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Genomic Prediction of Fruit-Related 

Traits in Pepper (Capsicum spp.) 

 
JU-PYO HONG 

 

DEPARTMENT OF PLANT SCIENCE 

THE GRADUATE SCHOOL OF SEOUL NATIONAL UNIVERSITY 

 

ABSRACT 

 

Pepper (Capsicum.spp.) is an important vegetable crop for spices as well as 

fresh fruit. Among the various traits, fruit-related traits are critical determinants of 

marketable quality in pepper. Fruit-related traits are known to be controlled by 

quantitatively inherited genes for which marker-assisted selection (MAS) has often 

proven less effective. Genomic selection (GS) has become promising method to 

improve quantitative traits. We explored the potential of genomic selection for 

improving fruit-related traits in pepper. GS in pepper was characterized using pepper 

core collection (training population) genotyped by genotyping-by-sequencing (GBS). 

We investigated the optimal genomic prediction methods, marker density and effect 

of population structure and heritability using cross-validation. Among the various 

genomic prediction methods, reproducing kernel Hilbert space (RKHS) showed 
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remarkable prediction accuracies over the traits with 0.74, 0.84, 0.83, and 0.82 for 

fruit length, width, weight, and pericarp thickness. Prediction accuracies were not 

appeared to be affected by heritability that much, because all fruit-related traits 

showed high level of heritability (> 0.9). Generally, prediction accuracies positively 

correlated with the number of markers in fruit length. However, in fruit width, fruit 

weight, and pericarp thickness 3rd marker set (4,640 SNPs) showed the highest 

prediction accuracy indicating the differences of optimal marker set by traits. Based 

on the result of cross-validation we selected the optimum condition for testing. We 

performed testing of genomic prediction across populations in fruit length, fruit 

weight, and fruit width. The different conditions were tested using a recombinant 

inbred lines which were genotyped by whole genome re-sequencing. To controls the 

effect of population structure in core collection, we tested various subset of core 

collection of which C. annuum only, C. annuum complex and C. baccatum only as a 

training population. Despite the difference in genetic diversity between the two 

populations, we obtained moderate prediction accuracies in various conditions. We 

provide the simulation of GS of fruit-related traits which are highly heritable and 

showed potential use of the core collection as a GS tool.  

 

Keywords: Pepper, Fruit-related traits, Core collection, Genome-wide association 

study (GWAS), Genomic selection (GS), Cross-validation 

 

Student number: 2018-20142  
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INTRODUCTION 

 

Pepper (Capsicum spp.) is one of the most important vegetable crops that is 

consumed not only for a seasoning on food but also important for a fresh vegetable 

all over the world. Food and Agriculture Organization of the United Nations (FAO) 

estimated that the production of the green pepper and dry pepper in world reached 

36 million ton and 4.5 million ton, respectively. Pepper is also important as an 

excellent source of natural, micronutrients such as vitamin C, E and pro-vitamin A 

(Palevitch et al., 1996). Beyond its nutritional benefits, pepper contributes to 

chemical industries with its pungent metabolite capsaicin and color additives with 

carotenoids. Pepper is also valued as ornamental plant with its phenotypic diversity 

of fruits. 

Fruit-related traits of pepper are critical determinants of marketable quality. Its 

fruit traits fascinate consumers in market, also could be an important parameters of 

the automation of the fruit processing and postharvest storage. These fruit-related 

traits often have been proven to be controlled by quantitative traits loci (QTL). In 

breeding program, quantitative traits has been proven difficult to be selected using 

marker-assisted selection (MAS), since the traits are inherited by multiple genes and 

their phenotypic variation is often controlled by multiple loci with small effects. 

After genomic selection (GS) has been introduced (Hayes et al., 2001), dairy cattle 

breeding strategy changed into genomics-based breeding in which genome-wide 
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markers are used to predict the phenotypic variation for complex traits. The biggest 

difference between MAS and GS is that GS does not focus on the association of any 

specific marker and phenotypic variation but utilizes all genome-wide markers to 

predict the phenotypic variation of each sample. Generally, genomic selection is 

conducted with two populations, training population and test population. Statistical 

models estimates the marker effects from the training population, which has both 

genotypic and phenotypic information of traits of interests. With the estimated 

marker effects models, then, predict phenotypic performances of the test population. 

These predicted phenotypic values are often referred to as genomic estimated 

breeding values (GEBVs). To evaluate the effectiveness of the constructed models, 

researchers often implement cross-validation. Cross-validation is a tool to find best-

fitted model can be used to further evaluate the GEBVs in test population (Desta et 

al., 2014) and a generalization of the GS evaluation (Crossa et al., 2011). In a cross-

validation training population is randomly divided in to k groups. These groups, then, 

are assigned into another training sets (TRN) and validation sets (VS). TS is used to 

estimate marker effects. Then, models are used to predict GEBVs for the VS. 

Predicted GEBVs of VS are correlated with the observed phenotypic values of VS 

and this determines prediction accuracy of the model for a certain population, trait, 

and genetic architecture.  

GS has become a promising method in plant breeding as well as animal 

breeding. Although many studies explored GS on crop breeding, most of the GS 

studies have been reported in maize (Zea mays L.), wheat (Triticum aestivum L.), 
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barley (Hordeum vulgare L.) and soybean (Glycine max L. merr). Among the 

Solanaceae family, tomato (Solanum lycopersicum) and potato (Solanum tuberosum) 

have been tested for GS. Thus far, however, there is no study about the testing GS in 

pepper. 

In this study, we tested the potential of genomic selection of fruit-related traits 

including fruit length, fruit width, fruit weight, and pericarp thickness in pepper. A 

total of 352 pepper core collection including 229 C. annuum, 48 C. baccatum, 48 C. 

chinense, 25 C. frutescens, and 1 C. chacoense were cultivated in three years at two 

different locations. Through cross-validations, we evaluated the effects of trait 

architecture and heritability of fruit-related traits, population structure of a training 

population, the number of markers on prediction accuracies. Finally, we tested 

constructed GS models in another population, PD RILs that was derived from two 

parental lines in the core collection.  
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Literature Review 

 

1. Importance of Capsicum spp.  

Pepper (Capsicum spp.) including chili pepper type and bell pepper type is a 

one of the important vegetable crop that cultivated and consumed all over the world. 

Pepper is utilized as fresh fruit, colorant, food additives and medicinal uses. Food 

and Agriculture Organization of the United Nations (FAO) estimated that the 

production of the green pepper and dry pepper in world reached 36 million ton and 

4.5 million ton, respectively (FAO Stats, 2017). In Republic of Korea, the production 

of chili pepper recorded 72 MT in 2018, increasing by 28.4% from 2017 production. 

The cultivated area of chili pepper grew by 1.7 from 28.8 thousand hectares in 2018 

(Statics Korea, 2018). Pepper is the second largest production after rice in Korea. 

Although the global pepper production is increasing, pepper production is unstable 

in Korea due to the prevalence of diseases and climate changes. 

Capsicum is rich in diversity. The genus Capsicum is consisting of 35 species 

including C. annuum complex (C. annuum, C. frutescens, C. chinense), C. baccatum 

complex, C. chacoense complex and C.pubescens complex, which are the major 

cultivated species (Carrizo García et al., 2016). To understand the genetic basis of 

intra and interspecific variation in complex traits and improve the traits, several 

studies have been performed using a core collection (Han et al., 2018). Using a core 

collection provides the insight of genetic architecture for specific trait such as disease 
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resistance and quantitative traits. Furthermore, these core set could be utilized as a 

pre-breeding materials to develop elite varieties.  

 

2. Classical strategies to improve quantitative traits in plant 

breeding  

Plant breeding described methods for the creation, selection and fixation of 

superior plant phenotypes in the development of improved cultivars in needs of 

farmers and consumers (Moose et al. 2008). With the starts of agriculture, breeding 

of crops was started. In other words plant breeding can be considered a co-

evolutional process between human and edible plants (Breseghello et al. 2013). The 

initial form of plant breeding is to select the lines based on the observation of 

phenotypic variation. In this time, phenotypic variation mainly derived from natural 

mutation. This kind of selection procedure are called phenotypic selection. Since, 

breeders had no information of causal genetic variation and genetic background of 

breeding population, selection procedure was highly challenging and the time and 

effort required. The situation is worse when target traits are complex traits. Breeders 

found the solution to overcome the limitations improving QTLs in biology and 

genetics.  

 

3. Molecular breeding to improve quantitative traits 

In Traditional breeding, although breeders utilized the complementarity of 
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parental characteristics, little or nothing was known about which part of genome 

came from each parent. It made construction of an experimental population and 

selection longer in breeding (Breseghello et al. 2013). This situation changed with 

the advent of molecular marker technologies. Any sequence variation of genome 

could be captured and monitored as a molecular marker that allowed the 

identification of the specific segment of the chromosome in a recombination lines. 

From the 1990s, accumulation of molecular genetic marker information in plant 

genome is accelerating a discovery and selection of useful traits in modern breeding 

program. Various molecular marker such as micro satellites (SSRs), restriction 

fragment length polymorphisms (RFLPs) and amplified fragment length 

polymorphism (AFLP) were used to discover the variants in plant genome (Vos et 

al., 1995). These markers were superseded by single nucleotide polymorphisms 

(SNPs) marker of which more abundant in the genome and more amenable to high-

throughput genotyping (Breseghello et al., 2013).  

With the decrease of next generation sequencing (NGS) cost, single nucleotide 

polymorphisms (SNPs) markers have been intensively generated and utilized for 

identification of causal factors associated with the traits of interests. With sufficient 

molecular markers genotyped in a population derived from single cross, their 

recombination fraction can be captured to infer their order and relative distance 

between the markers (Breseghello et al., 2013). From this information, genetic map 

can be built using a statistical model from which phenotypic variation can be 

explained. This approach is known as QTL mapping, which are the first step toward 
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understanding the genetic control of a quantitative trait (Price 2006). For bi-parental 

population, QTL mapping is effective but inefficient for exploring the wider genetic 

diversity such as germplasm and core collection. Association mapping provides the 

solution for these ineffectiveness. A population of genetically diverse has denser 

recombination break point than bi-parental population. With densely genotyped 

molecular markers covering all recombination point, strong association between the 

molecular markers and a quantitative trait can be captured by association mapping. 

Due to it can detect the genomic regions related to the trait of interest simultaneously, 

association mapping appealed to researchers and breeders.   

To generate genome-wide marker, various genotyping methods were introduced. 

Genotyping-by-sequencing (GBS) is a one of the high throughput genotyping 

method (ELSHIRE et al., 2011). With treatment of genomic DNA with restriction 

enzymes GBS can construct libraries with low-coverage but high depth. GBS is 

relatively beneficial for genotyping cost to whole genome re-sequencing.  

 

Mapping of QTLs for fruit-related traits in pepper 

Capsicum spp. has a large variation in fruit-related traits such as fruit size, fruit 

weight, shape, texture and their chemical component. Numerous studies have been 

identified the QTLs that associated with fruit-related traits in pepper. Ben chaim et 

al. (2001) is one of the earliest study that identified a total of 55 QTLs for fruit weight, 

fruit diameter, fruit length, fruit shape, and pericarp thickness. Discovered QTLs 

were subsequently explained by Ben chaim et al. (2003). They detected fs10.1 and 
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fs3.1 which is the previously discovered same major QTL that affecting fruit shape. 

Comparative mapping analysis using tomato by Zygier et al. (2005) indentified 

QTLs for fruit weight, fruit shape and Tsaballa et al. (2011) discovered Ovate-likes 

gene controlling fruit shape in pepper.  

The first reference genome sequence of Capsicum established by Kim et al. 

(2014) has led some genome-wide association studies (GWAS) in fruit related traits 

of pepper. Nimmakayal et al. (2016) detected 16 variants associated with fruit weight 

among 7 variants are correlated with previous study. Han, Lee et al. (2018) compared 

QTL mapping and GWAS to find the variants controlling the contents of capsaicinoid 

in fruit. They obtained common region on chromosomes 1,2,3,4 and 10 from both 

QTL mapping and GWAS.  

 

Genomic prediction (Genomic selection) in pepper 

In case of major QTLs that have large effect, it could be directly utilized in 

marker-assisted selection (MAS) using a developed molecular marker. MAS has 

been performed well when being applied for one gene and several genes. However, 

MAS is inefficient to improve quantitative traits including most of the agronomic 

traits due to the difficulty of simultaneous accumulation of multiple alleles. 

Meuwissen et al. (2001) first suggested the genomic prediction method to 

predict genomic estimated breeding values (GEBVs) using genome-wide markers. 

The method is assumed that sufficient genome-wide markers covering all linkage 

disequilibrium block can capture the genetic variance of all QTL and that all the 
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genetic variance can be explained by the markers. GS could capture the even small 

effect of large number QTLs. Therefore, GS is considered as a solution for the 

effective QTL improvement tools in plant breeding accelerating the genetic progress 

of quantitative traits (Bernardo et al., 2007).  

Growing number of GS studies in plant breeding has been conducted. However 

it is mainly focused on staple crop like maize, wheat, barley and potato. The first 

investigation of genomic selection performance for crop improvement conducted in 

maize (Lorenzana and Bernardo 2009) followed by barley (Lorenzana and Bernardo 

2009; Crossa et al., 2010) and wheat (Crossa et al., 2010; Heffner et al., 2011). In 

present, still the genomic selection research is active in these main food crops. With 

integration with data science, the genotype and phenotype data is getting bigger and 

performance of genomic selection works better. Millet, Kruijer et al. (2019) 

investigated the genomic prediction of big maize panels across European 

environment and environmental indices calculated using time series environmental 

factors was accounted for G×E genomic prediction and outperformed. Juliana, 

Poland et al. (2019) used large-scale genomics data (CIMMYT) into bread genomic 

prediction and GWAS in which they constructed reference genotype-phenotype map. 

 In Solanaceae family, genomic selection was performed in tomato and potato. 

Genomic prediction research is relatively more active in staple food like potato. 

Genomic prediction was tested for an agronomic trait like yields, nutritional quality 

(Habyarimana et al. 2017; Stich et al., 2018) and disease resistance like late blight 

(Phytophthora infestance) and common scab (Streptomyces scabies) resistance in 
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tetraploid potato (Enciso-Rodriguez et al. 2018). Yamamoto et al. (2017) conducted 

genomic prediction for soluble solid content and general yield in tomato (Solanum 

lycopersicum L.). They simulated selection and crossing procedure using genome 

segregation simulation then check the performances in real situation in recurrent 

selection. However, no study has been conducted to test a potential of genomic 

selection in pepper. 
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MATERIALS AND METHODS 

  

Plant materials 

Previously constructed Capsicum core collection (Lee et al., 2016) in the 

Horticultural Crops Breeding and Genetics Lab (Seoul National University, Korea) 

were used as plant materials. These population included 5 species: 229 of C. annuum, 

48 of C. baccatum, 1 of C. chacoense, 48 of C. chinense and 25 of C. frutescens. All 

plants of the population were grown in greenhouses at two location: Anseong, Korea 

and Jeonju, Korea. These plants were grown in RDA-GenBank in Jeonju, Republic 

of Korea for the measurement 2015 and 2017. In 2018 and 2019, all plant were 

grown in Hana Seed Co., Ltd., in Anseong, Republic of Korea. In both location all 

plants were grown in greenhouses and each accession were grown in three biological 

replications. 

Pepper seeds were sown in early March and seedlings were transplanted in early 

May. Since the maturing time of fruits varied among the accession, fruits were 

harvested through mid to late August. In core collection, four measurements in fruit-

related traits were utilized in this study 

Recombinant inbred lines (RILs) derived from a cross between ‘Perennial’ and 

‘Dempsey’ were utilized as a testing population (TST) to evaluate the genomic-

prediction models (Han et al., 2016). ‘PD’ RIL population were consisted with 120 

lines. Three measurements in fruit-related traits were used in this study. The 
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population was grown in Hana Seed Co., Ltd., in Anseong (2011 and 2012a) and 

Seoul National University farm in Suwon, Republic of Korea (2012b). Although all 

plants were grown in plastic greenhouses in both places, the plants in Anseong were 

grown in soil and the plants in Suwon were grown in pots. Five plants were grown 

for each line.  

 

Library construction 

Genotyping-by-sequencing was conducted for pepper core collections as 

preciously described (Lee et al. 2016). GBS libraries for core collection were 

generated manually by digestion of gDNA with PstI/MseI and EcoRI/MseI as 

described previously. In the next step, library adapters were ligated to digested 

gDNA. Then libraries were amplified using selective primers containing “TA” for 

core collection. Constructed libraries were pooled into five tubes and sequenced 

sequenced in separate lanes of a HiSeq 2000 (Illumina, San Diego, CA) at Macrogen 

(Seoul, Republic of Korea). For the PD RILs population, whole genome re-

sequencing was conducted as previously described (Han et al. 2016).  

 

Genotypic data generation and analysis 

Adapter trimming and quality control of the both raw data were conducted using 

the CLC Genomics Workbench v6.5 (Qiagen, Aarhus, Denmark) with minimum read 

length of 80 bp and minimum quality score of Q20. Filtered raw reads of core 
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collection and PD RILs were aligned newly constructed high quality reference 

genome C. annuum ‘Dempsey’ with the Burrows-Wheeler Aligner (BWA). Each 

aligned mapping files were sorted, read-grouped using Genome Analysis Toolkit 

(GATK). Sorted mapping files were joint genotyped using Genome Analysis Toolkit 

(GATK) Haplotype Caller 3.8 to generate variant call format (VCF) file. This VCF 

files were generated by joint genotyping with total of 474 samples including 351 of 

pepper core collection and 122 of PD RILs. Using the GATK VariantFIltration, 

generated raw genotyped data was filtered with criteria as follows: MQ < 40.0, SOR 

> 3.000, QD < 2.00, FS > 60.000, MQRankSum < -12.500, ReadPosRankSum < -

8.000. In filtered VCF files, SNPs with greater than 70% missing markers, less than 

0.05 of minor allele frequency (MAF) were removed using VCFtools software. The 

missing genotypes of the VCF files were imputed and phased by BEAGLE through 

the R package ‘synbreed’. 

 

Population structure  

To validate the information for population structure of core collection from 

previous study (Lee et al. 2016), we conducted principle component analysis (PCA) 

and hierarchical clustering with newly genotyped data of core collection in this study. 

PCA of pepper core collection with genome-wide SNPs was performed using R 

package ‘poppr’ (Kamvar et al. 2014).  

We also conducted genetic clustering analysis using ADMIXTURE v1.3 

(Alexander et al. 2009) to estimate the proportion of ancestral information in pepper 
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core collection. ADMIXTURE was run with the number of ancestral population (K) 

from 1 to 10, and the results were validated with 5-fold cross-validation. The error 

rate of cross-validation results decreased from 1 to 10 indicating that the larger 

number of clusters constantly improved its model fitness. However, K = 2 (C. 

annuum and other species) and K = 5 (five species that composed of pepper core 

collection) showed a clear population structure.  

We conducted hierarchical clustering using unweighted pair group method with 

arithmetic mean (UPGMA) tree. Its genetic distance was estimated based on 

Euclidean distance using R package ‘poppr’ (Kamvar et al. 2014). All plots of 

population structure were generated using R package ‘ggplot2’ (Wickham 2016).  

 

Phenotypic data analysis and heritability 

Among the various agronomic traits of pepper, four fruit-related quantitative 

traits (fruit length, fruit width, fruit weight, and pericarp thickness) were selected for 

testing of genomic prediction. Phenotypic data of core collection were obtained over 

three year. Three plants of each lines were planted and three fruits that randomly 

selected were measured for raw phenotypic data. For the phenotypic data of PD RILs 

that used as a testing population in this study, three available fruit-related traits (fruit 

length, fruit width, fruit weight) were obtained.  

To control the imbalance phenotypic data of core collection, best linear 

unbiased predictor (BLUP) values of each core collection lines (genotype) were 
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calculated using the R package ‘lme4’ (Bates et al. 2014). Random effect model for 

fruit-related traits included genotype, year, location and G × E interaction. From 

the random effect model, variance components were estimated and these variance 

components were used to estimate broad sense heritability.  

 

Genomic prediction method  

In this study, we utilized 10 different type of genomic prediction models to 

investigate the proper models for fruit-related traits in pepper core collection. Among 

the 10 models, gblupRR, Ridge regression, LASSO, Elastic net, bayesian LASSO 

(BL), extended bayesian LASSO (EBL), bayes-B and bayes-C are linear methods, 

whereas RKHS, random forest are non-linear methods. Among the methods 

gblupRR and RKHS were kernel method of which gblupRR estimates variance of 

genetic effects of markers based on a single linear kernel whereas RKHS was based 

on multiple Gaussian kernels. Each genomic prediction methods were implemented 

by various R packages ‘rrBLUP’ for gblupRR and RKHS, ‘glmnet’ for Ridge 

regression, LASSO and Elastic net, ‘VIGoR’ for BL, EBL, bayes-B and bayes-C, 

‘randomForest’ for random forest.  

 

Evaluation of genomic prediction   

To estimate the ability of the models across the training population in genomic 

prediction, we conducted 10-fold cross-validation methodology. Whole training 
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population was divided into 10 groups equally. Among the sub-groups, 9 sub-groups 

were used as a training population (TRN) and 1 sub-groups was assigned validation 

sets (VS) randomly. These procedure was iterated in 10 different patterns for each 

trait. Each prediction accuracy (correlation between predicted values and observed 

values) of the cycle was recorded and its average values of 10 iteration was recorded 

as a result for the specific trait. 

To investigate the effect of marker density, we generated various marker sets. 

From the all marker sets SNPs were pruned based on linkage disequilibrium (LD) 

cutoff using software Plink v1.9 (Purcell et al. 2007). Different R-squared cutoff of 

LD (0.9, 0.85, 0.8, 0.75, 0.7, 0.65, 0.6, 0.55, 0.5, 0.45, 0.4, 0.35, 0.3, 0.25, 0.2, 0.15, 

0.1) were used to generate pruned marker sets and seven marker sets were selected 

by its number of marker. These marker sets applied on cross-validation for four fruit-

related traits in a same procedure before. 

 

Testing of genomic prediction by population structure 

To estimate the effect of population structure on genomic prediction, we 

dissected the core collection by its sub-species. First we used all core collection (351 

lines) to train the models and predict the GEBVs of PD RILs. Second, only C. 

annuum lines (229 lines) were utilized for training. Third, C. annuum (302 lines) 

complex including C. annnuum, C. chinense, and C. frutescens.At last, only C. 

baccatum (48 lines) lines were used to train genomic prediction models.  
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With each training population, we tested a combination of three genomic 

prediction methods (gblupRR, RKHS, RandomForest) and two marker sets (18,663 

SNPs, 4,640 SNPs) to another population, PD RILs. Selected methods and marker 

sets were utilized to train the final genomic prediction model for each trait with 

whole genotypic datasets. Genotypic datasets of PD RILs were used as a testing data 

to apply the trained model on different population. Genomic estimated breeding 

values of the PD RILs were correlated to observed average phenotypic values 

obtained from the measurement of two years. Only three traits (FWg, FL, FWd) were 

tested because of data availability for the pericarp thickness (PT) in PD RILs.  
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RESULTS 

 

Phenotypic variability and heritability of fruit-related traits  

Since pepper core collection comprises various gene bank accession, its 

phenotype values highly varied. In fruit length, its phenotypic value ranged from 

6.67 to 298.67. The phenotype values of the fruit width and fruit weight ranged 3.38 

to 101.33 and 0.09 to 242.50, respectively. Pericarp thickness ranged from 0.02 to 

10.80 (Table. 1.). For all traits, phenotypic values of C. annuum significantly 

differed from other three sub-group (C. baccatum, C. chinense and C. frutescens) 

indicating that population structure exists within core collection (Fig. 1.). 

Calculated BLUP values of each fruit-related traits were varied with its own 

distribution (Fig. 2.). All BLUP values of four traits showed slightly skewed 

distribution. Especially in fruit weight (FWg), its bias was big. Estimated broad-

sense heritability (H2) of four traits were not very different. All traits showed high 

heritabilities (>0.9) (Table. 1.).. 

Measurement of fruit width, fruit weight and pericarp thickness were highly 

correlated with over 0.85 correlation values. However fruit length showed lower 

correlation values for any other traits (Fig. 2-E.). 
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Figure. 1. Box plots of four fruit-related traits by its sub-species except C. chacoense. Core collection has distinct population 

structure by its species. These phenomena were observed in all four traits. 
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Figure. 2. Distribution of BLUP values. Its distribution varied by each trait. (A) FL 

showed fair normal distribution with slight skewness. (B) FWd showed similar 

distribution with FL. (C) FWg showed the most skewed distribution among the four 

traits. (D) PT also showed the fair normal distribution. (F) FWd, FWg and PT were 

highly correlated with each other. 
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Table. 1. Descriptive statistics of the raw phenotypic values and broad-sense 

heritability.  

 

 

  

Trait Minimum Median Maximum Mean ± SE Heritability 

FL (mm) 6.67 66.00 298.67 71.43 ± 0.65 0.971 

FWd (mm) 3.38 18.83 101.33 24.04 ± 0.27 0.979 

FWg (g) 0.09 8.30 242.50 19.49 ± 0.50 0.965 

PT (mm) 0.02 1.80 10.80 2.176 ± 0.02 0.948 
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SNP marker distribution and linkage disequilibrium 

Genotyping of core collection and PD RILs discovered total of 16,706,014 

common SNPs of which 91,434 remained after pre-filtering of missing alleles with 

more than > 30%. Missing genotype of remaining SNPs were phased and imputed 

using BEAGLE. After imputation, SNPs with minor allele frequency (MAF) lower 

than 5% removed and total 18,663 SNPs were remained.  

All marker sets (18,663 SNPs) pruned based on linkage disequilibrium (LD) 

and remained SNP represented the high LD region. Total of 14 marker sets were 

generated followed by selection of 7 marker sets including 1) all SNPs (18,663 

SNPs); 2) 2nd SNPs (9,246 SNPs); 3) 3rd SNPs (4,640 SNPs); 4) 4th SNPs (2,126 

SNPs); 5) 5th SNPs (1,307 SNPs); 6th SNPs (731 SNPs); 7th SNPs (431 SNPs).  

Each pruned marker sets showed well distributed SNPs over 12 chromosomes 

(Table. 2). A decreasing trends of SNPs showed the centromeric regions of pepper 

genome indicating weak LD values (Appendix 2).  
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Table. 2. Marker distribution and LD cutoff for each marker set.  

 

 

  

Marker 

Set  

LD 

cutoff 
Total  

The number of SNP markers per chromosome 

1 2 3 4 5 6 7 8 9 10 11 12 

All 

SNPs 
 18,663 2,080 1,265 1,933 1,330 1,351 1,586 1,640 1,170 1,448 1,550 1,780 1,530 

2nd set 0.85 9,246 1,095 665 976 665 669 867 796 519 704 730 813 747 

3rd set 0.6 4,640 551 339 488 329 334 487 390 252 349 361 403 357 
4th set 0.35 2,126 236 158 229 166 163 224 159 118 153 169 176 175 

5th set 0.25 1,307 145 89 151 102 98 119 103 78 99 111 114 98 

6th set 0.15 731 75 46 87 61 62 71 57 47 55 63 65 42 
7th set 0.1 431 39 30 48 37 38 35 34 26 37 36 40 31 
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Genetic clustering analysis of core collection 

To investigate the effect of population structure on genomic prediction, genetic 

clustering like principal component analysis (PCA), phylogenetic tree, admixture 

was conducted using whole marker set (18,663 SNPs) in 351 pepper core collection. 

Pepper core collection showed significant population structure due to the 

presence different species with various origin. Although some of accessions showed 

a slight admixture, the results from PCA clearly showed four genetic clusters 

according to Capsicum species classification. The first and second principal 

components explained 31.1% and 23.6% of variation within the core collection, 

respectively.  

Clusters obtained phylogenetic tree showed the similar result with PCA. There 

was clear clustering between C. baccatum and other three species. Then, three 

species group was divided into two clusters of which the major group was mainly 

consisted with C. annuum accessions. A high genetic relationship was observed 

between C. chinense and C. frutescense which are known as C. annuum-complex 

species. Finally, we conducted an ADMIXTURE analysis of which from 1 to 12 K 

was calculated. The cross-validation error was nearly saturated from K = 7 with value 

of 0.3 indicating the high divergence level within pepper core collection (Appendix 

1). However, in K = 5, pepper core collection was well clustered according to its 

species.  
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Figure. 3. Population structure of pepper core collection. Pepper core collection has distinct population structure with its sub-

species. (A) PCA showed the each cluster was separated strongly. (B) Phylogenetic tree clustered with similar pattern with 

PCA. In the ADMIXTURE Q plots, accessions were clustered with C. annuum and other species when K = 2. When K is 5, 

almost all samples clustered by its four species except additional clustering within C. annuum.    
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Evaluation of genomic-prediction in pepper  

We evaluated genomic selection using the pepper core collection which has 

genetic diversity and population structure. We investigated the effects of the various 

genomic prediction methods and marker density on prediction accuracy using cross-

validation. Based on cross-validation result, we tested genomic prediction across 

population with specific conditions. 

 

Cross-validation results for different genomic prediction methods 

Prediction accuracies were differed by evaluated traits and the genomic 

prediction methods used. The prediction accuracies (Pearson’s correlation) ranged 

from 0.53 to 0.85 over different genomic prediction methods for fruit-related traits  

(Fig. 4.). The phenotype prediction accuracy for fruit width was the highest whereas 

fruit length was the lowest. 

In fruit length, an average prediction accuracy across 10 genomic prediction 

methods was 0.70, in which RKHS showed the highest prediction accuracy of 0.74 

whereas Bayes B and Bayes C were the lowest (0.66). An average prediction 

accuracy of fruit width across various methods was 0.83 which was higher than those 

of other traits. Two kernel type methods, RKHS and gblupRR were the most effective 

genomic prediction methods for fruit width showing prediction accuracy of 0.84. 

The prediction accuracy of fruit weight and pericarp thickness were 0.79 and 0.81, 

respectively. RKHS and RandomForest resulted in the highest prediction accuracy 

with 0.83. Bayes C showed highly variable prediction accuracies ranged from 0.53 
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to 0.81. In pericarp thickness, gblupRR, RKHS, BLasso and RandomForest showed 

the similar prediction accuracies about 0.82. Among the 10 genomic prediction 

model RKHS showed the stable prediction accuracies across four traits (Fig. 4.).  

 

Cross-validation results by different number of marker sets  

We only used RKHS model that showed relatively high prediction accuracies 

to investigate the effect of the marker density in genomic prediction. Overall results 

indicated that the prediction accuracy was decreased as marker density was 

decreasing (Fig. 5.). Average prediction accuracies of fruit width was the highest 

with 0.83 whereas fruit length was the lowest with 0.73.  

Prediction accuracies for fruit length was increased by 10.2% from 0.69 (431 

SNPs) to 0.76 (all SNPs) (Table. 3). However, fruit length was the only traits that 

prediction accuracies was increased as marker density was increasing. For the rest 

of three traits (fruit width, fruit weight, pericarp thickness), higher prediction 

accuracies were obtained for the 3rd set (4,640 SNPs). The highest prediction 

accuracies of each traits were recorded as 0.85 (fruit width), 0.82 (fruit weight) and 

0.82 (pericarp thickness). The difference of prediction accuracy between the lowest 

density marker set and all marker set for fruit width, fruit weight and pericarp 

thickness were 4.9, 4.6 and 5.4%, respectively.  
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Application of the constructed genomic-prediction models in a test population  

For practical application of the genomic selection method, a constructed GS 

model should be validated across population. To test the constructed genomic 

prediction models in the above study, we applied three genomic prediction methods 

in a different population. RIL population (PD RILs) was derived from two parental 

lines included in the pepper core collection. Since pericarp thickness was not 

available in PD RILs, we only investigated three traits including fruit length, fruit 

width and fruit weight. In general, fruit width and fruit weight showed higher 

prediction accuracies even on across population genomic prediction followed by 

fruit length similarly to the cross-validation results (Fig. 5.). RKHS showed higher 

and more stable prediction accuracies than any other genomic prediction methods. 

However, in fruit length, gblupRR showed the slightly higher prediction accuracy 

than RKHS whereas rest of two traits (fruit width and fruit weight) showed the 

highest prediction accuracies on RKHS.  

In case of all marker set (18,663 SNPs), when only C. annuum accessions were 

used to train the models, the prediction accuracies were slightly increased in fruit 

length across all methods (Table. 4). However, no big differences observed in other 

traitsonly showing minor variation. These patterns were appeared same when 3rd 

marker set (4,640 SNPs) was used for testing (Fig. 7).  Prediction accuracies of 

gblupRR and RKHS were slightly decreased from 0.456 and 0.473 to 0.452 and 

0.463 in fruit width, respectively. Models training using C. annuum complex also 

resulted in only minor difference in prediction accuracies in both marker set. 
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However, when only C. baccatum accessions were used for construction of genomic 

prediction models, the prediction accuracies showed drastic decreases indicating its 

unfitness as a training population for PD RILs. 
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Figure. 4. Prediction accuracy of cross-validation across four fruit-related traits by genomic prediction methods. BLUP values 

of each traits were applied to 10 different genomic prediction models. (A) RKHS was the most effective models for FL. (B) 

Random forest showed high performances in FWd. Among the four traits, FWd showed the highest accuracy with the highest 

heritability. (C) Random forest showed the highest accuracy in FWg. Prediction accuracy of Bayes C was unstable. (D) Random 

forest showed the highest performance in PT. 
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Figure. 5. Cross-validation results by various marker sets. Generally, when the marker number is small, its prediction 

accuracies decrease. Genomic prediction method was fixed with RKHS.  
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Table. 3. Average prediction accuracies by the number of markers 

 

 

The number of 

markers 
Method 

Fruit length Fruit widt Fruit weight  Pericarp thickness 

Avg SD Avg SD Avg SD Avg SD 

7th set  

(431 SNPs) 
RKHS 0.686 ±0.01 0.796 ±0.004 0.784 ±0.012 0.776 ±0.007 

6th set  
(731 SNPs)  

RKHS 0.707 ±0.006 0.817 ±0.004 0.803 ±0.012 0.791 ±0.006 

5th set  

(1,307 SNPs) 
RKHS 0.735 ±0.005 0.835 ±0.008 0.811 ±0.014 0.799 ±0.003 

4th set  

(2,126 SNPs) 
RKHS 0.747 ±0.007 0.836 ±0.003 0.818 ±0.013 0.808 ±0.004 

3rd set  

(4,640 SNPs) 
RKHS 0.755 ±0.007 0.849 ±0.007 0.822 ±0.01 0.822 ±0.006 

2nd set  

(9,246 SNPs)  
RKHS 0.753 ±0.007 0.847 ±0.006 0.817 ±0.007 0.822 ±0.005 

All SNPs  
(18,663 SNPs)  

RKHS 0.756 ±0.009 0.836 ±0.003 0.821 ±0.007 0.818 ±0.004 
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Fig. 6. Testing of three genomic prediction models onto RIL population by RKHS 
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Table. 4. Result of genomic prediction test on PD RILs by training subset using all marker set (18,663 SNPs) 

Subset of  

core collection 
Trait 

gblupRR RKHS Random Forest 

18,663  

SNPs 

4,640  

SNPs 

18,663  

SNPs 

4,640  

SNPs 

18,663  

SNPs 

4,640  

SNPs 

All FL 0.349 0.274 0.330 0.284 0.300 0.293 

(351 lines) FWd 0.456 0.495 0.473 0.515 0.351 0.323  
FWg 0.401 0.461 0.436 0.511 0.368 0.344 

C. annuum  FL 0.363 0.325 0.345 0.323 0.328 0.295 

Only FWd 0.452 0.497 0.463 0.514 0.373 0.353 

(229 lines) FWg 0.401 0.472 0.427 0.512 0.415 0.429 

C. annuum  FL 0.352 0.312 0.336 0.312 0.285 0.286 

complex FWd 0.457 0.500 0.468 0.519 0.320 0.295 

(302 lines) FWg 0.403 0.466 0.430 0.503 0.353 0.328 

C. baccatum FL 0.138 -0.029 0.138 -0.024 0.114 -0.008 
(48 lines) FWd -0.157 -0.037 -0.280 -0.025 0.152 0.335 

  FWg -0.271 -0.004 -0.177 -0.007 -0.084 -0.032 
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Fig. 7. Testing results by training population using RKHS. Green color indicates the 

result of all marker set (18,663 SNPs) and orange color indicates the result of 3rd 

marker set (4,640 SNPs). 
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DISCUSSION 

 

Phenotypic variation and population structure 

Since pepper is a fruit vegetable, its fruit-related traits are not only the critical 

determinants for marketable quality but also directly affects its yield and post-harvest 

quality. Therefore, fruit-related traits are one of the most important factor during 

selection in the pepper breeding program. 

We calculated the best linear unbiased predictor (BLUP) of each core collection 

lines by fitting the linear mixed effect model for several phenotypic data. Calculated 

BLUP values of each trait were used to further analysis. All BLUP of four fruit-

related traits (fruit length, fruit width, pericarp thickness) showed slightly skewed 

distribution. 

We estimated the heritability of the traits to investigate its effect on genomic 

prediction. Variance component from linear mixed effect models were used to 

estimate the heritability. Estimated heritability of the traits were higher than our 

expectation, but showed similar patterns with previous studies (Ben-Chaim and 

Paran 2000; Naegele, Mitchell et al. 2016). These high values of heritability may be 

caused by ambiguous and poor phenotypic data quality and the imbalanced 

experimental design.  

Pepper core collection including diverse accessions could be grouped by its 

distinct genetic clusters (Lee et al. 2016). These clusters also led the moderate 
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differentiation of the fruit-related phenotypic traits. Genetic clustering using 

ADMIXTURE showed the similar result to PCA and hierarchical clustering. We 

obtained clear clustering between C. annuum-complex (C. annuum, C. chinense, C. 

frutescense) and C. baccatum except some admixed lines. There was one C. 

chacoense which is included in C. baccatum-complex in core collection but not 

clustered in C. baccatum cluster. These result indicates that presence of the wrong 

labeling accession in core collection due to the mistake from providers or labeling 

error. With the precise accession identification methods. For a deep knowledge of 

genetic resources of pepper, the adjustment of ambiguous lines in gene bank and 

taxonomy studies in pepper is needed in the future. 

 

Prediction accuracy of GS in pepper core collection 

We characterized the factors that impact to prediction accuracy of genomic 

prediction in pepper through 10-fold cross-validation. Prediction accuracy varies 

among genomic prediction methods according to their assumption and treatments of 

marker effects (Desta et al. 2014). Therefore, we investigated the performances of 

various genomic prediction methods. Although there was no significant differences 

between each prediction accuracy of genomic prediction methods, still gblupRR and 

RKHS showed the constant and higher prediction accuracies among the 10 different 

genomic prediction methods in all traits. Average prediction accuracies were lower 

in fruit length than other traits (FWd, FWg, PT) showing its different genetic 

architecture. The prediction accuracies reflects that highly correlated traits (fruit 
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width, fruit weight, pericarp thickness) showed the similar patterns of prediction 

accuracies.  

Many previous studies proved that the prediction accuracies of genomic 

prediction and heritability are positively correlated (Desta et al. 2014). However, no 

correlation appeared between the prediction accuracies and heritability in this study. 

Although fruit length (FL) showed the second highest heritability (0.971) among the 

tested traits, its prediction accuracies showed the lowest one. Since all tested fruit-

related traits showed high heritability (>0.9), a differentiation of prediction 

accuracies were not detected clearly. In further study, the various traits covering large 

range of heritability need to be tested. 

Generally, lower marker density showed lower prediction accuracies by fruit 

related traits like previous studies (Desta et al. 2014). This can be explained by the 

fact that a large number of markers can cover all genomic region (also known as 

linkage disequilibrium block) that correspond to the traits explaining all small 

genetic effects. However, prediction accuracies of the 3rd set (4,640 SNPs) were 

higher than all marker set (18,663 SNPs) in fruit width, fruit weight and pericarp 

thickness whereas fruit length showed the highest prediction accuracy on all marker 

set (18,663 SNPs). These result indicates that the linkage disequilibrium (LD) level 

of these three traits (FWd, FWg, PT) were relatively lower than fruit length. 

Therefore, the 3rd marker set could cover all LD region and non-informative SNPs 

of all marker set has led to decrease in prediction accuracies. However, in case of 

fruit length, even all marker set could not cover the possible LD region indicating 
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the higher complexity of genetic architecture. In this case, denser marker sets 

(>18,663 SNPs) could improve the prediction accuracy of fruit length.  

Then we tested optimized genomic prediction condition from cross-validation 

to another population. Across-population genomic prediction conducted between 

core collection and RIL population.. The prediction accuracy of fruit length (0.32) 

was lower than fruit width (0.44) and fruit weight (0.41) following the cross-

validation results. The gap appeared from prediction accuracies between fruit length 

and other traits may be caused by the complexity of the fruit length or the effect of 

population structure. 

Since GS was introduced, population structure has been a frequent issue for 

improving prediction accuracy (Spindel et al., 2016) and previous studies 

emphasized the uses of genetically linked population as test population (Desta et al. 

2014). To improve the prediction accuracy we tested genomic prediction with 

various training population (C. annuum only, C. annuum complex, C. baccatum only) 

besides using all lines. Although prediction accuracies were slightly increased when 

C. annuum only used to train model than all lines were used, overall differences were 

not significant among the models and the training sets. However, when only C. 

baccatum lines were used for training its prediction accuracies were drastically 

decreased. This can be explained by its genetic distance between training population 

and testing population. Indeed population structure test indicated that C. annuum and 

C. baccatum was the farthest species among the pepper core collection. 
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Conclusions 

In this study, we investigated the potential of genomic selection in pepper for 

fruit-related traits having high level (> 0.9) of heritability. By using core collection 

as a training population, through the cross-validation, we found effective conditions 

of genomic selection such as the type of genomic prediction models, marker number. . 

Cross-validation result explained about 80% of genetic variation for fruit-related 

traits in pepper core collection. We used the genomic prediction models trained using 

a core collection and then tested in a different population (RIL population) which 

has narrow genetic diversity and weak population structure. Although the gap of 

genetic diversity was high between training population and test population, we 

obtained moderated prediction accuracy. The result of this study will contribute as a 

simulation of commercial pepper pre-breeding procedure and a deep knowledge of 

the genetic architecture for pepper fruit-related traits showing its potential of 

genomic selection application in pepper. Also in our knowledge, this study is the 

first genomic prediction study reported in pepper. Furthermore, to improve the 

prediction accuracy of genomic prediction, an integration with larger-scale genomics 

and phenomics need to be studied. 
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ABSTRACT IN KOREAN 

 

고추 (Capsicum. spp.)는 신선채소, 향신료 등으로 소비되는 매우 

중요한 채소이다. 다양한 원예적 형질 중에서도 과실연관형질은 고추의 

상품성을 결정짓는 매우 중요한 요인이다. 과실연관형질은 양적형질이기 

떄문에 기존의 마커기반선발(MAS)은 그 선발효과가 낮다. 

유전체선발(GS)는 이러한 양적형질개량에 효율적인 방법이다. 본 

연구에서는 고추의 과실연관형질개량을 위해 유전체선발의 가능성을 

시험하였다. 고추에서의 유전체선발은 GBS 를 이용해서 유전형을 조사한 

고추의 핵심집단을 이용해서 진행됐다. 교차검증을 통해서 여러 종류의 

유전체기반 표현형예측식의, 다양한 숫자의 마커셋에서의 예측성능을 

평가했고, 유전력과 집단구조가 가지는 효과를 분석했다. 다양한 

유전체기반 표현형예측식 중 RKHS 가 과장, 과경, 과중 그리고 과피두께 

형질에서 예측정확도 0.74, 0.84, 0.83 그리고 0.82 로 가장 우수한 

성능을 나타냈다. 조사한 과실연관형질 모두에서 0.9 이상의 높은 유전력을 

나타낸 탓에 유전력이 예측정확도에 미치는 효과를 정확히 관찰할 수 

없었다. 과장형질의 예측정확도는 마커의 숫자가 증가할수록 예측정확도가 

상승하는 양의 상관관계를 보였다. 하지만 과경, 과중 그리고 

과피두께에서는 세 번째 마커셋(4,640 SNPs)에서 가장 높은 예측정확도를 

보였다. 이를 통해 형질에 따라 적합한 마커수가 다르다는 사실을 알 수 

있었다. 더 나아가 본 연구에서는 유전체기반 예측식을 구축, 다른 집단의 
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과장, 과경 그리고 과중을 예측하는 시험을 진행하였다. 특정 마커셋을 

이용해 전장유전체 해독을 통해 얻은 RIL 집단의 표현형을 예측하였다. 

모델 training 과 모델 testing 에 이용한 두 집단간 유전적 다양성의 

차이에도 불구하고 일정수준이상인 0.32, 0.44 그리고 0.41 의 

예측정확도를 각각 과장, 과경 그리고 과중에서 얻어냈다. 본 연구의 

결과를 통해 우리는 유전력이 높은 과실연관 형질의 유전체선발 

시뮬레이션을 진행했으며, 고추 유전체선발에서 핵심집단의 도구로서의 

효과를 확인할 수 있었다.  

 

주요어: 고추, 과실연관 형질, 핵심집단, 전장유전체연관분석 (GWAS), 

유전체선발 (GS), Cross-validation 
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Appendix 1. Cross-validation error of each K in admixture 
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Appendix 2. Seven marker sets of core collection used to cross-validation 
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