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Table 1. Average accuracy of population imputafmrdatasets A and B

Dataset A Dataset B
Deleted
mz(:x(;l;)ers Size of reference population Size of reference population
100 250 500 750 100 250 500 750

0.976+0.280 0.989+0.23 0.993+0.28 0.998+0.27
0.968+0.2% 0.986+0.20 0.990+0.24 0.993+0.2%
0.954+0.18 0.977+0.19 0.985+0.28 0.989+0.22

15 0.945+0.280 0.953:0.18 0.976+0.28 0.978+0.20
30 0.936+0.18 0.947:0.2% (0.973+0.20 0.97620.24
55 0.925+0.18 0.939:0.1¢ 0.965+0.19 0.969:0.22
7C  0.918+0.1° 0.922+0.1% (0.954+0.1¢ 0.96310.21 0.943+0.1° 0.968+0.1* 0.978+0.2° 0.980%0.27
95 0.765+0.10 0.806:0.1% 0.832+0.18 0.895:0.19 0.785+0.20 0.832+0.17 0.887+0.2% 0.901+0.24

Means withineach column with different superscripts datasets A and B are significantly differeP<0.05

B g A aiws 90 ;0 (00l Sgames] ) 00l (6 5lwaiiius SNP slo Silis olows =Y Jgu
Table 2. Number of single nucleotide polymorphig®NPs) to be imputed in datasets A and B

Deleted markers (%) Dataset A (52000) Dataset B (37000)

15 7800 5550

30 15600 11100
55 28600 20350
70 36400 25900
95 49400 35150

z=s slas (Kranjcevicovaet al., 2019 .5 |13 5.5
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Table 3. Average percentage of correctly impute®Shor datasets A and B

Size of reference population for dataset A Size of reference population for dataset B
DM* 100 250 500 750 100 250 500 750

15 0.975:0.24 0.981+0.25 0.991+0.286 0.995:0.28 0.982+0.26 0.989+0.23 0.993+0.26 0.999:0.27
30 0.967+0.22 0.980+0.24 0.989+0.25 0.990+0.26 0.981+0.25 0.987+0.20 0.991+0.25 0.995+0.26
55  0.963+0.20 0.975+0.23 0.978%0.24 0.989+0.22 0.965+0.22" 0.980+0.21 0.987+0.24 0.990+0.24
70 0.954+0.21 0.963+0.22 0.967+0.22 0.982+0.23 0.953+0.22  0.976:0.26 0.980+0.24 0.989+0.23
95 0.773+0.18 0.823+0.18 0.844+0.2f 0.901+0.22 0.797+0.2f  0.856+0.280 0.890+0.189 0.923+0.2%

* In each column, different superscripts indicattee significant difference between meaRs®.05).
* DM means Deleted Markers (%).
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Abstract

In this study, effect of the reference populatitme sand the number of missing single nucleotide/mpokphisms
(SNPs) on imputation accuracy was assessed. Their@Bt8tware was used to create a reference datathdk00
simulated animals. Two datasets were created frerdatabase reference: The first dataset (A), dedwriginal
genotypes, containing the missing SNPs (52,000 ®blfkers), and the second one (B) included the ggmetypes
without the missing data (37,000 SNP markers).dth llatasets, animals were simulated for a referpopulation
with the size of 100, 250, 500 and 750. The del&&Ps were simulated randomly in both datasets thi¢h
proportion of 15%, 30%, 55%, 70%, and 95%. The emmuwas determined based on the correlation betres
original SNP values before deletion and its valafter imputation. The results of this study showtbdt the
accuracy of the imputation was influenced by thee 9f reference population and density of the ddleNP
markers. By increasing the reference populatioa fiam 100 to 750 animals in both datasets, theageeaccuracy
of the imputation was increased. The highest acgurathe reference population of 750 animals wamf0.89 to
0.98 in dataset A and 0.90 to 0.99 in dataset Bhe@#ly, the results showed that if the size of teference
population is sufficient, the imputation accuracgd not much change, despite large number of nyi€iNPs.
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