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Article Info ABSTRACT
Article type: Background and objective: The most important factors affecting
Research Full Paper the accuracy of genomic prediction include the number of markers,

statistical method, minor allele frequency (MAF), heritability, and
genetic architecture, that each of their effects differs under the
specific conditions. The aim of this study was to investigate the
effect of adding noncausal SNPs to the statistical model on the
accuracy of breeding values by considering different population
factors and different genetic architectures.

Materials and methods: In the present study, 10 chromosomes
with a length of 100 cM were simulated and on each chromosome
1000 SNP markers of two alleles were considered which were
randomly distributed along the genome. In this study, phenotypic

Received: variance was as_sumed 1.(_) and_ heritability was Considt_ered as _0.1,_0_.2

Revised: and 0.5 according to traits with low, medium and high heritability

Accepted: respectively. The population numbers for this simulation were
1,000, 2,000 and 4,000 people and 100 QTLs was distributed on 10
chromosomes. Predictions were done by RKHS and BayesB models
and mean comparisons were also made using the Tukey method.

Avrticle history:

Results: In all scenarios and with both methods, there was a
significant difference between considering QTLs alone and with
different percentages of noncausal SNPs in the model. However, in
both methods, significant differences were observed between low
percentages of noncausal markers and high percentages. In most

Keywords: . .

SN?;/,W scenarios, for example, when there were 10% noncausal markers in
QTL the model, the predictions were more accurate than when 20%, 40%,
RKHS and BayesB 60% and 100%. The accuracy of genomic predictions increased with

models the increasing of heritability and the number of individuals in the
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reference population. In the case of low heritability scenarios, the
percentage of increment of predictive accuracy was more than
higher heritability with increasing of reference population. The
mean of accuracy of evaluations using BayesB method compared
RKHS, was significantly different in fitting QTLs in the model and
different ratios of noncausal markers in most scenarios except for a
few cases. In general, in both methods, the best predictions were
made when using the highest heritability and population size and
only entering QTLs in the models.

Conclusion: According to these findings, identifying causal sites
and incorporating them into genomic assessments increases the rate
of analysis and reduces the cost of genotyping. It can also enhance
the genetic gain of important economic traits in genomic evaluations
by enhancing predictive accuracy.
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Figure 1. The accuracy of prediction against marker density (addition of non-causal SNPs) for heritability 0.1 with
both Base B and RKHS models. The numbers on the x-axis are the first percentage of the QTLs in the model and the
second is the percentage of the non-causal SNPs added to the model each time. 1000 shows the population size of
1000 people, 2000 population size shows 2000 people and 4000 population size shows 4000 people. The red dots on
each box correspond to the average of the desired group.
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Figure 2. The mean square error of prediction against marker density (addition of non-causal SNPs) for heritability
0.1 with both Base B and RKHS models. The numbers on the x-axis are the first percentage of the QTLs in the model
and the second is the percentage of the non-causal SNPs added to the model each time. 1000 shows the population
size of 1000 people, 2000 population size shows 2000 people and 4000 population size shows 4000 people. The red
dots on each box correspond to the average of the desired group.

sV sl ey Ml e Gt 5 Dl tha s g pdicdly b Olie
Sl 55 (P<O.00D) 55 sl ime o g f0ee S8 i3l O35 (Mt S b g Ao
0395 Jlame feee pYeee Ly Yeew 5heen OB 03 Al e g gl 0

Wl Sl Y iy o Sl lims ol
Ol s e sdalin £ IS 3 &S shilas YIS s o Sl il slagST 5 5 e
5 e U Sl e Sk Carer o3I 3333 5 oo odalie S 4555 ken Sl 0 o313 OLES

N u:'".’.‘j—e\ 6J§"L:~’ rs‘j; u:i\ﬁlbjwli u»:*ﬁls CMC.,_:W.::)‘J_'\ U.LL‘JJH_aJ_:vC,\_XB uﬁ‘



o) 5e» g Do doguano [ .. sl2olSs s ol o 4 S35 (61, S5UEG WS Falan 31 aaliiwl 3G

s s Yo gV ey glac ey 4l Db e DLy iy (s iy uls b
JR}&}))JWLSJ‘J@MQL_&M(LAM QJ—J?“LSL-“A‘J‘-;};)LJ‘JSJBJ:JQ’ZJJJJU:‘
Sls LAl a3 aS Cul vy Gz 5540 50

Jj_&v_A sdalis J:j) 3 O LS)b(,r;""‘ S|

' ; f f $

: ﬁﬁﬁﬁ%%f%% {a

100,0 100,10 100,20 100,40 100,60 100,100 50,100 100 100,0 100,10 100,20 100,40 100,60 100,100 50,100 0,100
QTL_Noncausal_SNP_percentage

"

Pop_number
. ES 1000

E= 2000

ES 4000

Acouracy
°

o
@

5B das 53 2 53 1Y (s pIm il s 53 (Lo b SLelr 03 g0d LS (5 KL (S5 Jolie 3 by omeo Y IS0
—OLE sue g 5 e 53 (oS Do ol 5 s Ao ys 3 sl X e sy Bl ke (gL ad 550 S
G 301 Yor 5 e r s e o301 Y 0 b s ol sk LT e 4y 5L 2 4 ol b sl KIS Aoy (gekins

Al o 2y se0n 8 Sile 4 by s nr 2 G5 0p5 B Aas e DL 1) 5 £t Come a3l £eve 5o 5 Ve

Figure 3. The accuracy of prediction against marker density (addition of non-causal SNPs) for heritability 0.2 with
both Base B and RKHS models. The numbers on the x-axis are the first percentage of the QTLs in the model and the
second is the percentage of the non-causal SNPs added to the model each time. 1000 shows the population size of
1000 people, 2000 population size shows 2000 people and 4000 population size shows 4000 people. The red dots on
each box correspond to the average of the desired group.
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Figure 4. The mean square error of prediction against marker density (addition of non-causal SNPs) for heritability
0.2 with both Base B and RKHS models. The numbers on the x-axis are the first percentage of the QTLs in the model
and the second is the percentage of the non-causal SNPs added to the model each time. 1000 shows the population
size of 1000 people, 2000 population size shows 2000 people and 4000 population size shows 4000 people. The red
dots on each box correspond to the average of the desired group.
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Figure 5. The accuracy of prediction against marker density (addition of non-causal SNPs) for heritability 0.5 with
both Base B and RKHS models. The numbers on the x-axis are the first percentage of the QTLs in the model and the
second is the percentage of the non-causal SNPs added to the model each time. 1000 shows the population size of
1000 people, 2000 population size shows 2000 people and 4000 population size shows 4000 people. The red dots on
each box correspond to the average of the desired group.
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Figure 6: The mean square error of prediction against marker density (addition of non-causal SNPs) for heritability
0.5 with both Base B and RKHS models. The numbers on the x-axis are the first percentage of the QTLs in the model
and the second is the percentage of the non-causal SNPs added to the model each time. 1000 shows the population
size of 1000 people, 2000 population size shows 2000 people and 4000 population size shows 4000 people. The red
dots on each box correspond to the average of the desired group.
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Figure 7: The accuracy of predictions against heritability in both Base B and RKHS models. . The numbers on the x-
axis represent different heritability. 1000 shows the population size of 1000 people, 2000 population size shows 2000
people and 4000 population size shows 4000 people. The red dots on each box correspond to the average of the
desired group.
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Figure 8: The mean square error of prediction against heritability in both Base B and RKHS models. . The numbers
on the x-axis represent different heritability. 1000 shows the population size of 1000 people, 2000 population size
shows 2000 people and 4000 population size shows 4000 people. The red dots on each box correspond to the average

of the desired group.
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