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Abstract: Oil content is a crucial trait for the yield of oil per unit area in peanut. This trait is controlled by multiple minor genes,
and its avaliable tightly linked markers are very limited, resulting in low breeding accuracy in traditional molecular marker
assisted selection. Genomic selection (GS), as a new breeding method, could achieve early prediction of quantitative traits. Near
infrared ray (NIR) technology can non-destructively detect seed quality traits, such as oil content. By combining the advantages of
the two breeding technologies, we have established a breeding technology that combined GS and NIR for breeding peanut oil
content, and explored the factors that affected the accuracy of GS for peanut oil content. This study lays a theoretical foundation
for peanut molecular breeding. Here, a total of 216 recombinant inbred lines were used as a training population. The F, (139), F;
(464), and F, (505) were used to construct the breeding populations. Genotyping was carried out using the self-developed “Pea-
nutGBTS40K” liquid chip. The breeding application of oil content was conducted using a GS and NIR jointed breeding technol-
ogy, and evaluated its breeding effects. The results showed that after genotyping the training population, a total of 30,355
high-quality SNPs were obtained, and used for 11 GS models selection analyses. The rrBLUP model showed the highest accuracy,
followed by randomforest and svmrbf. The GS prediction accuracy of F,, F3;, and F, was 0.116, 0.128, and 0.119, respectively,
using recombinant inbred lines as the training population. Accordingly, the prediction accuracy was 0.116, 0.131, and 0.160, re-
spectively, using a superimposed training population. Compared with the GS, the GS-NIR can improve oil content by 1.8%, 2.7%,
and 3.4% for each generation. Compared with the NIR, there was no significant difference (0.1%, 0.06%, and 0.07%). Compared
with the GS, the NIR can significantly improve oil content by 1.7%, 2.6%, and 3.3% for each generation. Through the combined
technologies, compared to F,, the oil content of F; and F, increased by 1.2% and 1.0%, respectively. Finally, a total of 16 im-
proved lines were obtained in F,, of which 10 lines had oil content > 55.0%. Among them, two lines (SF4_201 and SF4_379) had
a theoretical yield increase of 7.0% and 11.1%, respectively, compared to the control variety. This study suggested that oil content
could be effectively improved through GS combined with NIR in peanut.

Keywords: peanut (Arachis hypogaea L.); oil content; genomic selection; near infrared ray; genomic breeding value
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Fig. 1 Phenotypic distribution of parents and their 216 lines of GS training population
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A: oil content of high oil material 93057 and low oil material Y410; B: oil content distribution of 216 recombinant inbred lines in four years;

C: the Shapiro-Wilk normality test of oil content distribution in four years. *** represent P < 0.001.

>
O8]
=
S
S
s
@

_ 0.2] .
25001 N n Lot
£ 1 & e
£ 2000 1 S 014w .
b =) I
S 1500 2 R
L
S N0 3R .
£ 1000 2 % PRt
= 500 i"' L
014" )
— AN N VOS> AN VO NO T T
X <I<I<I<II<IICARRARRIARARY 1o
Chromosome PC1 (11.26%)

B2 IZRKSNP BB S HREHRD D

Fig.2 Number of SNPs in each chromosome and principal component analysis of training population
A: SNP 20 ; B:

A: the distribution of SNP on 20 chromosomes; B: the principal component analysis of training population.



973

2.3 GS

2 rrBLUP

30,355 SNP, 5 3-B ,
11 GS , GS ;
rrBLUP 70% , GS ,

randomforest ( 3-A) , )
0.331, ; 3-C , SNP

>

0.268 0.308 , GS ; SNP
gblupD 5000 R 0.262;

B

0.102 , TBLUP GS SNP ,

0.5 .
A —6—— Oil content

- - -@ - - Hundred-pod weight
049 - L Protein content

IS
w
1

Accuracy

Prediction model

Accuracy
I
o]
S
!

0 T T T T T T T T )
10 20 30 40 50 60 70 80 90

Training population size (%)

0.40 -
0.35 1
0.30 ~
0.25 1
0.20 A
0.15
0.10 1
0.05 1

0 T T T T T T T T 1
100 500 1000 5000 10000 15000 20000 25000 30000

Number of SNPs

Accuracy

B3 &ifE i EE R 5 ik R H TN 1S 0 E R

Fig.3 Comparison of different genomic selection models and analysis of factors influencing accuracy

A: 11 ; B: ; C:

A: comparison of accuracy among 11 genomic selection models; B: comparison of accuracy for different sample sizes of training populations;
C: comparison of accuracy for different number of SNP markers.



974

50
2.4 GS 1.8% 2.7% 3.4% ;
NIR (0.10%
“93057” “Y410” ( 1-A) 0.06%  0.07%); NIR GS
RILs GS ; = (1.7% 2.6% 3.3%) ( 4-H)
27 49.4%) “93057” , , GS-NIR
; rrBLUP, NIR GS ,
GS ( 4-A) RILs > GS-NIR
. F2 F3 F4 , 5 F4
GS . F2 F3 F3 s F4 F3
F, 0.116 0.128  0.119, F, (
(F3) (Fy),  4-H) ,
RILs , > )
> GS-NIR
: (  4-B~D) 2.5 GS-NIR
, 0.116 0.160, GS , GEBV NIR
38.4% ( 4-E~G) , , ,
10 , >
> GS F45 > F2 F3 F4
NIR GS-NIR F, F; 15 17 16 F;
F, , GS-NIR F, 51.9%  51.7%,
A Hanghua2 93057 Y410 B C D
(49.4%) * (55.4%) X (42.9%) . . . . . .
l ® Training population =216 RILs Training population =216 RILs Training population =216 RILs
F, F, Breeding population = 139 F, Breeding population = 464 F, Breeding population = 505 F,
- pat . - _ . - pt
é (22;} ‘L® s QS 580 Correlation (+)=0.116 S 600 Correlation (/) =0.128 Q\i 60.0 Correlation (+")=0.119
= 22 i g o Q o
= GS. 'SSD & 5 54, = 55,
£ ®l’/% L& 25 £
g2 ¥ GSNIR F & 8 S
5 F:\/_\2161¥]L g £ 46 g 45
L 172} %2}
g ®l S VE £ ol 40,04 £ 40,01
%) »n 50.8 509 51.0 51.1 51.2 513 50.2 50.7 51.2 51.7 50.0 505 51.0 515 520
ok © Predicted value (%) Predicted value (%) Predicted value (%)
®l F, F, F,
_E_
Lmes selectlon __hs__
B S E F G
P Training population =216 RILs Training population = 355 (RILs+F,) Training population = 819 (RILs+F,+F;)
H — s Breeding po;i;ﬂation =139F, Breeding poplzllation =464 F, Breeding pop;glation =505F,
2 Correlation =0.116 o Correlation () = 0.131 < Correlation =0.160
- o s S8 ) < 600 ) £ 600 )
X 570 wEns e 8540 8 550
= 5501 g g E
3 530 3 500 Z 500
(5]
g 510 £ 460 5 450
B 470 g 4204 £ 40,04 £ 400/
’ 0% S 50.8 509 510 51.1 512 513° 502 507 512 517 50.0 505 51.0 51.5 520
% % @ <) % Predicted value (%) Predicted value (%) Predicted value (%)
& & & F F F
2 3 4
F, F, F,
B4 TEES BEMEMNREEMRKRAELE
Fig. 4 Predlcted breeding values for oil content and comparison of different decision-making methods in GS breeding program
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