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ABSTRACT: The high expense of genotype determination and the low accuracy of the evaluation in a small number
of genotyped samples when using genomic data and genetic markers to perform genomic evaluations are two major
problems. The effect of levels of genetic markers in an F2 population obtained from a Two-way crossing of native Iran
chicken with a low growth rate and Arian meat strain with a high growth rate was investigated in this study to isolate
SNPs with higher effect and use these markers in genomic evaluation as a suitable method of screening SNPs to in-
crease the accuracy of the evaluation and reduce genotyping costs. In this study, we examined the prediction accuracy
of correction values in five marker groups with various minor allele frequencies (MAFs). We also demonstrated the
superiority of the ssGBLUP approach over the BLUP method using the 5-fold cross-validation (CV) method in the
single-step assessment strategy. We found that markers with an MAF of 0.4-0.5 were the most suitable for genomic
evaluations of the growth trait. Specifically, using SNPs with an MAF of 0.4-0.5 in the second to seventh weeks result-
ed in higher predictive accuracy compared to using information from all SNPs. Additionally, using SNPs with an MAF
0f 0.4-0.5 and developing low-density SNP chips with markers possessing these properties can be a reliable method for
evaluating individuals based on genetic merit.
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INTRODUCTION

he high cost of genotype determination and the

poor evaluation accuracy in a small number of
samples are challenges when using genomic data
and genetic markers to conduct genomic evaluations
at the farm level. In comparison to a kinship matrix
based purely on pedigree information, accuracy pre-
dictions employing a mixed matrix of pedigree in-
formation and genomic information are predicted to
perform better. The successful genetic enhancement
of important features in cattle and poultry species can
be achieved by developing an accurate and unbiased
genomic prediction system (Mrode et al., 2018).

Numerous genomic evaluation studies in cattle and
poultry species have examined and compared various
approaches to genomic prediction (Cardoso-Silva et
al., 2014; Neves et al., 2014; Costa et al., 2019). For
example, study 6 confirmed that the ssGBLUP meth-
ods improved prediction accuracy for residual feed
intake (RFI) and feed conversion ratio (FCR) in Nel-
lore cattle compared to BayesCr and GBLUP tech-
niques. The ssGBLUP methods are based on the in-
finitesimal model of polygenic trait control (Karaman
et al., 2018; Karaman et al., 2016), which assumes
a common effect and variance across all indicators.
The ssGBLUP method is considered superior to tra-
ditional pedigree-based BLUP and GBLUP methods
(Gao et al., 2012; Koivula et al., 2015; Christensen
et al., 2012; Li et al., 2014; Guo et al., 2015; Song et
al., 2017) because it incorporates both genomic and
pedigree information.

The prediction accuracy of the BLUP, GBLUP,
BayesC, ssGBLUP, and BayesCn algorithms was as-
sessed in an average genotyped size of the Canadian
pig population in a study by Salek Ardestani et al.,
(2021) to compare their predictive capacities. The
ssGBLUP approach had the highest prediction accu-
racy in the majority of the study’s situations (Salek
et al., 2021). Additionally, Yan et al., (2018) revealed
that ssGBLUP EBVs were more accurate and had less
skewness than BLUP by investigating a pure line of
laying hens.

Using the 5-fold cross-validation (CV) meth-
od, the prediction accuracy obtained from a tradi-
tional pedigree-based method (BLUP), a genomic
BLUP (GBLUP), and a One-step genomic BLUP
(ssGBLUP) was compared in a study that was con-
ducted for the genomic evaluation of traits related to
body weight in a Yorkshire population consisting of
592 pigs by the Illumina PorcineSNP80 panel. As a

whole, the GBLUP approach has worse prediction
accuracy than the BLUP and ssGBLUP methods, ac-
cording to the study’s findings. For single-step tech-
niques, ssGBLUP’s accuracy for features associated
with body weight in pigs ranged from 0.54 to 0.78 and
its regression coefficients ranged from 0.83 to 1.02
respectively. The prediction accuracy of ssGBLUP
in this investigation, which involved a population
of pigs, was about 1% greater than that of classical
BLUP. Because of the few genotyped animals and
shallow pedigrees, the improvement in ssGBLUP’s
prediction accuracy was smaller than anticipated. The
findings demonstrated that the prediction accuracy of
GBLUP was low in comparison to other approach-
es with various genotyped reference population sizes
and that this accuracy increased with the genotyped
reference population size (Song et al., 2018).

Using a 50K chip, Rolf et al. revealed that a G-ma-
trix and precise EBV forecasts for feed yield can be
created using chips with 2,500 to 10,000 SNP mark-
ers dispersed across the genome. Angus cattle can uti-
lize it (Rolf et al., 2010). Salvian et al., (2020) study
demonstrated that at least 10% of high-density chip
SNPs can be exploited for genomic evaluation. Addi-
tionally, a study on the population of dairy cows re-
vealed that there were no appreciable changes in the
precision of genomic prediction when the number of
markers was increased from a chip with medium den-
sity (54,000K) to a chip with high density (777,000)
(Su et al., 2012). In addition to the aforementioned,
decreasing SNP density has been widely reported in
numerous research (Habier et al., 2009; Wellmann et
al., 2013) as a way to lower genotyping costs.

MATERIALS AND METHODS

Study population

The fast-growing Arian meat line and the local
breed of Iran’s East Azarbaijan region (Tabriz) were
crossed bilaterally to create the F2 population used in
this study. In February 2018, the parents of these hens
were moved to Tabriz University of Medical Scienc-
es, where they were later crossed. These crosses pro-
duced the F1 population, and the mating of the Fls
produced the F2 population of chickens. For 11 weeks,
these chickens were grown in identical environmental
and dietary conditions in separate cages with access to
water and food. F1 and F2 birds were not given any
antibiotics or immunizations throughout the breeding
season. However, the required steps were made to pro-
vide a clean and healthy environment in the hall.
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Genotypic data

The salting out technique was used to extract DNA
from the blood samples of 312 birds from the F2 gen-
eration. The commercial [llumina 60k SNP Chip (II-
lumina 60k SNP Chip) donated by Cobb and Aarhus
University in Denmark was used to genotype blood
samples (Zhang et al., 2014). Each sample was geno-
typed using 55.329 SNP markers. After initial editing,
which included removing duplicate SNPs and SNPs
whose chromosome numbers were unknown, 54.338
SNP markers were left in the genetic map.

Phenotypic data

The fast-growing commercial line Arian (A) and
the slow-growing native chickens of Tabriz, Iran (N)
were crossed to produce an F2 population. F1 chicks
were born as a result of the mating of A & x N and
Q@ N & x A birds. Four to eight females from differ-
ent families were mated with each F1 male from the
cross. Finally, 5 separate hatches resulted in the pro-
duction of 488 F2 chickens, including 312 genotyped
and 176 genotype-free birds, from 8§ Tatney families.
F2 chicks were weighed at one day old, and they
were raised outside for seven days at a temperature
of 33°C with 24-hour exposure. On the sixth day, this
temperature dropped to 30 degrees Celsius. The birds
were weighed on the seventh day and moved to sepa-
rate cages with temperatures of 30 °C, which gradual-
ly dropped until the final temperature reached 22 °C.
During the experimental period, the exposure cycle
was 22 hours of light and 2 hours of darkness. Vac-
cinations weren’t given to chickens while they were
being raised. Chickens were given unlimited access to
food and water, and throughout various weeks, vari-
ations in body weight were monitored and examined.

Bioinformatics software and operating system
Windows and Linux operating systems were used
for this research. Also, various stages of evaluation
were done with the help of PLINK, BLUPF90, GCTA,
GAPIT, TASSEL, R, RRBLUP, ASREML, MIX-
BLUP, STRUCTURE, and other related software.

Data quality control

Type 1 and type 2 errors in the test findings are
eventually caused by the biases that are introduced
during the experiment’s design as well as the faults
of the genotyping procedure, which result in systemic
errors in genomic investigations. Therefore, by using
proper sampling and precise laboratory techniques,
many of these inaccuracies can be decreased. Even if

the experiment is properly designed, it is still neces-
sary to thoroughly review the data quality, and iden-
tify and exclude any markers or samples that do not
meet the required standards. Type I and II mistakes
are reduced when these samples and markers are re-
moved (Anderson et al.,, 2010). Using the PLINK
software version 9.1 (Zhernakova et al., 2011), a data
quality check was carried out. Samples with genotyp-
ing rates lower than 90%, minor allele frequencies
(MAF) lower than 0.05%, Hardy-Weinberg equilib-
rium test p-values lower than 6-10, and markers in
which fewer than 5% of samples were genotyped for
the target marker (geno>0.5) were all disregarded
from the study.

Samples with a call rate of less than 90% indicate
that less than 90% of the markers have been genotyped
for the intended bird; samples with a geno of more
than 5% indicate that more samples than 5% have not
been genotyped for the intended marker. The frequen-
cy of the minor marker allele is also known as the
MAF rate. In actuality, the minor allele of the marker
is an allele that is less common in society than the oth-
er allele, called the major. Hardy-Weinberg equilibri-
um was used to remove markers whose observed and
predicted heterozygous genotype frequencies differed
by more than 0.15. Excessive heterozygosity in mark-
ers can lead to type 1 and type 2 mistakes in genomic
investigations. The population’s selection process or
genotyping errors may be to blame for this disparity
of more than 0.15 (Clayton et al., 2005; Salanti et al.,
2005). After performing data quality checks, 308 sam-
ples (140 male and 138 female birds) and 48379 SNP
markers were chosen for additional analysis. Four
samples with low genotyping rates were eliminated
from the research. The synbreed program (Papanico-
laou et al., 2016) was used to assess the distribution
of SNPs before and after quality control as well as
the average distance between adjacent SNPs in each
chromosome. The results are shown in Table 1.

Examining the genetic structure of the population

The identification and consideration of popula-
tion structure is a crucial aspect of genetic analysis.
For clarity in watching the findings up till the results
are appropriately controlled, population structure is
classified as a genetic influence. Three techniques
are frequently employed to mitigate the impacts of
population structure in genomic investigations. These
techniques include principal component analysis
(PCA), structural association (SA), and genomic con-
trol (GC) (Zhang et al., 2015). That the PCA meth-
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Table 1: Distribution of SNPs before and after quality control and average distance between adjacent SNPs in each chromosome

Chromosome No. of SNP Markers after quality control No. of SNPin chip  Average distance (kb)
1 7546 8303 26.5
2 5762 6355 26.7
3 4340 4739 26.3
4 3553 3872 26.5
5 2303 2542 27.1
6 1815 1995 19.6
7 1907 2089 20.1
8 1502 1636 20.1
9 1269 1366 18.8
10 1378 1553 16.1
11 1329 1531 16.4
12 1356 1559 14.4
13 1251 1371 14.6
14 1081 1179 14.3
15 1094 1222 11.8
16 20 24 21.7
17 898 994 11.8
18 930 1048 11.9
19 878 973 11.3

20 1587 1815 8.8
21 805 901 8.5
22 313 432 12.6
23 631 724 9.3
24 763 853 8.5
25 177 211 11.5
26 685 776 7.4
27 518 576 94
28 582 708 7.6
29 118 142 7.7
30 4 7 6.9
4 1984 2842 375
Total 48379 54338 15.8

od will lessen the effects of population classification
(Gu et al., 2011). Drawing two-dimensional graphs
from two components of MDS (Yamaguchi-Kabata
et al., 2008) or PCA (Lee et al., 2012) can demon-
strate population structure based on genetic markers.
In this study, MDS analysis was used to determine
and assess the genetic distance, where each sample is
placed in a graph, and compared to the results of PCA
and MDS, which are generally similar [Wang et al.,
2012]. The real genetic distance between the samples
was revealed after population classification (Wang et
al., 2012).

In addition to multidimensional scaling (MDS)
analysis (Zhang et al., 2015), the method Neigh-
bor-joining tree (Wang et al., 2020) was also used
to achieve the precise structure of the F2 chicken
population and understand the relationship between

and within populations at the genome level. PLINK
software (version 1.09) was used to assess population
structure using MDS analysis (Zhang et al., 2015).
As recommended by Wang et al. (2009), independent
SNP markers were obtained for all autosomes using
the independence-pairwise option, with a window
size of 30 SNP markers and a threshold of 12 =0.2. All
individuals’ identity distances or (identity-by-state)
pairs were calculated using independent SNP mark-
ers. Additionally, MDS components were obtained
using the IBS matrix-based MDS-plot option (Sun et
al., 2013). The TASSEL software was used to perform
a neighbor-joining tree-based cluster analysis of all
genotypes based on genetic distance.

Formation of SNP subgroups with different MAF's
To study the relationship between allelic frequen-
cy and prediction ability, using Plink software, GCTA
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(Chang et al., 2015), R3.2.2, and Python, the number
of 48379 SNP markers that passed the quality con-
trol stage were divided and separated into 5 different
MAF subgroups (MAF 0.05-0.1 with 6731 markers,
MAF 0.1-0.2 with 8884 markers, MAF 0.2-0.3 with
10148 markers, MAF 0.3-0.4 with 11128 markers,
and MAF 0.4-0.5 with 11488 markers) (Yang et al.,
2013).

Statistical analysis

The AIREMLF90 (v1.61) module of the Blupf90
program was used to estimate the breeding values of
each animal using Model 1 (Misztal et al., 2002).

y=Ilu+Xb+Za+e (1)

where y is the adjusted phenotype vector, is the
overall mean, X is the incidence matrix of fixed ef-
fects (sex, hatch, population structure, and age), b is
the vector of fixed effects, Z is the incidence matrix
of random effects to relate phenotypes to additive
genetic effects, a is a vector of additive genetic ef-
fects assuming N (0, Aa2) distribution, A is the ped-
igree-based relationship matrix, a2 is the variance of
additive genetic effects, and e is the vector of random
residual effects with N (0, Ie2) distribution, where |
is the identification matrix and e2 is the residual vari-
ance.

Additionally, the total of the EBV values and the
remaining animals were used to obtain the corrected
phenotypes (Misztal et al., 2020). Using the AIREM-
L190 and Pridictf90 modules of the Blupf90 program
and fitting the raw phenotypic in model 1, EBV and
residual were calculated for each animal.

Model 2 to estimate one-step genomic modifica-
tion values using AIREMLF90 (v1.61) (VanRaden et
al., 2007) with all SNPs (48379 SNPs), as well as 5
subsets of SNPs with different MAFs (0.05-0.1) (6731
SNP markers), 0.0-1.2 (8884 SNP markers), 0.2-0.3
(10148 SNP markers), 0.0-3.4 (11128 SNP markers),
and -0.5- 0.4 (11488 SNP markers), were used:

y=Ilu+Xb+Zg+te (2)

That y, X, b, and e are similar to model 1. Z is a
design matrix for random additive genetic effects, and
g is a vector of random additive genetic effects assum-
ing N (0, H-g2), where H is a combination of the ge-
nomic relationship matrix (G) and the pedigree-based
relationship matrix (A). Is. The inverse of the H ma-
trix used in this study was created as follows:

0 0

-1 — g-1 +
B =410 taG+pA, )y -04,,

3)

Where the matrix’s subset A22 is AIREMLF90
(v1.61)’s scaling factors, t and, are both set to one
by default and A stands for genotyped animals.
The combined variables were set to 0.95 and 0.05,
respectively, to prevent singularity issues and enhance
predictions (VanRaden et al., 2007; Lourenco et al.,
2014).

The correlation between the corrected phenotypes
of the birds in the validation population and the
correction values (GEBVs/EBVs) was used to
determine the assessment’s correctness. Salek
Ardestani (2021) used the formula below to compute
the standard error of prediction accuracy (Salek et al.,
2021):

l-accuracy?
Standard error =

V(number of individuals-1) (4)

The improvement in assessment accuracy was
calculated using the following equation (Salek et al.,
2021):

Improvement accuracy = (EBV accuracy) x 100 (5)

Bias and prediction errors were calculated as re-
gression coefficients (r) of GEBVs on the corrected
phenotype using the Im function in the R 4.0.2 pro-
gram.

Cross-validation to evaluate the model

The 5-fold cross-validation (CV) approach was
used to assess the performance of several prediction
models. A total of 308 birds were used; 40 were
chosen at random as the validation population and the
remaining 268 were used as the reference population.
Five times were used to complete this. The ssGBLUP
method was used to estimate the GEBVs in the
validation sets. The BLUP approach was also used to
determine traditional correction values for various age
groups. To examine the ability of various scenarios
to predict outcomes, accuracy, and bias of GEBVs/
EBVs were employed. In the end, the levels of MAF
with the best predictive power were determined by
comparing the accuracy values of GEBV evaluation
connected to the information of all SNPs with the
accuracy of GEBV evaluation of each subgroup of
MAF separately.
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RESULTS

The genotype rate of the samples was judged to
be 99.9% after data quality control, and four birds
with low genotype rates were disregarded from the
analysis. The remaining 308 birds were divided
between 138 chickens and 170 roosters. After quality
control, the QQ-plot in R was used to establish the
data’s normality (Figure 1). The expected and actual
P-values of 10 are represented on the x and y axes,
respectively.

Population structure

The distribution of SNPs before and after quality
control, along with the average distance of adjacent
SNPs in each chromosome using synbreed software
and R3.2.2, are summarized in Table 1. Multidimen-
sional scaling (MDS) analysis of SNP markers with a

threshold of 12 = 0.2 using the first MDS component
showed that chickens branched from 8 stepfamilies
(Figure 2).

The population structure of the samples utilized
in this study was identified using the first and second
components of MDS analysis, and its graph was
created using R software. It was found that the current
samples are made up of 8 closely related population
groups. The first MDS component primarily captured
the genetic structure of the data or its variance.
Additionally, a neighbor-joining tree was created
using 48379 SNP markers to calculate the genetic
distance between all genotypes. This study outcome
supported the existence of 8 subpopulations and was
compatible with the population structure analysis
(Figure 3).

QQ-plot

3
i

Expected -Log 10 (F)

1

T T
]

Expected -Log 10 (P)

T T T

Figure 1: QQ-plot of 48379 SNP markers for body weight trait in chicken
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Figure 2: Identification of population structure using multidimensional scaling (MDS) analysis. Fullsib families are shown in one color

(HSF = half-sibling family)
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Figure 3: Genetic relationships among 8 subpopulations constructed using common allelic distance in a phylogenetic tree based on

48,379 single nucleotide polymorphisms (SNPs)

BLUP and ssGBLUP evaluations

By calculating the correlation between EBV
in each validation group and Adjust phenotype
after estimating EBV and Adjust phenotype for
the validation groups, the estimated values of EBV
prediction accuracy for the second, third, fourth, fifth,
sixth, and seventh weeks are 0.116, 0.054, 0.215,
0.178, 0.219 and 0.146. Additionally, by evaluating
the correlation between the GEBV in each group and
the Adjust phenotype after estimating the GEBV for
validation groups, the anticipated accuracy values
of GEBYV for each of these weeks are 0.264, 0.173,
and 0.216, respectively. The estimates were 0.188,
0.22 and 0.15. For the second to seventh weeks, the

regression coefficients for genomic prediction to assess
the bias of estimates using the ssGBLUP technique
are 1.3, 0.89, 0.74, 0.72, 0.71 and 0.73, respectively,
and the improvement values. Each of these weeks’
improvement accuracy was 59.03%, 220.37%, 0.46%,
5.61%, 0.45% and 2.73%, respectively (Table 2).

In various weeks, Figure 4 compares the forecast
accuracy of the BLUP and ssGBLUP.

Genomic evaluation using different MAF sub-
groups

For each of the groupings MAF 0.1-0.05, MAF
0.1-0.2, MAF 0.2-0.3, MAF 0.3-0.4 and MAF 0.4-
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0.5 in the second week, the accuracy of the genomic
evaluation was evaluated at 0.265, 0.273, and 0.259.
These five subgroups’ regression coefficients were
computed as 1.3, 1.08, 1.8, 1.6 and 1.6, respectively.
For the MAF 0.1-0.05, MAF 0.1-0.2, and MAF 0.4-
0.5 subgroups, the genome prediction improvement
values were 0.6%, 5.42% and 0.6%, respectively
(Table 3).

In the second week, Figure 5 compares the
evaluation accuracy of each subgroup of markers with
the evaluation accuracy of data about all markers.

For each of the subgroups in the third week, the
accuracy of the genomic evaluation was judged to be

0.149, 0.170, 0.159, 0.170 and 0.182, respectively.
These five subgroups’ regression coefficients were
calculated to be 0.81, 0.92, 0.86, 0.86 and 0.90,
respectively. When compared to using the data from
all SNPs, genomic prediction for MAF subgroup
markers 0.4-0.5 was better by 16.66% (Table 4).

In the third week, Figure 6 compares the evaluation
accuracy of each subgroup of markers with the
evaluation accuracy of data about all markers.

For each MAF subgroup in the fourth week, the
accuracy of the genomic evaluation was judged to be
0.179, 0.199, 0.188, 0.234 and 0.229, respectively.
These five subgroups’ regression coefficients were

Table 2: Accuracy and skewness of BLUP and ssGBLUP prediction for the body weight trait of broilers in different weeks using the

5-fold cross-validation method

Improvement accuracy%

Regression coefficient /

Weeks Accuracy / BLUP  Accuracy / ssGBLUP / ssGBLUP ssGBLUP
2 0.166 = 0.042 0.264 = 0.044 59.03 1.3
3 0.054 +0.045 0.173 £ 0.043 220.37 0.89
4 0.215£0.043 0.216 +0.043 0.46 0.74
5 0.178 +0.043 0.188 +0.043 5.61 0.72
6 0.219 £ 0.043 0.220 £ 0.043 0.45 0.71
7 0.146 +0.044 0.150 +0.044 2.73 0.73

0,275
0273
0,27
0265 0265
o 0265 o026 0264 0264 0264 0,264
£
g 0,26 0,259 0,259
- I I
0,25

0-0.1 0.1-0.2

0.2-0.3 0.3-0.4 0.4-0.5

Figure 4: Comparison of accuracy of BLUP and ssGBLUP assessment in the second to seventh weeks for body weight trait in F2 chicks

Table 3: Accuracy and bias of genomic prediction of body weight trait using different MAFs at the age of two weeks

Improvement Improvements for Regression
MAF Accuracy/ ssGBLUP accuracl))f% / ssGBLUP el;ch MAF % coeﬂicielglt/ ssGBLUP
0.1-0.05 0.265 £0.042 59.63 0.6 1.32
0.1-0.2 0.273 £ 0.041 64.45 5.42 1.08
0.2-0.3 0.259 £ 0.042 56.02 -3.01 1.8
0.3-04 0.259 £ 0.042 56.02 -3.01 1.6
0.4-0.5 0.265 £0.042 59.63 0.6 1.6
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Figure 5: Comparison of the accuracy of evaluation of each MAF subgroup with the accuracy of evaluation of information related to

one hundred percent of markers in the second week

Table 4: Accuracy and bias of genomic prediction of body weight trait using different MAFs at three weeks of age

MAF Accuracy/ Improvement Improvements for each Regression
ssGBLUP accuracy% / ssGBLUP MAF % coefficient/ ssGBLUP
0.1-0.05 0.149 £ 0.044 175.92 -44.45 0.81
0.1-0.2 0.170 + 0.044 214.81 -5.56 0.92
0.2-0.3 0.159 £ 0.044 194.44 -25.93 0.86
0.3-0.4 0.170 + 0.044 214.81 -5.56 0.86
0.4-0.5 0.182 + 0.043 237.03 16.66 0.90
0,2
0,18 017 017 o165 017 0165 017 22
0,16 0,145
0,14
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Figure 6: Comparison of the accuracy of evaluation of each MAF subgroup with the accuracy of evaluation of information related to

one hundred percent of markers in the third week

calculated to be 0.64, 0.73, 0.7, 0.77 and 0.79,
respectively. In the fourth week, Figure 7 compares
the evaluation accuracy of each subgroup of markers
with the evaluation accuracy of data about all markers.

In comparison to using the data from all SNPs this
week, the genomic prediction for the MAF 0.3-0.4
and MAF 0.4-0.5 subgroups improved by 8.37% and
6.05%, respectively (Table 5).

In the fifth week, the accuracy of the genomic eval-
uation was judged to be 0.151, 0.184, 0.180, 0.195
and 0.196 for each of the MAF subgroups. These five

subgroups’ regression coefficients were calculated to
be 0.65, 0.74, 0.76, 0.70 and 0.75, respectively. The
accuracy of genomic prediction was enhanced for
subgroups MAF 0.3-0.4 and MAF 0.4-0.5, respec-
tively, when compared to the data of all SNPs this
week (Table 6).

In the fifth week, Figure 8 compares the evaluation
accuracy of each subgroup of markers with the
evaluation accuracy of data about all markers.

For MAF subgroups, the accuracy of the genomic
evaluation was judged to be 0.163, 0.236,0.191, 0.219
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and 0.229, respectively, in the sixth week. These five subgroup of markers with the evaluation accuracy
subgroups’ regression coefficients were calculated to  (Figure 9).

be 0.64, 0.77, 0.71, 0.71 and 0.75, respectively. The
information about all markers this week is displayed
by comparing the assessment accuracy of each

In the sixth week, the genome prediction improve-
ment values for the MAF 0.1-0.2 and MAF 0.4-0.5

0,3

0,25 0,235

IO18 I II II II
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Figure 7: Comparison of the accuracy of assessment of each MAF subgroup with the accuracy of assessment of the information of one
hundred percent of the markers in the fourth week

Table 5. Accuracy and bias of genomic prediction of body weight trait using different MAFs at the age of four weeks

Improvement Improvements for Regression coefficient /
MAF  Accuracy /sSGBLUP  curacy%/ssGBLUP __each MAF % ssGBLUP
0.1-0.05 0.179 +0.043 -16.74 -17.2 0.64
0.1-0.2 0.199 +0.043 -7.44 -7.9 0.73
0.2-0.3 0.188 +£0.043 -12.55 -13.01 0.70
0.3-0.4 0.234 + 0.042 8.83 8.37 0.77
04-0.5 0229 + 0,042 6.51 6.05 0.79
Table 6: Accuracy and bias of genomic prediction of body weight trait using different MAFs at the age of five weeks
MAF Accuracy / ssGBLUP Improvement Improvements for Regression coefficient /
accuracy% / ssGBLUP each MAF % ssGBLUP
0.1-0.05 0.151 +0.044 -15.16 -20.77 0.65
0.1-0.2 0.184 £0.043 3.37 -2.24 0.74
0.2-0.3 0.180 + 0.043 1.12 -4.49 0.76
0.3-04 0.195+£0.043 9.55 3.94 0.70
0.4-0.5 0.196 + 0.043 10.11 4.5 0.75
0,25
0,2 0,19,185 190 18 0,19:195 0,194,195
;E
g 0,15
0,1
0,05
0

0.10.2 0.20.3 0.30.4 0.40.5

Figure 8: Comparison of the accuracy of assessment of each MAF subgroup with the accuracy of assessment of information related to
one hundred percent of markers in the fifth week
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subgroups were 7.31% and 4.11%, respectively (Ta-
ble 7).

Additionally, the accuracy of genomic evaluation
in the seventh week was 0.1, 0.145, and 116 for each
of the subgroups MAF 0.1-0.05, MAF 0.1-0.2, MAF
0.2-0.3, MAF 0.3-0.4 and MAF 0.4-0.5. The calculat-
ed values were 0.0, 0.161 and 0.163. These five cat-
egories’ regression coefficients were calculated to be
0.53, 0.64, 0.61, 0.59 and 0.58, respectively. For the
MAF 0.3-0.4 and MAF 0.4-0.5 subgroups, the values
of genomic prediction improvement this week com-
pared to using the knowledge of all SNPs were 7.54%
and 8.91%, respectively (Table 8).

In the seventh week, Figure 10 compares the
evaluation accuracy of each subgroup of markers with
the evaluation accuracy of data about all markers.

0,25 0235
022 022
0,2
0,165

0,15
=
£

g 0,1

0,05

0

0-0.1 0.1-0.2

The advantage of markers with allelic frequencies
of 0.4-0.5 across all weeks was validated by a
comparison of the enhancement of genomic prediction
by various MAFs (Figure 11).

Using data from 100% markers and various MAF
groups, the values of standard error and improvement
of genomic prediction were calculated using the
equations presented in the statistical analysis
section for each week and were then entered into the
appropriate tables.

DISCUSSION

The current results demonstrate a significant
difference in enhancing the accuracy of genomic
prediction when the decreased number of SNPs
(markers with particular MAFs) is utilized, in
addition to establishing the superiority of the

023
022 022 022 022
| | | | |
0.2-0.3 0.3-04 0.4-0.5

Figure 9: Comparison of the accuracy of evaluation of each MAF subgroup with the accuracy of evaluation of information related to

one hundred percent of markers in the sixth week

Table 7: Accuracy and bias of genomic prediction of body weight trait using different MAFs at the age of six weeks

MAF Accuracy / Improvement Improvements for each Regression
ssGBLUP accuracy% / ssGBLUP MAF % coefficient/ ssGBLUP
0.1-0.05 0.163 = 0.044 -25.57 -26.02 0.64
0.1-0.2 0.236 +0.042 7.76 7.31 0.77
0.2-0.3 0.191 +£0.043 -12.78 -13.23 0.71
0.3-0.4 0.219 +0.043 0 0 0.71

Table 8: Accuracy and bias of genomic prediction of body weight trait using different MAFs at the age of seven weeks

MAF Accuracy/ Improvement Improvements for each  Regression coefficient/
ssGBLUP accuracy% / ssGBLUP MAF % ssGBLUP
0.1-0.05 0.100 + 0.044 -31.50 -34.23 0.53
0.1-0.2 0.145 +£0.044 -0.68 -341 0.64
0.2-0.3 0.116 £ 0.044 -20.54 -23.27 0.61
0.3-0.4 0.161 +£0.044 10.27 7.54 0.59
0.4-0.5 0.163 £0.044 11.64 8.91 0.58
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Figure 10: Comparison of the accuracy of evaluation of each MAF subgroup with the accuracy of evaluation of information related to

one hundred percent of markers in the seventh week
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Figure 11: Improvement for each MAF group compared to 100% SNPs data in weeks 2 to 7

ssGBLUP technique over the BLUP method for the
body weight trait in various weeks. It shows that it
was utilized to create a matrix of genomic kinship ties
in broiler chickens. It is clear from the current study
that the ssGBLUP approach was the most accurate
during the entire six-week period. Although only
the F2 generation and 308 birds were genotyped,
the accuracy of genomic prediction was estimated
to be less than 30% in various weeks (Song et al.,
2018). However, the higher prediction accuracy
of the ssGBLUP method than the BLUP method in
various weeks may be attributable to the combination
of pedigree information and genotypic data used to

predict GEBV values (Mrode et al., 2018; Silva et al.,
2016).

The current investigation supported the findings
of Salek Salek Ardestani (Salek et al., 2021). The
improvement in genomic prediction was stronger in
the third and second weeks than in the other weeks,
respectively, even though we got a higher prediction
accuracy for ssGBLUP than the other technique in all
six weeks. In general, it is anticipated that employing
high-density panels will allow a significant amount
of genetic variance to be explained. However, the
majority of the markers in these chips have causative
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mutations and are in incomplete LD. The capacity
to forecast is decreased when incomplete LD with
causative mutations is present (Al Kalaldeh et al.,
2019).

Consequently, using specific markers can help
to increase the precision of genomic prediction. To
look into the genomic prediction of the body weight
characteristic in broiler chickens, SNPs were divided
into five subgroups based on allelic frequency. From
0.1 in the allelic frequency of 0.05-0.1 in the seventh
week to 0.273 in the allelic frequency of 0.1-0.2 in
the second week, the accuracy of genomic evaluation
for body weight trait by various SNP subsets ranged.
The findings demonstrated that using SNPs with allel-
ic frequencies of 0.05-0.1 in the second week, 0.1-0.2
in the second and sixth weeks, 0.3-0.4 in the fourth,
fifth and seventh weeks, as well as 0.4-0.5 in every
six weeks, can estimate the accuracy of the evaluation
much more accurately than the information provided
by all SNPs for the body weight trait.

The implementation of genomic evaluation
using MAFs 0.0-0.1, 0.0-1.2 and 0.0-4.5 in similar
populations at the age of two weeks can produce
positive results, as evidenced by the higher prediction
accuracy in the second week for all five MAFs (0.259)
compared to the accuracy of various MAF groups in
other weeks (0.236). These findings demonstrate that,
despite having a lower cost, utilizing a panel with a
lower density can nevertheless produce results that
are superior to those obtained by using data from all
SNPs (Habier et al., 2009). To support this, Ogawa
et al. (2014) reported that the use of at least 4000
SNP markers is sufficient for the genetic prediction
of body weight and carcass attributes in a study on
a population of Japanese cattle. According to the
results of the current study, Liang et al. (2018) also

found comparable findings in pigs, demonstrating
that an increase in marker density will not improve
the accuracy of genomic prediction.

CONCLUSION

This study uses the 5-fold cross-validation (CV)
method in a single-stage evaluation strategy to
confirm the superiority of the ssGBLUP method over
the BLUP method in an F2 population and investigate
the accuracy of the correction values prediction using
five groups of markers with various MAFs. This
group of markers (MAF 0.4-0.5) is introduced as the
best level of allelic frequency to perform genomic
evaluations for the growth trait after the results
showed that using SNPs with an allelic frequency of
0.4-0.5 in each of the second to seventh weeks shows
a higher predictive accuracy than the information of
all SNPs. The effectiveness of the poultry industry
will be increased by decreasing the cost associated
with genotype and other management costs, as well as
increasing the accuracy of assessment for this crucial
trait (growth), by applying this study, isolating and
using selected markers, and even creating a genetic
chip with low marker density in the following steps
(markers with an allelic frequency of 0.4-0.5). In
addition to imposing low genotyping costs on the
industry, using SNPs with an allelic frequency of
0.4-0.5 and developing low-density SNP chips with
markers with the aforementioned features can be
utilized to accurately evaluate individuals based on
genetic merit.
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