
Abstract

Machine�Learning�and�Genomic�Selection�powered
digital�breeding�method�to�predict�weight�of�onion

Conclusion
A case study performed to select elite onion weight trait individuals resulted in 39 SNP markers,
which could classify elite individuals via a machine learning model with an accuracy of 0.87. In
addition, considering the crop breeding, which is a closed population without the introduction of
an external gene pool, and the characteristics of machine learning, in which accuracy improves
as learning data increases, this method is considered to be very efficient. Similarly, this method is
not limited to weight traits, but it is thought that it can be extended to various traits.
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Worldwide, onion is second largest vegetable crop, which is widely cultivated and consumed
after tomatoes with largest genome. The factors pushed us to develop the digital breeding
framework for onion, with basic genetic breeding tools such as 1) Genomic Estimated Breeding
Values (GEBVs) that estimates BV (breeding value) and phenotype from genotype information;
2) A machine learning (ML) model that classifies groups according to the onion weight
information; 3) Generation of in silico offspring based on parental phased haplotype information;
4) Estimation of the BV and phenotype of in silico offspring using the previous statistical models
and classification analysis of elite offspring. Currently, we included 98 lines for weight trait, from
data repository and called 51,499 high-quality SNPs were cataloged in our digital breeding
framework. A case study performed to select the elite onion weight trait individuals from the
high-quality SNPs has resulted in 39 SNP markers, which can classify elite individuals through
ML models with an accuracy of 0.87. Similarly, this method is not limited to weight traits, but it
can be extended to various traits. This readily available genotype and phenotype information can
feed to different ML models to prioritize the elite models as per the given phenotypes. Finally, we
expect this framework will be readily applicable to various phenotype- and genotype-based
assessments.

Results

Figure 2. Self-prediction results using the gBLUP model by SNP weights of the parent 98 lines.

(A) Scatterplot of observed phenotypes and estimated phenotypes by gBLUP using 51,499 SNP genotype data
(correlation coefficient = 1.0); (B) Density distribution graph of estimated and observed phenotypes. The overall residuals
were observed to be 2.204 (g). Since this is a self-prediction result, it must be a significant overfitting result, but it is
thought that it can be partially applied to a closed group without access to external genes.
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Figure 4. Weight prediction results of in silico offspring using gBLUP and machine learning.

(A) Results of in silico progeny generation through haplotype phasing (Orange dot : parent, Black dot : offspring).
Density graph of estimated phenotypes by applying total genotype (51,499) information to the gBLUP model; (B)
Scatterplot and density plot of estimated phenotype using total SNP information and 39 selected SNP information; (C)
Principal Component Analysis (PCA) results of in silico offspring population using total SNPs (51,499) and 39 SNPs
selected through machine learning. The depth of color was represented differently according to the degree of phenotype;
(D) Classification probability graphs and accuracy results for each of the seven machine learning models.
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Figure 1. Workflow of in silico breeding
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Union Variants : 83,708,842

Quality-filtered SNPs : 3,167,149

Bi-allelic SNPs : 3,131,511

Genotyping rate ≥ 0.9 : 122,927

MAF ≥ 0.03 & HWE ≥ 1E-3 : 51,499
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Figure 3. Building a machine learning model for weight prediction
as a result of classification marker combination selection using association analysis and feature selection.

(A) Results of case-control association analysis according to weight traits. Based on the weight of the object, more than
320g was classified as a case and less than 241g as a control group. A total of 17 significant SNPs (≤ 0.05) were observed;
(B) Variable importance for each machine learning model of the 39 selected SNPs; (C) Number of SNPs according to
variant analysis and SNP selection stages; (D) Principal Component Analysis (PCA) results using total SNPs (51,499) and
39 SNPs selected through feature selection of machine learning. The depth of color was represented differently according
to the degree of phenotype; (E) Receiver operating characteristic (ROC) curve and accuracy results for each of 7 machine
learning models.
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양파구중개량:

시뮬레이션을통한교배조합작성법

• 유전자원:�국내양파 98�계통
• 표현형:�양파구의중량
• 유전형:�개체별 1.5�Gb의 GSB�시퀀싱서열,�51,499�SNPs
• 마커탐색방법:�GWAS�(case-control),�feature�selection
• 정확도검증법:

In silico자손 19,800�개체의유전형을바탕으로한육종가와ML�방식의형질
예측치의동일성비교

디지털육종사례 1

AI�DRIVES�DATA�BREEDING

[Fig.1]�In silico breeding의 모식도

1)�GEBV�method:�모부본의유전형을바탕으로육종가산출

2)�ML�method:�형질관련마커탐색및형질예측모델링

3)�Generate�in silico offspring:�자손세대 in silico유전형생성
4)�자손세대유전형을바탕으로형질예측및고효율모부본교배조합산출

[Fig.2]�gBLUP을 이용한육종가예측및표현형분포도

• 총 98건의부모개체
• gBLUP을활용한표현형예측모델
• 𝑟^2=1.00, 평균오차=2.204(𝑔)

모부본의 51,499 SNPs를 이용한 gBLUP 육종가모델

RESULT

형질 양파의구중예측

ML model RF

모델정확도 0.88

마커수 39�SNPs

학습/검증데이터수 65�/�30�ea (+19,800�ea)

ⓒ2023�INSILICOGEN,�INC.

• Overall Acc=0.8556
• Max Acc=0.8794
• Min Acc=0.8264

• 1차 GWAS를통한주요 1,000 SNPs 선발
• 2차기계학습의 feature selection을 이용한최종 39 SNPs 선발

• 39 SNPs을이용한양파구중예측모델구축(정확도 : 87.9%)

(A) (B)

(C) (D)

(E)

[Fig.3]�구중관련마커탐색및예측모델구축

(A) 구중표현형분포;�(B) GWAS�분석결과Manhattan�plot;�(C) Feature�selection�결과

마커중요도분포;�(D)�모델예측정확도 (ROC);�(E)�전체 51,499�및 39�SNPs�선별마커를

활용한 PCA�결과비교

• 부모개체의유전형정보를활용한 in silico자손 19,800 개체생산
• In silico자손의구중예측치
• 최종우수교배조합가계
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[Fig.4]�교배조합선발을위한 in silico자손시뮬레이션

(A) In silico 자손 유전형 생산; (B) gBLUP 모델을 이용한 자손의 구중 예측치; (C) ML

알고리즘에 의한 자손의 구중 예측치; (D) 우수 알고리즘 기준 상/하위 5% 자손의 유전형과

모부본표현형분포

모부본의구중관련기계학습모델구축

교배조합작성: 자손세대시뮬레이션(예측모델적용)
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case control
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디지털육종사례 2

AI�DRIVES�DATA�BREEDING ⓒ2023�INSILICOGEN,�INC.

농업회사법인아시아종묘(주)�/�2022.�04.�~�2023.�05.

고추신미판별:

머신러닝기반개체선발

• 유전자원:�고추 70개체
• 표현형:�신미 (고:�10개체 /�중:�10개체 /�저:�50개체)
• 유전형:�개체별 5.89�Gb의전사체서열,��48,024�SNPs
• 마커탐색방법:�Target�gene,�feature�selection
• 정확도검증법:�진행중

형질 고추의신미판별

ML model SVM

모델정확도 0.95

마커수 23�SNPs

학습/검증데이터수 49�/�21�ea

[Fig.1]�머신러닝을이용한 in silico마커검증및신미예측워크플로우

• Pun1유전자다형성:�저신미자원에서보고된결실없음
• 기존마커활용시증폭좌위예측결과:�450bp
• 저신미자원을신미자원으로예측하는마커의오작동사례확인

NP P

800bp 450bp

(A) (B)
2.5Kb 

deletion
Pun1

No 
deletion

exon1 exon2
Pun1

exon1 exon2

Amplified PCR product : 800bp

<NP: PCR primer working>

Amplified PCR product : 450bp

<NP in this study>

[Fig.2] Pun1 유전자다형성분석을통한기구축마커활용성검토

기존분자마커의불확실성발견

RESULT

• Pun1유전자의발현과유전변이양상:�신미관련핵심유전자로간주함
• Pun1유전자의발현개체를신미그룹으로간주(신미형질이 100%�고정되지
않음)

새로운변이 23�SNPs�탐색

(A)

(B)

[Fig.3]�주요캡사이신생합성관련유전자의발현(A) 및 변이(B) 양상

• 선별된 23�SNPs�활용:�48,024�SNPs�분석필요없이신미판별가능

23�SNPs를 이용한머신러닝모델구축

Algorithm Accuracy

● SVM 1.00

● KNN 0.99

● RF 0.98

● c5 0.97

● PLS 1.00

Sn Sp Ac

SVM 0.86 1.00 0.95
KNN 0.86 1.00 0.95
RF 0.86 1.00 0.95
c5 0.86 1.00 0.95
PLS 0.86 1.00 0.95

(A)

(B)

[Fig.4]�신미판별을위한머신러닝알고리즘학습(A)�및 예측정확도(B)

23�SNPs

ML

48,024�SNPs

[Fig.5]�전체 48,024�및 23�SNPs�선별마커를활용한 PCA�결과비교
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도라지꽃색예측:

예측모델구축및실험적검증

• 유전자원:�국내품종 40종,�북미품종 20종
• 표현형:�도라지꽃색
• 유전형:�개체별 6.8Gb의전사체서열,��76,629�SNPs
• 마커탐색방법:�GWAS (case-control),�feature�selection
• 정확도검증법:�
방사선조사를통해유전적변형이유발된 480개체의유전형을 fluidigm

chip으로확인후 RF�모델의예측치와실측치를비교

[Fig.1]�도라지꽃색예측을위한머신러닝모델

(A)�3가지꽃색 60개샘플의전체유전형으로확인한유전적유사도와꽃색연관마커 9�

SNPs�변이양상;�(B)�꽃색연관마커로확인한검증샘플의유전적분포도;�(C)�검증데이터

480개체를활용한각꽃색예측모델의 ROC�커브

(A)

(B) (C)

# of samples by cluster

and flower colors

(A)

(B)

pink purple white

(A) 4 80 4
(B) 6 108 187
(C) 150 2 1

(C)

Pink White Purple

형질 도라지꽃색예측

ML model RF

모델정확도 0.87

마커수 9�SNPs

학습/검증데이터수 60�/�480�ea

(C)

밤중량예측:

밤나무, 산림자원육종법

• 유전자원:�국내산지의밤나무 88그루
• 표현형:�밤나무개체별알곡의중량을측정
• 유전형:�개체별 5.2�Gb의 전사체서열,��3,271,142�SNPs
• 마커탐색방법:�GWAS�(case-control,�quantitative),�target�gene
• 정확도검증법:�
46개신규샘플의 21�SNPs�영역을시퀀싱하여유전형을확인후 PLS�모델의

예측치와실측치를비교

형질 밤중량예측

ML model PLS

모델정확도 0.70

마커수 21 SNPs

학습/검증데이터수 42 /�46 ea

[Fig.1]�밤 알곡관련마커탐색및머신러닝모델구축

(A)�학습및검증데이터로이용된밤알곡 88개샘플의알곡무게분포;�(B)�GWAS�분석을

통한알곡크기연관마커;�(C)�학습데이터로활용된 42개알곡의전체유전형으로확인한

유전적유사도와알곡크기연관마커 21�SNPs로 확인한마커효율성;�(D)�21�SNPs를

활용한머신러닝모델의알곡중량예측치

n=21 n=21

n=46

(A) (B)

(D)


