
Abstract

Machine�learning�powered�digital�breeding�method
to�predict�the�pungency�of�Capsicum annuum

Materials & Methods
* Samples : 70 peppers were divided into three groups based on the level of pungency

- Low : 50, Medium : 10, High : 10
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Figure 1. Workflow of in silico marker validation and ML model construction.
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Capsicum spp., commonly known as chili peppers, are widely cultivated and economically
important horticultural crops. With numerous varieties of peppers existing worldwide, each
possessing a unique taste and preferred by indigenous populations, selecting a specific pepper
variety for breeding and cultivation based on pungency characteristics has been challenging.
Although various molecular markers have been proposed for assessing pungency, many lack
specificity. Moreover, environmental stress factors such as temperature, moisture, and nutrient
levels can also influence changes in pungency characteristics. To address these challenges, this
study utilized RNA-Seq-based genotyping and phenotypic data combined with machine learning
techniques to predict pungency characteristics. A set of 23 single nucleotide polymorphisms
(SNPs) showed strong associations with pungency and exhibited high classification potential,
achieving an accuracy of 95%. Additionally, the association of capsaicin biosynthesis,
particularly with the Pun1 gene, was validated using novel non-polymorphic primer regions. This
machine learning model, utilizing only 23 SNPs, can effectively predict pungency characteristics
in new samples, aiding breeders in trait selection. Furthermore, this approach can be extended to
other breeding objectives and traits beyond pungency.

Conclusion
• RNA-Seq revealed over-expression and the presence of homozygous reference alleles of Pun1
in pungent line, thus demonstrating that Pun1 is a key gene for pungency.

• It was confirmed that the genetic variations causing the difference in PCR product size
between the general non-pungent and our non-pungent lines was deletion of first exon in Punl.

• The average accuracy of the ML algorithm for predicting pungency was 95.24%, suggesting
that these SNPs are likely to be used to promote breeding in pepper.

Results

Pre-developed�maker�validation

Machine�learning�model

Figure 2. Expression and variation of genes predominantly over-expressed in the pungent line.

(A) Heatmap represents normalized transcripts per million (TPM). Expression thresholds for Pun1 were set at TPM ≧ 0.3
and read count ≧ 5; (B) All 112 variations found in four over-expressed genes are marked as homozygous reference (blue),
homozygous alternative (orange), heterozygous (green), or missing (white). Blue and red arrows indicate SNPs located in
regions amplified by pre-developed Pun1-derived marker, respectively.

Figure 3. Comparison of pungent and non-pungent using pre-developed marker.

(A) The figure shows the expected polymerase chain reaction (PCR) product sizes for pungency. “P” stands for pungent
and “NP” stands for non-pungent. DNA band corresponding to general non-pungent shows 800bp, and 450bp in case of
pungent; (B) Genetic variation in Pun1 in non-pungent lines. Green bold arrows indicate primers (forward, reverse) and
gray triangles represent a deletion of the forward primer mapping region. Blue and red arrows indicate SNPs located in
regions amplified.

Figure 4. Prediction results of pungency classification using machine learning.

(A) Training accuracy of a machine learning algorithm for predicting pungency classification. Receiver operating
characteristic (ROC) curves for 23 SNPs (FDR < 10-5) using five machine learning algorithms: support vector machines
(SVM), k-nearest neighbor (k-NN), random forest (RF), C5.0 and partial least squares (PLS); (B) Classification probability
graphs and accuracy results for each of the five machine learning models; (C) Principal Component Analysis (PCA) results
of total SNPs (48,024) and 23 SNPs selected through machine learning. Different shapes and colors are represented
according to the phenotype and prediction result (red square : true positive, blue circle : true negative, purple square : false
negative).
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Expression�and�variation�patterns

Algorithm Accuracy

● SVM 1.00

● KNN 0.99

● RF 0.98

● c5 0.97

● PLS 1.00

Sensitivity Specificity Accuracy

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
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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%)
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(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

(A)

Offspring’s
phenotype�estimate
by�51,499�SNPs

(B) (C)

Accuracy
ab 0.8405
bag 0.8325
gbm 0.8545
logi 0.8721
pls 0.8537
rf 0.8734
svm 0.8334

(D)

RF�예측치기준
상/하위5%

해당개체의
모부본선발

[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)

RESULT

RESULT

case control

농업회사법인 (주)미라클종묘 /�2022.04.�~�2023.05.
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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
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[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

RESULT

RESULT
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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)


