al., 2014). Imputation in scenario A is also commonly a pre-requisite for 

calculations in the genomic prediction context. 

 

In the second scenario B, the reference set is sequenced with high-coverage, resulting in high-

density genotypic data; whereas the rest of the population is genotyped by low-cost SNP chip 

array, resulting in low-density genotypic data. To achieve high imputation quality in this 

scenario, it is very important to include population-specific reference panels for genotype 

imputation. In this report, we illustrate the main aspects driving imputation accuracy with a 

wheat diversity panel and a NAM mapping population (Figure 3).  
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Figure 2: Scenario A of genotype imputation in a NAM population. The digits 0 and 1 denote 

two possbile homozygous genotypes. Question symbols (?)  denote missing marker scores. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Scenario B of genotype imputation in a NAM population.  The digits 0 and 1 denote 

two possbile homozygous genotypes. The red vertical bars (|) denote polymorphic markers 

that are untyped in SNP chip data for offspring. Black question symbols (?)  denote missing 

genotypes at typed markers, and  red quesiton symbols (?) for untyped markers. It is assumed 

that there are no missing parental genotypes at untyped markers. 
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2.2. Imputation methods 

There have been many well-known software packages for genotype imputation for GWAS 

studies. Imputation methods can be generally classified into two cateogries, depending on 

whether ordered marker positions are required. Methods that require ordered markers are 

usually based on LD and haplotype information. Methods based on unordered markers do not 

use haplotype information and instead rely on correlation between SNP markers (Money et al., 

2015; Rutkoski et al., 2015). 

Examples for the most widely used imputation methods include Beagle (Browning and 

Browning, 2016) and Impute2 (Howie et al., 2009), often using a large reference panel with a 

high marker density, where study individuals are assumed to be apparently unrelated.  

Recently, several imputation methods have been described for experimental mapping 

populations, for example, FSFHap (Swarts et al., 2014), PlantImpute (Hickey et al., 2015), LB-

Impute (Fragoso et al., 2016), and magicImpute (Zheng et al., 2018), to account for the 

particularities of mapping populations such as inbred lines and known breeding designs. In the 

remainder of this section, we will briefly describe the most important aspects of a number of 

widely-used imputation methods.  

2.2.1. Beagle 

Beagle (Browning, 2006; Browning and Browning, 2007) assumes that the input reference 

panel is phased. The model locally clusters haplotypes at each marker position based on 

similarity of the haplotypes at markers in the neighbourhood. Cluster membership tend to stay 

stable for nearby markers, with changes due to recombination processes. Beagle applies a 

hidden Markov model (HMM) to typed markers in the offspring and it does not use explicit 

parameters such as the recombination fraction. The hidden Markov model (HMM) calculations 

are restricted to clusters of markers that are genotyped in the target data, which reduces 

memory requirements (Browning and Browning, 2016). 

2.2.2. FImpute 

FImpute exhaustively searches long (representing close relatives) to short (representing 

distant relatives) shared haplotypes between individuals using sliding window approach in the 

whole population. FImpute has the advantage of being more computationally efficient than 

Beagle due to the deterministic nature of the algorithm (Sargolzaei et al., 2014).  

2.2.3. FSFHap 

FSFHap uses a custom clustering method within non-overlapping window (of size 50 variant 

sites) to identity parental haplotypes, and a Viterbi hidden Markov model algorithm to impute 

missing values in offspring. FSFHap is parent-independent, and restricted to biparental 

populations (Swarts et al., 2014).  

2.2.4. PlantImpute 

PlantImpute implements a hidden Markov model algorithm to track allele inheritance in 

biparental populations. PlantImpute is parent-dependent so that its perfermances are affected 

by the missing genotypes in parents (Hickey et al., 2015). 
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2.2.5. LB-Impute 

LB-Impute was developed spefically for genotype imputation in biparental population from low 

coverage sequece data. To avoid possible false homozygous calls at heterozygous sites, LB-

Impute uses a hidden Markov model to incorporate marker read coverage instead of called 

genotypes. It modifies the standard Viterbi alogrithm to identity recombination breakpoints by 

using a sliding window (Fragoso et al., 2016). LB-impute is also parent-dependent.  

2.2.6. MagicImpute 

The algorithm magicImpute assumes that the sampled offspring are derived from several 

parents. It is based on a HMM that is described in detailed in (Zheng et al., 2018). The process 

parameter values of the HMM are calculated from the breeding design information linking 

parents to offspring (Zheng et al., 2014). There are several distingished features of 

magicImpute with respect to its application in a NAM population. Firstly, it is applicable to both 

imputation scenarios. Secondly, it is well capable of imputing both parents and offspring in the 

first imputation scenario, whereas PlantImpute and LB-Impute are incapable. Last but not 

least, it applies HMM to the all markers in a linkage group so that it can borrow information 

from far away markers, whereas FSFHap uses small non-overlapping windows.  

3. Applications 

In this section we will present and discuss two case studies. In the first example, imputation 

methods were applied to two wheat diversity panels characterized with different SNP arrays 

(panel a was imputed from 9K chip to 90k chip and panel b was imputed from 90k chip to 

exome sequence, (Shi et al., 2017)). The second example consists of a maize NAM population 

genotyped with a 35k chip. 

3.1. Wheat exome  

 

In this section, we present an example about imputation of wheat genotypes using two types 

of SNP arrays; a) from a 9K chip to a 90K chip using 837 hexaploid bread wheat landrace 

accessions from the A. E. Watkins collection (Wingen et al., 2014) and b) from a 90 SNP array 

to exome sequence 246 hexaploid bread wheat accessions from a worldwide collection (Shi 

et al., 2017). The wheat accessions in set b) were all genotyped with a 90K gene-based SNP 

array (Wang et al., 2014) and a subset of them was also characterized with exome capture. 

 

The germplasm used in this research consisted of diversity collections. Therefore, one of the 

first questions to address is in which genotypes to characterize at a high density (reference) 

and which ones to impute. (Shi et al., 2017) evaluated five methods to select the reference 

population using the set a); minimising the conditional genetic variance based on the genomic 

relationship matrix (GRM), which is denoted as MCG (Yu et al., 2014), a genetic algorithm-

based acces- sion-to-nearest-entry (GA-ANE) (Odong et al., 2013), a genetic algorithm-based 

entry-to-nearest-entry (GA-ENE) (Odong et al., 2013), hierarchical clustering method (HC) and 

random selection. For the imputation step, two methods were used; Beagle 4 (Browning, 2008) 

and FImpute (Sargolzaei et al., 2014). Main conclusions from this analysis were that imputation 

accuracy increases with increasing the reference size and the number of SNPs included in the 

low-density array and that accession-to-nearest-entry and genomic relationship-based 

methods were the best performing selection algorithms (Figure 4). FImpute resulted in higher 
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accuracy and was more efficient than Beagle4, probably because no pedigree was included in 

this case as it was a diversity panel.  

 

When imputing from the 90K chip to Exome sequence (data set b), accuracies were 

intermediate (~0.6-0.7), sowing that imputation from 90K SNP bead chip to exome sequence 

is feasible, but it is still an area that requires further research to improve imputation accuracy 

in diversity panels. 

 

 
Figure 4. Accuracy for imputing in the Watkins landrace accessions from 183 SNPs in 

chromosome 3B belonging to the 9K chip to 1078 SNPs belonging to the 90K SNP chip. 

Beagle4 (a) and FImpute (b) were used and reference populations were selected using five 

methods (MCG, GA-ANE, GA-ENE, HC and Random) and at four reference sizes (Figure 1 in 

(Shi et al., 2017)). 

 

3.2. Maize EU-NAM population 

 

We evaluate genotype imputation in a NAM population by two methods: magicImpute and 

Beagle. The algorithm Beagle v4.1 (Browning and Browning, 2016) assumes that the input 

reference panel is phased. It restricts a hidden Markov model (HMM) to typed markers in the 

offspring. The HMM uses a Li and Stephens model (Li and Stephens, 2003) that is similar to 

those used in other population-based imputation algorithms, assuming study individuals are 

apparentaly unrelated.  

 

In this report, we will compare the performances of Beagle and magicImpute in both scenarios 

in a NAM population, and study the effects of the amount of missing values.  

 

The Dent panel of the maize EU-NAM population was used to evaluate genotype imputation 

methods. It consisted of 841 double haploid (DH) lines originating from crosses between the 

central parent F353 and 10 peripheral parents. See (Bauer et al., 2013) and (Lehermeier et 

al., 2014) for more details. The SNP-Chip data contained 34,223 polymorphic SNP markers 

after some filtering steps (Ganal et al., 2011). The genetic map was obtained from (Giraud et 

al., 2014). It consisted of 10 linkage groups with total length of 1,344 cM, so the marker density 

is ~25.5 SNPs/cM. The NAM genotypic data contained 3.83% missing genotypes in parents 

and 1.16% missing genotypes in offspring. We imputed these missing values by magicImpute, 

and denoted the results as the full dataset.  
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We produced evaluation datasets by masking some genotypes in the full datasets in two ways. 

First, we produced 6 datasets by randomly masking genotypes with probability f=0.2, 0.35, ..., 

0.95 at step size 0.15. This correponds to scenario A where parents and offspring have same 

density of markers and thus there are no untyped markers in offspring. Secondly, we first 

selected SNP markers randomly with probability f=0.2, 0.35, ..., 0.95, and then masked all the 

genotypes at those selected markers (see Figure 3).  

 

For each of the twelve evaluation datasets, we performed genotype impuation by magicImpute 

(Zheng et al 2018) and Beagle v4.1 (Browning and Browning 2016), and performed Beagle 

imputation in two ways. Firstly, we imputed the whole NAM population using the 11 parents as 

the reference panel. Secondly, we imputed each of 10 subpopulations seperately, using the 

corresponding two parents as the reference panels. The algorithm magicImpute was 

implemented as a function in the software RABBIT, which is available at 

https://github.com/chaozhi/RABBIT. The default options were used for magicImpute, and the 

model is set to “depModel” so that all genotypes are assumed to be homozygous (Zheng et al 

2015), which is the case for the DH lines. For Beagle, we also used the default options except 

that the effective population size is set to 100.  

 

We calculated the imputation accuracy by the fraction of the imputed genotypes being the 

same of the masked genotypes, excluding the masking missing genotypes at monomorphic 

markers with respect to their corresponding sub-biparental populations. The excluded masked 

genotype are always imputed correctly by magicImpute, but not by Beagle. The imputation 

accuracy does not depend on allele frequencies at marker locations, since the frequencies are 

around 0.5 after excluding those monomorphic markers in the subpopulations.  

 

Figure 5 shows the imputation accuracies obtained by magicImpute and Beagle from the 

twelve evaluation datasets. Beagle performed very poorly in scenario B, where all genotypes 

at untyped markers are missing. In this scenario, Beagle many imputed values were imputed 

heterozygous genotypes. In scenario A, Beagle performed very well when missing fraction  

f≤0.8, and it breaked down at the high missing fraction (f>0.95). When Beagle imputed each 

subpopulation seperately, the accuracies were similar to, or lower than, those that were 

obtained when imputing the NAM population simutaneously. In constrast, magicimpute is very 

robust to the missing fraction and to the distribution of missing values. The accuracies for 

magicImpute are close to 1 at missing fractions from 0.20 to 0.95, in two scenarios with 

different distributions of missing values.   

 

The outpeformance of magicImpute over Beagle was mainly because magicImpute can 

incorporate breeding design informaction and account for homozygous populations. This 

becomes evident from the imputation of missing values at monomorphic markers in the 

corresponding subpopulation. magicImpute imputed them always correctly to be homozygous 

genotypes, whereas Beagle imputed them often to be heterzygous genotypes even in the case 

of imputing subpopulation separately.  

 

The dramatically different performances of Bealge in two scenarios indicate that there is a 

mininum requirement of observed genotypes at a marker in reference panels and study 

individuals. This is partialy shown in the slightly outperformace of imputing the NAM 

simultaneously over imputing separately, since the former contains more parents in the 

reference panel.  

https://github.com/chaozhi/RABBIT
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Figure 5. Evaluation of magicImpute and Beagle by the real EU-NAM population. The purple 

lines denote that Beagle imputes each subpulation seperately, using the central parent and 

the corresponding peripheral parent as the reference panel. The read lines denote that Beagle 

imputes the whole NAM simutaneiously, using the 11 parents as the reference panel. The gray 

vertical bars denote that the minimum and the maximum accuracies obtained for each of 10 

chromosomes. (A) The missing genotypes in the scenario A were produced by masking 

obtained genotypes independenly accross offspring and markers. (B) The missing genotypes 

in the scenario B were produced by masking all genotypes at randomly selected marker 

locations.  

4. Summary and recommendations 

 

Based on our literature review and on the calculations done on the EU-maize NAM population, 

we can conclude that: 

 Imputation accuracy is influenced by the LD between imputed and reference SNPs, the 

relationship between imputed and reference individuals, the number of copies of the 

genetic variants and the proportion of missing values. 

 There is a number of imputation techniques. The promising methods are Beagle, 

FImpute, FSFHap, PlantImpute, LB-Impute and magicImpute. 

 In this report, we present and discuss two case studies; one in wheat and one in maize. 

The wheat example consisted of a diversity panel that was imputed with Beagle 4 and 

FImpute and evaluates the effect of the composition of the set of reference individuals. 

The main conclusion is that methods considering the genetic similarity when choosing 

the reference set (e.g. accession-to-nearest-entry and genomic relationship-based 

methods) outperform methods that do not (e.g. random).  

 The maize example compares Beagle across all genotypes, Beagle within each of the 

families separately and magicImpute. Beagle outperforms Beagle within family, 

showing the importance of the number of copies of the genetic variants and the 

proportion of missing values. In scenario A, Beagle performs very well when missing 

fraction  f≤0.8, and it breaks down at the high missing fraction 0.95. Beagle performs 

very poorly in scenario B where all genotypes at untyped markers are missing, where 

Beagle imputes many imputed values as heterozygous genotypes. This shows that 

Beagle might not be the best method for imputation when the aim is to reduce cost by 

imputing progeny that is characterized at lower density than the parents. 
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