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Abstract 16 

Background 17 

Population genetic studies based on genotyped single nucleotide polymorphisms (SNPs) are 18 

influenced by a non-random selection of the SNPs included in the used genotyping arrays. The 19 

resulting bias relative to whole genome sequencing (WGS) data is known as SNP ascertain-20 

ment bias. Correction for this bias requires detailed knowledge of the array design process 21 

which is often not available in practice. This study intends to investigate an alternative ap-22 

proach to mitigate ascertainment bias of a large set of genotyped individuals by using infor-23 

mation of a small set of sequenced individuals via imputation without the need for prior 24 

knowledge on the array design. 25 

Results 26 

The strategy was first tested by simulating additional ascertainment bias with a set of 1,566 27 

chickens from 74 populations that were genotyped for the positions of the Affymetrix Axiom™ 28 

580k Genome-Wide Chicken Array. Imputation accuracy was shown to be consistently higher 29 

for populations used for SNP discovery during the simulated array design process. Reference 30 

sets of at least one individual per population in the study set led to a strong correction of 31 

ascertainment bias for estimates of expected and observed heterozygosity, Wrights Fixation 32 

Index and Nei’s Standard Genetic Distance. In contrast, unbalanced reference sets introduced 33 

a new bias towards the reference populations. Finally, the array genotypes were imputed to 34 

WGS by utilization of reference sets of 74 individuals (one per population) to 98 individuals 35 

(additional commercial chickens) and compared with a mixture of individually and pooled se-36 

quenced populations. The imputation reduced the slope between heterozygosity estimates of 37 

array data and WGS data from 1.94 to 1.26 when using the smaller balanced reference panel 38 



 

3 

 

and to 1.44 when using the larger but unbalanced reference panel. This generally supported 39 

the results from simulation but was less favorable, advocating for a larger reference panel 40 

when imputing to WGS.  41 

Conclusions 42 

The results highlight the potential of using imputation for mitigation of SNP ascertainment 43 

bias but also underline the need for unbiased reference sets. 44 

Keywords 45 

SNP ascertainment bias; imputation; chickens; population genetics 46 

Background 47 

To realize cost- and computational efficiency, many of the population genetic studies of the 48 

last 10 years for humans [1, 2], as well as for model- [3, 4] and agricultural species [5–8] were 49 

based on single nucleotide polymorphisms (SNP), which were genotyped by commercially 50 

available SNP arrays. Those arrays are based on a non-random selection (ascertainment) of 51 

SNPs, mostly performed in more intensively researched populations (e.g. commercially used 52 

livestock breeds). This results in a shift of the allele frequency spectrum towards mean allele 53 

frequencies and thereby an overestimation of heterozygosity compared to whole genome re-54 

sequencing (WGS) data. As this overestimation is stronger for populations involved in the ar-55 

ray design (discovery populations) than for those not involved [9], follow-up analyses can be 56 

biased. This effect is widely known as SNP Ascertainment Bias [10–12].  57 

Different population genetic estimators are affected by SNP ascertainment bias to a different 58 

extent [11] and implementing bias-reduced estimators requires strong assumptions on the 59 
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design process of the used SNP array [13] which is often not public knowledge or too compli-60 

cated to be remodeled [14, 15]. Malomane et al. [16] therefore screened different raw data 61 

filtering strategies on mitigation of ascertainment bias in SNP data and identified linkage prun-62 

ing to result in slightly decreasing ascertainment bias. Due to strongly decreasing sequencing 63 

costs and the complexity of the ascertainment bias correction strategies, more and more stud-64 

ies started using WGS data for population genetic analysis during the last years [17–21]. How-65 

ever, costs for broad WGS based studies are still rather high, resulting in large-scale collabo-66 

rations such as the 1000 Genomes Project [22], the 1000 Bull Genomes Project [23], or the 67 

1001 Arabidopsis Genomes Project [24]. 68 

A commonly used method to in silico increase the resolution of SNP data sets is imputation 69 

[25]. Over the years a variety of imputation approaches [26–32] have been proposed that uti-70 

lize linkage, pedigree, and haplotype information. To increase the marker density, an addi-71 

tional reference panel of individuals that were genotyped/sequenced by the intended resolu-72 

tion is required to additionally infer information from SNPs missing on the respective lower 73 

density study set.  74 

Imputation-based studies mostly either used a reference panel of the same population as the 75 

study set itself [33–35] or utilized large global reference panels as of the 1000 Genomes [22, 76 

36, 37] or 1000 Bull genomes [23, 38] projects. Especially for admixed or small endangered 77 

populations, the use of additional distantly related populations in the reference panel was 78 

investigated. On one hand, Brøndum et al. [39], Ye et al. [40] and Rowan et al. [41] identified 79 

multi-breed reference panels to increase imputation accuracy especially in admixed breeds 80 

and for low frequent alleles when imputing from high-density genotypes to sequence data. 81 

On the other hand, Berry et al. [42] observed that smaller within breed reference panels 82 
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(140 - 688 reference cattle individuals per breed) performed always superior compared to the 83 

combined across breed reference panel when imputing from low density to high-density array 84 

genotypes. Korkuć et al. [43] showed that adding 100 to 500 Holstein cattle sequences to a 85 

reference panel of 30 German Black Pied cattle significantly decreased the imputation accu-86 

racy in comparison to the pure panel when imputing from array to sequence data. Adding the 87 

same numbers of a multi-breed reference panel only outperformed the pure panel when at 88 

least 300 reference animals were added. Pook et al. [44] investigated the inclusion of chicken 89 

populations to the reference set which were differently distantly related to the study set. 90 

While error rates generally decreased for rare alleles, the inclusion of distantly related popu-91 

lations slightly increased error rates for previously good imputed SNPs. Overall, the ideal setup 92 

of a reference panel seems to be highly dependent on the application with positive effects for 93 

some, but also potential harm in other cases.  94 

In this context, the current study aims at assessing the influence of a study design on SNP 95 

ascertainment bias, which uses a small number of sequenced chickens (the reference set) to 96 

in silico correct SNP ascertainment bias in a broad multi-population set of genotyped chickens 97 

(the study set) by imputation to sequence level. The general idea behind this design is to allow 98 

for a large sample size, which reduces sampling bias while keeping sequencing costs affordable 99 

as most individuals will only be genotyped. We, therefore, assessed the potential effects of 100 

this design by imputing in silico created low-density array data to high-density array data, and 101 

by imputing real high-density data to WGS data.  102 

Material and Methods 103 

Data 104 

Three different sets of genomic data were used for this study:  105 
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1) Individual sequence data of 68 chickens from 68 different populations, sequenced 106 

within the scope of the EU project Innovative Management of Animal Genetic Re-107 

sources (IMAGE; www.imageh2020.eu) [45]. They were complemented by 25 se-108 

quences (17 + 8) from two commercial white layer lines, 25 sequences (19 + 6) from 109 

two commercial brown layer lines, and 40 sequences (20 each) from two commercial 110 

broiler lines [20]. In total 158 sequences from 74 populations. 111 

2) Pooled sequence data from 37 populations (9-11 chickens per population) [16]. All ex-112 

cept 4 chickens from two populations were part of set 3. 113 

3) Genotypes of 1,566 chickens from 74 populations, either genotyped (sub-set of the 114 

Synbreed Chicken Diversity Panel; SCDP) [46] with the Affymetrix Axiom™ 580k Ge-115 

nome-Wide Chicken Array [47], or complemented from set 1. 116 

The intersection of the used data sets is shown in Figure 1 and accession information of the 117 

raw data per sample can be found in Supplementary File 1. All three data sets came with their 118 

own characteristics. While individual sequences are considered to be the gold standard 119 

throughout this study, genotypes of the Affymetrix Axiom™ 580k Genome-Wide Chicken Array 120 

[47] are biased towards variation which is common in the commercial chicken lines [9] and 121 

pooled sequences only allow for an estimate of population allele frequencies and show a slight 122 

bias due to sample size and coverage (Supplementary File 2) [48, 49].  123 

 124 

Figure 1: UpSet plot showing the distinct intersections of chickens between the used sequenc-125 

ing/ genotyping technologies. The left bar plot contains the total number of individuals that 126 

were genotyped (array), individually sequenced (indSeq), or pooled sequenced (poolSeq). The 127 

upper bar plot contains the number of individuals within each distinct intersection, indicated 128 

by the connected points below. 129 

 130 
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Calling of WGS SNPs and generation of genotype set 131 

Alignment of the raw sequencing reads against the latest chicken reference genome GRCg6a 132 

[50] and SNP calling was conducted for individual and pooled sequenced data following GATK 133 

best practices [51, 52]. As the Affymetrix Axiom™ 580k Genome-Wide Chicken Array [47] does 134 

not contain enough SNPs on chromosomes 30 – 33 for imputation (and chromosome 29 is not 135 

annotated in the reference genome), only up to chromosome 28 was used. This resulted in 136 

20,829,081 biallelic SNPs on chromosomes 1 - 28 which were used in further analyses. Addi-137 

tionally, all individual sequences were genotyped for the positions of the Affymetrix Axiom™ 138 

580k Genome-Wide Chicken Array [47].  139 

To ensure compatibility between Array- and WGS data, the genotypes of the Synbreed Chicken 140 

Diversity panel were lifted over from galGal5 to galGal6 and corrected for switches of refer-141 

ence and alternate alleles. Only SNPs with known autosomal position, call rates > 0.95 and 142 

genotype recall rates > 0.95 were further considered. MAF filters were later used when sub-143 

sampling the different sets and thus not considered in this step. Further, missing genotypes 144 

were imputed using Beagle 5.0 [32] with ne=1000 [44] and the genetic map taken from 145 

Groenen et al. [53]. This resulted in a final set of 1,566 animals from 74 populations (18 - 37 146 

animals per population) and 462,549 autosomal SNPs, further referred to as the genotype set. 147 

As Malomane et al. [16] described LD-based pruning as an effective filtering strategy to mini-148 

mize the impact of ascertainment bias in SNP array data, the genotype set was additionally LD 149 

pruned using plink 1.9 [54] with --indep 50 5 2 flag. This reduced the genotype set to 136,755 150 

SNPs (30 %) and will be referred to as pruned genotype set. 151 

The description of the detailed pipeline can be found in Supplementary File 2. 152 
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Analyses based on simulation of ascertainment bias within the genotype set 153 

A first comparison was based solely on the 15,868 SNPs of chromosome 10 of the genotype 154 

set which allowed for a high number of repetitions while still being based on a sufficiently 155 

sized chromosome. To simulate an ascertainment bias of known strength, a stronger biased 156 

array was designed in silico from the genotype set for each of the 74 populations (further 157 

called discovery population) by using only SNPs with MAF > 0.05 within this population. Then, 158 

reference samples for imputation were chosen in five different ways with ten different num-159 

bers of reference samples and three repetitions per sampling: 160 

1) allPop_74_740: Equally distributed across all populations by sampling one to ten chick-161 

ens per population (74 - 740 reference samples). 162 

2) randSamp_5_50: 5, 10, …, 50 randomly sampled chickens (5-50 reference samples). 163 

3) randPop_5_50: Five chickens from each of one to ten randomly sampled populations 164 

(5 - 50 reference samples). 165 

4) minPop_5_50: Five chickens from each of one to ten populations which were closest 166 

related to the discovery population, based on Nei’s Distance ([55]; 5 - 50 reference 167 

samples). 168 

5) maxPop_5_50: Five chickens from each of one to ten populations which were most 169 

distantly related to the discovery population, based on Nei’s Distance ([55]; 5 - 50 ref-170 

erence samples). 171 

This resulted in 2,200 repetitions of in silico array development and re-imputation per sam-172 

pling strategy. The reference set was formed by sub-setting the total genotype matrix to SNPs 173 

with MAF > 0.01 within the reference samples and the reference samples chosen via the 174 
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above-mentioned strategies. Imputation of the in silico arrays to the reference set was per-175 

formed by running Beagle 5.0 [32] with ne=1000 [44], the genetic distances taken from 176 

Groenen et al. [53] and the according reference set. The schematic workflow can be found in 177 

Figure 2. 178 

 179 

Figure 2: Schematic representation of the workflow of creating and re-imputing the in silico 180 

arrays. The starting point was a 0/1/2 coded marker matrix with SNPs in rows and individuals 181 

in columns (different populations separated by vertical lines). In a first step, an array (light 182 

blue rows) was constructed in silico from known data by setting all SNPs to missing which were 183 

invariable (MAF < 0.05, red rows) in the discovery population (first three columns). In a second 184 

step, a reference set (dark blue columns) was set up from animals for which complete 185 

knowledge of all SNPs was assumed. This Reference set was then used in a third step to impute 186 

the missing SNPs in the study set using Beagle 5.0 and resulting in a certain amount of impu-187 

tation errors (red numbers). 188 

 189 

Analyses were then based on comparisons between the in silico ascertained and later imputed 190 

sets and the genotype set, which was considered as the ‘true’ set for those comparisons.  191 

Imputation of genotype set to sequence level 192 

After the initial tests of the imputation strategies by the in silico designed arrays, we imputed 193 

the complete genotype set to sequence level, using the available individual sequences as the 194 

reference panel. In the first run, one reference sample per sequenced population was chosen 195 

(74 reference samples; 74_1perLine) which is equivalent to the first scenario allPop_74 of the 196 

in silico array imputation. As we had more than one sequenced individual for the commercial 197 

lines, the number of reference samples for the commercial lines was subsequently increased 198 

to five reference samples per line (up to 98 reference samples; 98_5perLine). Finally, we used 199 

all available individually sequenced animals as reference samples (158 reference samples; 200 
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158_all), which resulted in a strong imbalance towards the two broiler lines (20 reference 201 

samples per broiler line).  202 

Parameter settings in Beagle were further tweaked by increasing the window parameter to 203 

200 cM to ensure enough overlap between reference and study SNPs. This was needed as we 204 

observed low assembly quality and insufficient coverage of the array on the small chromo-205 

somes. Analyses were then based on comparisons between the genotype set, the pruned set 206 

or the imputed sets and the gold standard, the WGS data. 207 

Assessment of imputation accuracy 208 

Assessment of imputation accuracy was done by using Pearson correlation (r) between true 209 

and imputed genotypes [42, 56] for the in silico designed arrays. Pearson correlation puts a 210 

higher relative weight on imputation errors in rare alleles than plain comparison of allele- or 211 

genotype concordance rates [56]. In case of the imputation to sequence level, no ‘true’ set 212 

was available for the evaluation of imputation accuracy. Instead, we used the internal Beagle 213 

quality measure, the dosage r-squared (DR2) [57]. This, however, has the drawback that it only 214 

shows the theoretical imputation accuracy, cannot capture biases due to biased reference sets 215 

and also does not allow for a per population evaluation of imputation accuracy. 216 

Comparison of population genetic estimators 217 

Ascertainment bias is most crucial when comparing populations with varying relatedness to 218 

the populations used for the SNP ascertainment [9]. To investigate these effects, we concen-219 

trated on two heterozygosity estimates: expected (HE) and observed (HO) heterozygosity; and 220 

two distance measurements: Wright’s fixation index (FST) [58] and Nei’s distance (D) [55]. 221 

HO, as the proportion of heterozygous genotypes in a population, could only be calculated 222 

when the genotypic status of a population was known (individual sequences or genotypes). In 223 
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contrast, HE could also be calculated from pooled sequences which allow the estimation of 224 

allele frequencies (p). Thereby, HO and HE (equation (1)) are calculated as average over all loci 225 

(l = 1, …, L). 226 

 

2 (1 )l

E
l

lp p

H
L





  (1) 227 

As pooled sequence data comes with a slight but systematic underestimation of HE ([48]; Sup-228 

plementary File 2), HE for pooled sequences was multiplied with the correction factor 
1

n
n , 229 

introduced by Futschik and Schlötterer [48], where n  is the number of haplotypes in the pool. 230 

This partially corrected the HE estimates for the bias introduced by pooled sequencing (Sup-231 

plementary File 2). 232 

D was calculated as given by equation (2), where Dxy accounts for the genetic distance be-233 

tween populations X and Y, while xil and yil represent the frequency of the ith allele at the lth 234 

locus in population X and Y, respectively. 235 
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  (2) 236 

Pairwise FST values between populations X and Y were estimated using equation (3), where 237 

lHT  accounts for the HE within the total population at locus l  and lHS  for the mean HE within 238 

the two subpopulations at locus l  [58].  239 
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D and FST both show a downward bias that is comparable to HE when estimated from pooled 241 

data (Supplementary File 2). The effect of ascertainment bias is much larger than the effect of 242 

pooling for D. In contrast, FST is generally robust against the effects of ascertainment bias when 243 

a sufficiently large discovery panel was used for array development [11]. Therefore, it shows 244 

underestimation when calculated from pooled sequence data which is larger than the effect 245 

of ascertainment bias (Supplementary File 2). We therefore could not dissect the effects of 246 

the two biases in the comparisons on sequence level and did not include FST there. 247 

Having no ascertainment bias would mean that estimates of a respective set would lie on the 248 

line of identity (diagonal) when regressing the set against the true values. The magnitude of 249 

the bias can therefore be defined as the distance of the estimates to that line. We therefore 250 

regressed the estimates from biased data (
ij

y ) on the unbiased ones (
ij

x ) while fitting group 251 

specific intercepts ( igroup ) as well as group-specific slopes ( i igroup  ) and a random error 252 

(
ij
ò , 2

~ (0, )
e

N Iò  ) as in equation (4). 253 

 
ij i i i ij ij

y grou upp gro x  ò   (4) 254 

The definition of a group describes for within-population estimators (e.g. HE) whether a pop-255 

ulation was used for SNP discovery (discovery population), samples from that population were 256 

used as reference set (reference population) or none of both (application population). Note 257 

that in scenarios where reference individuals were present for every population, we only di-258 

vided them into discovery and application populations. For between population estimators 259 

(FST, D), a group describes the according combination of the two involved population groups. 260 

Differences of the estimated slopes from one and the correlation between heterozygosity and 261 
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distance estimates from biased and true set within groups were used as indicators for the 262 

magnitude of bias and random estimation error. 263 

To get a measure for a fixed estimation error, we also calculated the mean overestimation 264 

across populations (j = 1 ... J) as in equation (5). 265 

  overestimation=

j j

jj

J

biased estimat

m

e true estimate

true estim
n

ate
ea




  (5) 266 

Note, that we did not have a population-wide estimate of allele frequency on sequence level 267 

for each population we did have single individual sequences for. Comparisons of population 268 

estimates on sequence level are therefore only based on 45 populations instead of all 74 pop-269 

ulations which were used as study and reference set for the imputation process. 270 

Results 271 

In silico array to genotype 272 

For the in silico array to genotype set imputation, median per-animal imputation accuracies 273 

(r) were already high with 0.94 when using one reference individual per population (all-274 

Pop_74). Increasing the number of reference individuals subsequently increased the accuracy 275 

up to 0.99 for 10 reference individuals per population (allPop_740). The accuracy was consist-276 

ently higher for individuals which were part of the discovery population (Figure 3). 277 

 278 

Figure 3: Development of the per-animal imputation accuracy for the in silico array to geno-279 

type set imputation with an increasing number of reference animals per population. Individu-280 

als are grouped on whether they belong to the population used for SNP discovery or not and 281 

reference individuals were chosen as in scenario allPop_74_740. The lines show the trend of 282 
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the median and outliers are not shown in the plot as they do not add valuable information 283 

due to the high number of repetitions. 284 

 285 

Accuracies were lower for the other strategies, mainly due to fewer reference individuals 286 

(maximum 50). However, Figure S 2 indicates that the best imputation accuracies were 287 

achieved for populations which contained at least one reference individual. The discovery 288 

populations showed slightly to strongly increased accuracies compared to the application pop-289 

ulations for all scenarios besides the scenario where the reference populations were chosen 290 

to be maximum distant to the discovery population (scenario maxPop_5_50; Figure S 2 ). Ran-291 

domly choosing reference individuals across the complete population set (scenario rand-292 

Samp_5_50; Figure S 2) resulted in the overall best imputation accuracies. When assigning the 293 

reference samples to randomly chosen populations in blocks of five samples per population 294 

(scenario randPop_5_50, Figure S 2), the accuracies for the reference populations were only 295 

slightly increased, while accuracies for discovery- and application populations dropped mas-296 

sively. Interestingly, the accuracies for application populations were higher in scenario 297 

minPop_5_50 (Figure S 2), in which the reference populations were chosen according to their 298 

minimum distance to the discovery population, than with the random reference population 299 

selection from scenario randPop_5_50. A selection of reference populations to be maximum 300 

distant to the discovery population (scenario maxPop_5_50, Figure S 2) performed overall 301 

worst. 302 

As expected, the in silico ascertained sets showed a strong overestimation of the HE for nearly 303 

all populations in all cases. The overestimation was much stronger for populations used for 304 
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SNP discovery (Figure 4 A). Imputation using an equal number of reference samples per pop-305 

ulation (scenario allPop_74_740) massively decreased this bias (Figure 4 B). The strength of 306 

the correction was increased by an increase in the number of reference populations.  307 

 308 

Figure 4: True HE vs. ascertained HE (A) and imputed HE (B) by population group. For the im-309 

puted case, the strategy of using the same number of reference samples per population (all-310 

Pop_74_740) is shown, an increase in the number of reference samples per population (1-10) 311 

is marked by an increasing color gradient and the line of identity is marked by a solid black 312 

line. 313 

 314 

To get an impression on the strength of the correction and the needed size of the reference 315 

panel, Figure 5 compares the correlation by population group, the slope for the within-group 316 

regression of the true HE and HO vs. the ascertained/ imputed cases and mean overestimation 317 

for strategy allPop_74_740. It shows that the effects of ascertainment bias were stronger for 318 

HE than for HO. Imputation when using the reference set with just one individual per popula-319 

tion corrects the initially much lower correlation within population group to > 0.99. While 320 

slope and mean overestimation are also pushed nearly ultimately towards the intended values 321 

of one respectively zero for the non-discovery populations, there remains a small bias for the 322 

discovery populations, which decreases with an increasing number of reference samples. 323 

 324 

Figure 5: Development of correlation within population group (A), slope (B) and mean overes-325 

timation (C) of the regression lines for the two heterozygosity estimates when distributing the 326 

reference samples equally across all populations (allPop_74_740). The intended value for un-327 

biasedness and minimum variance is marked as dense black horizontal line. Note that the case 328 

without imputation is consistent with zero reference samples. 329 

 330 
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The effects were observed in a comparable manner for the other imputation strategies (Figure 331 

S 3). Due to smaller reference panels, the correction effect of the imputation was generally 332 

worse than for strategy allPop_74_740. Interestingly, when limiting the reference samples to 333 

a small number of populations (strategies randPop_5_50, minPop_5_50, maxPop_5_50), we 334 

observed a newly introduced bias towards the reference populations (Figure S 3). This effect 335 

was strongest for strategy maxPop_5_50, where we chose the populations due to a maximum 336 

distance from the discovery population. However, increasing the number of reference sam-337 

ples minimized the bias of reference and discovery populations with all strategies.  338 

Population distances 339 

The effects of ascertainment bias were also present but less pronounced for the distance 340 

measurements (D and FST; Figure S 4). The bias was thereby mainly present, when estimating 341 

the distances between populations which belong to differently strong biased population 342 

groups (Figure S 5). Note that FST was, all in all, less affected than D. 343 

Genotype to sequence 344 

For the imputation from array to sequence, the smallest reference panel (74_1perLine) 345 

showed a median DR2 of 0.93 with 5 % and 25 % quantiles being 0.73 and 0.88. Increasing the 346 

number of reference samples from the commercial populations to 158_all increased the 5% 347 

quantile of DR2 by 0.05 while increasing all higher quantiles only by 0.01 (Table S 1). Note that 348 

chromosomes 16, 22 and 25 clearly showed a higher proportion of badly imputed SNPs than 349 

the other chromosomes (Figure S 6; Figure S 7). 350 

The effect of imputation to WGS on ascertainment bias of HE is shown in Figure 6. Given the 351 

situation that we cannot completely exclude pooling bias for the pooled sequenced samples 352 

(Supplementary File 2), only the effect on the individually sequenced samples can be discussed 353 
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with adequate reliability. While the array-based estimates showed a slope of 1.94, the linkage 354 

pruning slightly reduced this slope to 1.71. The clearly best result was achieved with imputa-355 

tion to WGS (slope = 1.26; 74_1perLine; Figure 6 A). However, the effect was also observed 356 

for all samples and they additionally showed a slight increase of correlation (0.97 to 0.98), 357 

which however is also influenced by pooling bias. Slightly increasing the reference panel (Fig-358 

ure 6 B) up to five samples per commercial line (98_5perLine) does not show any effect, while 359 

using all commercial samples in the reference panel (158_all) and thereby clearly biasing the 360 

reference panel towards the broiler samples increases HE again for all samples (slope = 1.44).  361 

 362 

Figure 6: Effect of different correction strategies on ascertainment bias for expected hetero-363 

zygosity (HE). A – uncorrected array, linkage pruned array and imputed array (reference set 364 

74_1perLine) based vs. sequence-based HE. B – array imputed with different reference sets 365 

vs. sequence-based HE. The solid black line represents the line of identity, the solid colored 366 

lines are regression lines within the individually sequenced populations (larger points) and the 367 

dashed lines regression lines within all populations which include individually and pooled 368 

(small points) sequenced populations. 369 

 370 

The results for Nei’s standard genetic distance (D; Figure 7) showed the same pattern as the 371 

results for HE. The slope for distances between individually sequenced populations decreased 372 

from 2.86 (array) and 1.77 (array_pruned) to 1.38 (imputed, 74_1perLine). The unbalanced 373 

reference panel 158_all then again increased the slope to 1.56. The correlation for all dis-374 

tances, besides being also influenced by pooling bias and therefore being a rough estimate, 375 

was increased from 0.93 (array) respectively 0.95 (array_pruned) to 0.98 (all reference sets). 376 

 377 

Figure 7: Effect of different correction strategies on ascertainment bias for Nei’s standard ge-378 

netic distance (D). A – uncorrected array, linkage pruned array and imputed array (reference 379 

set 74_1perLine) based vs. sequence-based D. B – array imputed with different reference sets 380 
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vs. sequence-based HE. The solid black line represents the line of identity, the solid colored 381 

lines are regression lines within distances between individually sequenced populations (larger 382 

points) and the dashed lines regression lines within distances between all populations which 383 

include individually and pooled (small points) sequenced populations. 384 

 385 

Discussion 386 

Overall performance of the correction method 387 

Imputation of SNP data sets from lower to higher density is a commonly used technique to 388 

either increase the resolution of data sets [33, 34, 38] or make them comparable across dif-389 

ferent platforms [59, 60]. The according studies mostly use a relatively homogeneous study 390 

set and a closely related and large reference set [33, 34]. However, studies exist which inves-391 

tigate the effect of increasing the reference set to a multi-population reference set to make 392 

use of the increased number of reference haplotypes [39–43]. To our knowledge, we here 393 

present the first study which investigates the use of a relatively small and diverse reference 394 

set on a large and diverse study set to correct for a genotyping platform-specific bias, the SNP 395 

ascertainment bias.  396 

This approach intends that single imputation errors do not harm, if the mean across the ge-397 

nome, presented by different population genetic estimators, shows unbiased results with min-398 

imum variance. Therefore, imputation to WGS level using a comparably small reference panel 399 

can be used to correct for the ascertainment bias of commercial arrays. 400 

Especially the in silico ascertained SNP arrays showed that even a very small reference panel 401 

consisting of one individual of each population showed very good results for all investigated 402 

estimators (Figure 5, Figure S 4) and became better with an increasing number of reference 403 

populations. The results were less beneficial for the real WGS data, but also showed a strong 404 
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decrease of the slope towards one. From the imputed in silico arrays, we could additionally 405 

realize a fast closing of the gap of the stronger overestimation of heterozygosity within dis-406 

covery populations and the less severe overestimation in non-discovery populations. This also 407 

seemed to be the case when imputing to WGS level where we observed that the slope within 408 

the commercial populations (closely related to discovery populations of the real array) de-409 

creased more than the slope within all populations due to imputation. However, this observa-410 

tion in the WGS data has to be regarded with caution, as we additionally identified a non-411 

negligible bias due to pooled sequencing which interfered with the assessment of ascertain-412 

ment bias and which was, in our study, confounded with the difference between commercial 413 

populations (sequenced individually) and non-commercial populations (sequenced as pools). 414 

The use of WGS information via imputation also consistently showed better results in regard 415 

of reduction of ascertainment bias than using linkage pruned array SNPs which was reported 416 

to be an effective filtering strategy for ascertainment bias mitigation by Malomane et al. [16]. 417 

Generally, the effect of imputation on the investigated estimators was shown to be compara-418 

ble across estimators, regardless of their initial reaction to ascertainment bias. An interesting 419 

side observation was that FST did not show any ascertainment bias on the real array data (Fig-420 

ure S 10) when calculated in the form of summing the numerator across SNPs and dividing by 421 

the sum of the denominator as calculated in this study. FST was only affected when used to 422 

estimate differentiation between the, in regard of heterozygosity differently strong affected, 423 

discovery- and non-discovery populations in the simulated array data. This strongly supports 424 

the findings of Albrechtsen et al. [11], who showed FST to be relatively robust against the ef-425 

fects of ascertainment bias. 426 
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We also investigated the effect of differently sized and constructed reference sets for impu-427 

tation. Generally, larger reference sets increased the accuracy of imputation and therefore 428 

decreased the effects of ascertainment bias. The best results were achieved when the refer-429 

ence set was as evenly distributed across the study set as possible. When reference popula-430 

tions were closely related to the discovery population, reduction in imputation quality and 431 

increase in ascertainment bias were less severe in case of unbalanced reference sets than if 432 

distantly related reference populations were used. This suggests that variation within study- 433 

and reference set needs to show enough overlap to achieve sufficient imputation accuracy 434 

and therefore reduction of ascertainment bias. 435 

Results from literature suggest that multi-breed reference panels generally increase imputa-436 

tion accuracy especially for rare variants and within admixed populations [39–41]. Addition-437 

ally, Rowan et al. [41] argue that they do not seem to introduce variation at a relevant scale 438 

for markers for which the breeds are actually fixed. However, some studies also showed that 439 

strongly unbalanced reference sets can reduce imputation accuracy [42, 43]. In this study, in-440 

cluding additional reference samples in a biased way when going from reference set 74_1per-441 

Line to 158_all increased the effects of ascertainment bias. However, theoretical imputation 442 

accuracies rather increased than decreased (Figure S 6; Table S 1) for previously poorly im-443 

puted SNPs. On one hand, this effect supports the findings of Brøndum [39], Rowan et al. [41] 444 

and Ye et al. [40] and on the other hand, nicely highlights the main reason for ascertainment 445 

bias. One can only identify variation which is present in the investigated sample. When devel-446 

oping an array, it is the variation in the discovery set, while in our case it is the reference set 447 

used for imputation. Therefore, it is crucial to use a reference set for imputation which covers 448 

the intended range of variation.  449 
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Besides the previously described effects of imputation on ascertainment bias, we also identi-450 

fied an effect of array design on imputation accuracy. Discovery populations show higher im-451 

putation accuracies than non-discovery populations (Figure 3). As markers on arrays are more 452 

representative for discovery populations than non-discovery populations, relatively more of 453 

the genetic variability in discovery populations is explained by the array and imputation is 454 

more accurate on average. 455 

Conclusion 456 

Imputation is generally able to mitigate ascertainment bias. The effect is already present when 457 

using a very small reference set of only one sequenced individual per population. It also per-458 

forms better than simple filtering strategies based on the array data alone. However, care has 459 

to be taken in designing an evenly spaced reference panel to not introduce a new bias towards 460 

variation present in the reference panel. We also suggest using a larger reference panel than 461 

the one which was available for this study to achieve better results. Additionally, we observed 462 

an effect of array design on imputation accuracy as discovery populations showed a higher 463 

imputation accuracy than non-discovery populations. This should be taken into account when 464 

designing studies based on imputed SNPs by choosing an appropriate genotyping array for the 465 

intended study populations. 466 
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Supplementary File 2: Supplementary Methods 520 

Figure S 1: Recall rates for samples which were genotyped as well as sequenced per SNP (A; 521 

B) and per animal (C; D); before (A; C; red) and after (B; D; blue) correction of potential refer-522 

ence allele switches in the genotype data. 523 

Figure S 2: Development of the per-animal imputation accuracy with an increasing number of 524 

reference animals per population. A – scenario randSamp_5_50; B – scenario randPop_5_50; 525 

C – scenario minPop_5_50; D – scenario maxPop_5_50. Individuals are grouped on whether 526 

they belong to the population which contains reference individuals, was used as for SNP dis-527 

covery or none of them (application). the lines show the trend of the median. 528 

Figure S 3: Development of correlations within population group (r), slope and mean overes-529 

timation of the regression lines for HE and HO estimates and different reference panel strate-530 

gies. The intended value for unbiasedness and minimum variance is marked as dense black 531 

horizontal line. Note that the case without imputation is consistent with zero reference sam-532 

ples. 533 

Figure S 4: Development of correlation within population group (A), slope (B) and intercept (C) 534 

of the regression lines for D and FST when distributing the reference samples equally over all 535 

populations (allPop_74_740). The intended value for unbiasedness and minimum variance is 536 

marked as dense black horizontal line. Note that the case without imputation is consistent 537 

with zero reference samples. 538 

Figure S 5: Development of correlation within population group (r), slope and mean overesti-539 

mation of the regression lines for Nei’s Distance (D) and FST estimates and different reference 540 

panel strategies. The intended value for unbiasedness and minimum variance is marked as 541 

dense black horizontal line. Note that the case without imputation is consistent with zero ref-542 

erence samples. 543 
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Figure S 6: Distribution of DR2 values by chromosome and reference set. Note that outliers 544 

are not shown due to a large number of underlying values. 545 

Figure S 7: Two-dimensional distributions of DR2 values vs. MAF by chromosome when im-546 

puted with the reference set 74_1perLine. The red line represents the median within 0.05 547 

MAF bins. 548 

Figure S 8: Effect of pooled sequencing and the correction factor of Futschik and Schlötterer 549 

[48] on expected heterozygosity (HE) and ascertainment bias. A – HE estimated from array 550 

positions of the sequencing data vs. HE directly estimated from array data. The color indicates 551 

the state before and after correcting the pooled sequence estimates and the accordingly col-552 

ored solid lines the group specific regression lines while the black solid line indicates the line 553 

of identity in all three plots. The plot therefore shows the magnitude of the bias introduced 554 

by pooled sequencing and the according effect of the correction factor. B – HE estimated from 555 

the array data vs. HE estimated from the complete sequence data. The color again shows the 556 

values before and after implementing the correction of the pooled sequence estimates. While 557 

the solid regression line and dense circles indicate the individually sequenced samples, the 558 

dashed regression lines and triangles indicate pooled sequenced samples. The plot therefore 559 

shows the combined effect of ascertainment bias and pooled sequencing bias. C – HE esti-560 

mated from array positions of the sequencing data vs. HE estimated from all positions of the 561 

sequencing data. The plot therefore shows the pure ascertainment bias.  562 

Figure S 9: Effect of pooled sequencing on the expression of the ascertainment bias in Nei’s 563 

standard genetic distance (D). The biased D was either estimated directly from the array gen-564 

otypes (D.arr, pooled bias + ascertainment bias) or from the array positions of the sequencing 565 

data (D.arr.seq, pure ascertainment bias), while the estimates from the complete sequence 566 

were assumed to be the true estimates. The black solid line represents the line of identity, 567 

solid colored regression lines and dense points represent estimates between individually se-568 

quenced populations and dashed lines and triangles represent estimates between two popu-569 

lations of which at least one was pooled sequenced. 570 

Figure S 10: Effect of pooled sequencing on the expression of the ascertainment bias in 571 

Wright’s fixation index (FST). The biased FST was either estimated directly from the array gen-572 

otypes (FST.arr, pooled bias + ascertainment bias) or from the array positions of the sequenc-573 

ing data (FST.arr.seq, pure ascertainment bias), while the estimates from the complete se-574 

quence were assumed to be the true estimates. The black solid line represents the line of 575 

identity, solid colored regression lines and dense points represent estimates between individ-576 

ually sequenced populations and dashed lines and triangles represent estimates between two 577 

populations of which at least one was pooled sequenced. 578 
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Table S 1: Quantiles of theoretical imputation accuracies (DR2) by reference set 579 
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Figures

Figure 1

UpSet plot showing the distinct intersections of chickens between the used sequencing/ gen-otyping
technologies. The left bar plot contains the total number of individuals that were genotyped (array),
individually sequenced (indSeq), or pooled sequenced (poolSeq). The up-per bar plot contains the number
of individuals within each distinct intersection, indicated by the connected points below.



Figure 2

Schematic representation of the work�ow of creating and re-imputing the in silico arrays. The starting
point was a 0/1/2 coded marker matrix with SNPs in rows and individuals in col-umns (different
populations separated by vertical lines). In a �rst step, an array (light blue rows) was constructed in silico
from known data by setting all SNPs to missing which were invariable (MAF < 0.05, red rows) in the
discovery population (�rst three columns). In a sec-ond step, a reference set (dark blue columns) was set
up from animals for which complete knowledge of all SNPs was assumed. This Reference set was then
used in a third step to im-pute the missing SNPs in the study set using Beagle 5.0 and resulting in a
certain amount of imputation errors (red numbers).



Figure 3

Development of the per-animal imputation accuracy for the in silico array to genotype set imputation with
an increasing number of reference animals per population. Individuals are grouped on whether they
belong to the population used for SNP discovery or not and refer-ence individuals were chosen as in
scenario allPop_74_740. The lines show the trend of the median and outliers are not shown in the plot as
they do not add valuable information due to the high number of repetitions.



Figure 4

True HE vs. ascertained HE (A) and imputed HE (B) by population group. For the imputed case, the
strategy of using the same number of reference samples per population (allPop_74_740) is shown, an
increase in the number of reference samples per population (1-10) is marked by an increasing color
gradient and the line of identity is marked by a solid black line.

Figure 5

Development of correlation within population group (A), slope (B) and mean overestimation (C) of the
regression lines for the two heterozygosity estimates when distributing the refer-ence samples equally
across all populations (allPop_74_740). The intended value for unbi-asedness and minimum variance is



marked as dense black horizontal line. Note that the case without imputation is consistent with zero
reference samples.

Figure 6

Effect of different correction strategies on ascertainment bias for expected heterozygosity (HE). A –
uncorrected array, linkage pruned array and imputed array (reference set 74_1perLine) based vs.
sequence-based HE. B – array imputed with different reference sets vs. sequence-based HE. The solid
black line represents the line of identity, the solid colored lines are regression lines within the individually
sequenced populations (larger points) and the dashed lines regression lines within all populations which
include individually and pooled (small points) sequenced populations.



Figure 7

Effect of different correction strategies on ascertainment bias for Nei’s standard genetic distance (D). A –
uncorrected array, linkage pruned array and imputed array (reference set 74_1perLine) based vs.
sequence-based D. B – array imputed with different reference sets vs. sequence-based HE. The solid
black line represents the line of identity, the solid colored lines are regression lines within distances
between individually sequenced populations (larg-er points) and the dashed lines regression lines within
distances between all populations which include individually and pooled (small points) sequenced
populations.
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