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Genomic predictions 
and genome‑wide association 
studies based on RAD‑seq 
of quality‑related metabolites 
for the genomics‑assisted breeding 
of tea plants
Hiroto Yamashita1,2, Tomoki Uchida1, Yasuno Tanaka1,2, Hideyuki Katai3,6, Atsushi J. Nagano4, 
Akio Morita1,5 & Takashi Ikka1,5*

Effectively using genomic information greatly accelerates conventional breeding and applying it to 
long‑lived crops promotes the conversion to genomic breeding. Because tea plants are bred using 
conventional methods, we evaluated the potential of genomic predictions (GPs) and genome‑
wide association studies (GWASs) for the genetic breeding of tea quality‑related metabolites using 
genome‑wide single nucleotide polymorphisms (SNPs) detected from restriction site‑associated 
DNA sequencing of 150 tea accessions. The present GP, based on genome‑wide SNPs, and six models 
produced moderate prediction accuracy values (r) for the levels of most catechins, represented by 
( −)‑epigallocatechin gallate (r = 0.32–0.41) and caffeine (r = 0.44–0.51), but low r values for free amino 
acids and chlorophylls. Integrated analysis of GWAS and GP detected potential candidate genes for 
each metabolite using 80–160 top‑ranked SNPs that resulted in the maximum cumulative prediction 
value. Applying GPs and GWASs to tea accession traits will contribute to genomics‑assisted tea 
breeding.

Tea plants (Camellia sinensis L.) are mainly cultivated in Asia to produce green, oolong, and black tea, which are 
popular beverages throughout the world. Approximately two billion cups of tea are consumed daily  worldwide1, 
and tea drinking reportedly has numerous health  benefits2. In general, tea quality is defined by the balance of 
various functional components, such as theanine, catechins, and caffeine, which are unique to tea. Theanine, 
an amino acid, contributes to the major umami taste of green  tea3,4, and it has various health benefits, such as 
promoting  relaxation5, improving concentration and learning  ability6, and reducing blood  pressure7. Tea cat-
echins are major polyphenols and have been studied for their anticarcinogenic  effects8, antimutagenic  effects9, 
antibacterial  activities10, free radical scavenging  activities11, and anticaries  actions12. In particular, ( −)-epigal-
locatechin gallate (EGCG), the major component of tea catechins, has strong antiallergic  effects12,13. Caffeine 
(1,3,7-trimethylxanthine) is a kind of purine alkaloid that accumulates to high levels in tea leaves and coffee. 
Caffeine consumption may be associated with a reduced risk for type 2  diabetes14, but excessive intake of caf-
feine may cause inflammation of the digestive organs, insomnia, and  arrhythmia15. There are also reports on the 
risks of pregnant women ingesting  caffeine16. These potentially harmful effects of caffeine negatively affect the 
consumption of tea and tea-related products. Thus, the unique metabolites in tea produce the most important 
agronomic traits targeted by modern and future tea breeding.
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Conventional breeding based on phenotypic evaluations has many drawbacks, including the long generation 
time and large physical size of tea plants, and the inability to assess the marketable product prior to the tea 
seedling reaching physiological maturity. However, for tea plants and fruit  trees17, traditional breeding methods 
are still commonly used. This must change to meet the demands of the expanding global market; therefore, tea 
breeding needs to be updated using new technology. Recent genomics-based approaches may be especially useful 
for increasing crop breeding  efficiency18. The use of genomics-assisted breeding facilitates more selection cycles 
and greater genetic gains per unit of time. In particular, genomics-assisted breeding is effective for woody plants, 
such as tea and fruit trees, which have long life cycles. Additionally, the genotypic data obtained from seeds or 
seedlings in breeding populations can be used to predict the phenotypic performance of mature individuals 
without the need for extensive phenotypic evaluations in different years and environments.

Marker-assisted selection (MAS) and genomic prediction (GP) are the two main types of genomics-assisted 
 breeding18. MAS uses molecular markers that map within specific genes or quantitative trait loci (QTLs) 
associated with target traits or phenotypes to select individuals that carry favourable alleles for the traits of 
interest. MAS is efficient for traits that are controlled by low numbers of QTLs that have major effects on trait 
expression, but it is not suitable for evaluating complex quantitative traits that are governed by large numbers of 
minor  QTLs19,20. GP uses all the available marker data for a population as predictors of breeding value based on 
modelling, and it takes into account the effects of multiple genes that control a target trait; this overcomes the 
limitation of  MAS19, although GP requires cost-effective high-throughput genotyping platforms.

Next-generation sequencing (NGS) technologies have drastically reduced the cost and time of sequencing and 
single nucleotide polymorphism (SNP) discovery, which led to the development of high-throughput genome-
wide SNP genotyping. In particular, the emergence of restriction site-associated DNA sequencing (RAD-seq) 
and genotype-by-sequencing resulted from the implementation of SNPs suitable for GP in both model and 
non-model  crops17,18,21. These high-throughput genome-wide SNP genotyping platforms have enabled the use 
of genome-wide association studies (GWASs) and GPs in many important  crops22–26. GWASs enable detection of 
QTLs or genes that control phenotypic variations in a population of cultivars or germplasm accessions without 
preparing a bi-parental segregating  population27.

Previously, we conducted SNP genotyping of 167 tea accessions and revealed the genetic structures of 
cultivars, landraces, and germplasm accessions for subsequent genomics-assisted  breeding28. Very recently, 
the draft genomes of two major tea varieties, C. sinensis var. assamica29 and C. sinensis var. sinensis30,31, were 
sequenced using several NGS platforms. The genome size of tea plants was estimated to be 3.8–4.0  Gb32,33, and 
this size has been a major barrier to determining tea genomic information using NGS technologies. For C. sinensis 
var. sinensis, a high-quality chromosome-level reference genome was obtained using single-molecule real-time 
sequencing and chromatin conformation capture  technologies31. This information enabled determination of 
the chromosomal positions of SNP markers and linking genes in the tea genome, and it was effectively used for 
GP and GWAS.

In the present study, we evaluated the potential of performing integrated analysis by GP and GWAS for 
genetic improvement of tea quality-related metabolites using genome-wide SNPs from RAD-seq data. Our 
analysis showed that GP effectively predicted the contents of several catechins and caffeine, but not free amino 
acids (FAAs). In addition, integrated analysis of GWAS and GP detected the potential candidate genes for each 
metabolite.

Results
Variations in 19 tea quality‑related metabolites. To evaluate variations in the tea quality-related 
metabolites of tea accessions, we quantified the contents of 19 metabolites, including 10 FAAs, 7 catechins, 
caffeine, and chlorophyll (Chl), in the new shoots from the first crop season. We investigated the contents in 
2018 and 2019 to evaluate the annual effect. Most variations were positively correlated between 2018 and 2019 
(Supplementary Fig. S1). Therefore, the mean values obtained from 2018 and 2019 were used as values in the 
subsequent GP modelling and GWAS (Fig. 1).

Genotyping using the latest chromosome‑scale genome and linkage disequilibrium (LD). Our 
previous  study28 detected SNPs in these tea accessions using a scaffold-scale reference  genome30, but the lat-
est chromosome-scale reference genome was published by Xia et al. (2020)31. We re-detected SNPs using the 
chromosome-scale reference genome. After filtering [SNP call rate within a locus ≥ 0.7, minor allele frequency 
(MAF) ≥ 0.05], 9523 SNPs were detected for subsequent analyses and widely mapped across the whole genome 
(Supplementary Fig. S2).

The squared correlation coefficient (r2) values of the pairwise LD were plotted using a nonlinear regression 
curve against physical distance to estimate the LD decay pattern. This regression curve pattern showed that LD 
decayed to relatively low levels (r2 < 0.13) within 10 kb (Fig. 2). The mean LD between adjacent SNPs was r2 = 0.24.

Accuracy of GP models for 19 tea quality‑related metabolites. We evaluated the GP model accu-
racy for 19 tea quality-related metabolites using all 9523 genome-wide SNPs and six regression models; genomic 
best linear unbiased prediction (GBLUP) with linear ridge kernel regression (RR) or GBLUP with non-linear 
Gaussian kernel regression (GAUSS), Ridge, Lasso, Elastic Net, and Random Forest. The tenfold cross-valida-
tions (CVs) showed that the r values were moderate for ( −)-epicatechin (EC; r = 0.17–0.28), ( −)-epicatechin 
gallate (ECG; r = 0.25–0.31), EGCG (r = 0.32–0.41), total catechins (r = 0.27 − 0.32), and caffeine (r = 0.44 − 0.51), 
but low for other metabolites, such as FAAs and Chl (Fig. 3). For the five metabolites predicted with moderate 
accuracy by GP, the GBLUP (RR), GBLUP (GAUSS), and Ridge regression models were superior to other mod-
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Figure 1.  Phenotypic variations in the tea quality-related metabolites of 150 accessions.

Figure 2.  Estimates of linkage disequilibrium (LD) over genetic distance for all chromosomes of 150 tea 
accessions. The blue curve indicates the LD decay pattern that was estimated by fitting a trend line based on a 
nonlinear LOESS regression of r2 on physical distance.
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els (Fig. 3). These prediction values were also determined to be robust because the tenfold CVs had 10 repeats 
(Fig. 3).

Estimation of the cumulative effect of GWAS‑detected SNPs on the GP model. A GWAS was 
conducted for five tea quality-related metabolites that were predicted with moderate accuracy by GP (Fig. 4). 
A GWAS based on a mixed linear model (MLM) and general linear model (GLM) using all 9523 genome-wide 
SNPs identified several loci controlling each metabolite’s level (Fig. 4). Quantile–quantile (QQ) plots were used 

Figure 3.  Prediction accuracy and comparison of predictive models for tea quality-related metabolites. Data 
and error bars are the means ± standard deviations (10 replicates of tenfold cross-validation). RR ridge kernel 
regression, GAUSS Gaussian kernel regression.

Figure 4.  Manhattan plots from a GWAS of five phenotypes of tea quality-related metabolites. UA un-anchored 
SNPs.
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to assess the extent of accordance between the observed and expected p-values (Supplementary Fig. S4). The 
observed GLM p-values differed more from the expected p-values than those of the MLM, especially for the 
EGCG content phenotypes. Thus, the GWAS results based on the MLM were used for subsequent analyses. To 
estimate how effective GWAS-associated SNPs explained, we constructed prediction models with GBLUP (RR) 
that incorporated the top-ranked SNPs (i.e., SNPs with the lowest p-values in the GWAS) and randomly selected 
SNPs as a reference. The value of the r value curves based on top-ranked SNPs was higher than that based on 
randomly selected SNPs (Fig. 5). The curves of the r values peaked at 80–160 top-ranked SNPs per metabolite 
(Fig. 5), EC at 80 SNPs, ECG at 140 SNPs, EGCG at 140 SNPs, total catechins at 140 SNPs, and caffeine at 160 
SNPs. Thus, relatively small numbers of top-ranked SNPs effectively explained each metabolite’s level.

We identified the potential candidate genes controlling EC (57 genes), ECG (97 genes), EGCG (64 genes), 
total catechins (80 genes), and caffeine (83 genes) that were located within a 10-kb region using the LD decay 
(Fig. 2) of the 80–160 GWAS-detected SNPs per metabolite in the 150 analysed tea accessions (Supplementary 
Tables S1–S5. There were 13 common candidate genes associated with the EGCG and caffeine contents (Table 1).

Figure 5.  Estimation of cumulative effects of top-ranked SNPs detected by GWAS on five phenotypes of tea 
quality-related metabolites in the GP model. The cumulative effects of genomic prediction accuracy were 
evaluated using 20–300 top-ranked SNPs detected by the GWAS at 20 SNP intervals. Data and error bars are the 
means ± standard deviations (10 replicates of tenfold CV). 20–300 randomly selected SNPs were also used as a 
reference.

Table 1.  Common candidate genes associated with EGCG and caffeine contents as assessed by genome-wide 
association studies (GWASs).

Associated SNPs

Candidate genes

GeneID Chr

Gene position (bp)

Strand
Distance from gene 
(bp) Gene annotationChr Position (bp) P-value for EGCG P-value for caffeine Up Down

12 2,549,738 3.E−05 2.E−03 CSS0013722 12 2,544,002 2,563,160 − Region within the 
gene

Putative phagocytic 
receptor 1b

4 71,890,059 1.E−02 6.E−03 CSS0006445 4 71,892,372 71,894,683 − 2313 NA

14 87,255,362 7.E−03 2.E−02 CSS0007093 14 87,257,768 87,260,368  + − 2406 Hypothetical protein 
VITISV_023007

2 12,909,634 2.E−03 7.E−03 CSS0008055 2 12,908,731 12,917,237 − Region within the 
gene

Probable serine/
threonine-protein 
kinase

7 26,653,857 1.E−02 2.E−02 CSS0012938 7 26,645,975 26,689,027  + Region within the 
gene

SPA1-related 3 
isoform 1

15 5,519,341 8.E−03 2.E−02 CSS0014189 15 5,518,230 5,522,057 − Region within the 
gene

RING-H2 finger 
protein ATL3

4 71,890,059 1.E−02 6.E−03 CSS0020256 4 71,881,294 71,884,993  + 5066 Auxin response factor 
17-like

1 217,617,856 8.E−03 2.E−02 CSS0023674 1 217,618,798 217,622,981 − 942 Hypothetical protein 
VITISV_013519

15 5,519,341 8.E−03 2.E−02 CSS0025062 15 5,502,746 5,516,691  + 2650 Ubiquitin conjugating 
enzyme J2

14 79,981,575 3.E−03 4.E−03 CSS0026002 14 79,978,507 79,982,432 − Region within the 
gene

MATE efflux family 
protein 5

2 12,909,634 2.E−03 7.E−03 CSS0029046 2 12,894,561 12,904,995 − − 4639 Proteasome subunit 
alpha type-2-B

4 71,890,059 1.E−02 6.E−03 CSS0030407 4 71,894,597 71,901,185  + − 4538 Auxin response factor 
17-like

2 12,909,634 2.E−03 7.E−03 CSS0050267 2 12,915,964 12,922,795 − 6330 WRKY transcription 
factor
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Discussion
Genomics-based approaches may be especially useful in crop breeding and reduce the required breeding time 
compared with conventional  breeding18. They are effective in crops with long life cycles, such as woody plants. 
Tea plants have several functional metabolites that have human health benefits; therefore, establishment of new 
genomic breeding methods, such as GP and GWAS, is an important first step for the tea industry’s future. In 
the present study, we evaluated the potential of GPs and GWASs for genetic improvement of tea quality-related 
metabolites using genome-wide SNPs detected by RAD-seq data from 150 tea accessions. The LD pattern is a key 
factor for GP and GWAS because these two approaches are based on the LD between markers and polymorphisms 
that explain phenotypic  variation19,27.

Of the 150 analysed tea accessions, the LD decayed within 10 kb (Fig. 2). This was greater than in a previous 
study, which estimated that the LD decay of tea plants was within approximately 2  kb34 or 5  kb31 using 415 or 
78 accessions, respectively. This disparity may result from differences in the reference population. The present 
population comprised mainly composed of Japanese accessions, whereas those of previous  studies31,34 comprised 
mainly Chinese accessions. In cross-pollinated species, such as tea plants, LD may decay as a result of extreme 
genetic drift during domestication and breeding during  evolution35–38. The hypothesis that the progenitors of 
the Japanese accessions (C. sinensis var. sinensis) were introduced into Japan from China approximately 800 to 
1200 years ago by Buddhist priests is supported by recent DNA marker  analyses39,40. Therefore, these differences 
in LD decay values of each tea reference population may result from the Japanese tea population having a limited 
number of founders compared with the Chinese population. However, the mean r2 value (0.24) between adjacent 
SNPs in this population was greater than the r2 value (0.20) required for an accurate  GP41. This indicated that the 
marker density of this population was sufficient for GP. Furthermore, the fastSTRU CTU RE, hierarchical cluster 
analysis (HCA), and principal component analysis (PCA) results showed that these SNPs reflected sufficient 
genetic differentiation, similar to our previous  study28.

We achieved moderate r values for EC (r = 0.17–0.28), ECG (r = 0.25–0.31), EGCG (r = 0.32–0.41), total 
catechins (r = 0.27–0.32), and caffeine (r = 0.44–0.51) from six GP models (Fig. 3). In particular, the present 
prediction values of the EGCG and caffeine contents, which are the most important breeding traits of tea plants, 
are practical and valuable. The EGCG and caffeine contents of new tea shoots must be controlled in accordance 
with the breeding objective. Although EGCG has strong antiallergic  effects12,13, it is mainly responsible for 
the characteristic astringent and bitter taste in tea  fusions42. Although caffeine has beneficial effects, such as 
reducing the risk for type 2  diabetes14 and increasing clear thinking and brain  activity43, it also has harmful 
effects, such as the inflammation of digestive organs, insomnia, and  arrhythmia15. Additionally, excessive intake 
poses risks to pregnant  women16. GPs can accelerate breeding improvements that control taste or health benefits. 
However, the r values for the FAAs and Chl revealed negative prediction accuracies in this reference population 
(Fig. 3), which showed only moderate variations (Fig. 1). The r value for EGC also showed a negative prediction 
accuracy (Fig. 3). Negative prediction accuracy could be an artefact of the mathematical formulas used to 
calculate correlation coefficients when the expected accuracy is  low44. One reason for the rather low FAA, Chl, 
and EGC r levels may be that their phenotypes were susceptible to environmental factors, such as  light45,46 and 
 temperature47, and tea management-related  processes48. Because tea plants are a woody perennial crop; therefore, 
it is difficult to control these environmental factors. Additional reasons may be the small training population 
size and the traits’ genetic complexity. Thus, future challenges include resolving the effects of these factors and 
obtaining accurate values for breeding using a completely controlled environment, such as a large plant factory.

GWAS of five tea quality-related metabolites (EC, ECG, EGCG, total catechins, and caffeine) with high GP r 
levels using all 9,523 genome-wide SNPs identified several loci that control the level of each metabolite (Fig. 4). 
We estimated how effective GWAS-associated SNPs were for explaining the variation to identify the potential 
candidate genes. We constructed prediction models with GBLUP (RR) that incorporated the top-ranked SNPs 
and evaluated the curves of the r values that peaked in the 80–160 top-ranked SNPs per metabolite (Fig. 5). 
This approach might allow breeders to extract information from the training population and, simultaneously, 
to determine which regions of the genome are significantly associated with traits of interest, as determined by 
GWAS.

The potential candidate genes associated with each metabolite were detected by searching the 10-kb window 
(estimated LD decay region of the present 150 tea accessions; Fig. 2) based on the 80–160 top-ranked SNPs that 
produced the maximum cumulative prediction value (Fig. 5). The functions of most GWAS-detected candidate 
genes were unknown (Supplementary Tables  S2–S6); therefore, their involvement in catechin and caffeine 
metabolism is not understood. In addition, there were 13 common candidate genes associated with the EGCG 
and caffeine contents (Table 1), and the EGCG and caffeine contents were positively correlated (Supplementary 
Fig. S5). These genes may have pleiotropic functions in each metabolite. The functions of these genes warrant 
further study. The present GWAS did not detect the key genes involved in the biosynthetic pathways of catechins 
and caffeine, such as phenylalanine ammonia-lyase, chalcone isomerase, chalcone synthase, dihydroflavonol 
reductase, leucoanthocyanidin reductase, and anthocyanidin reductase in catechins  biosynthesis30,49,50 or tea 
caffeine synthases in caffeine  biosynthesis51,52. This may be because of the insufficient power of the present 
GWAS that was conducted with multiple subpopulations to detect the subpopulation-specific  alleles53,54, which 
may only segregate in some subpopulations.

The present study revealed that GP and GWAS are effective tools for genetic improvement of tea quality-
related metabolites, especially the contents of several catechins and caffeine. These are pioneering results for 
genomics-assisted tea breeding. However, they are limited by the genetic diversity of the present Japanese tea 
population. We believe that this integrated GP and GWAS approach using tea accessions will be further improved 
by the addition of other reference populations and increased sample sizes.
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Methods
Plant materials. Tea accessions were collected from the Tea Research Center, Shizuoka Prefectural Research 
Institute of Agriculture and Forestry, Kikugawa, Shizuoka, Japan. The 150 accessions comprised three subspe-
cies: 83 Japanese var. sinensis, 38 exotic var. sinensis, and 29 Assam hybrids. Detailed additional information on 
the tea accessions used in this study is listed in Supplementary Table S6.

For the metabolite analysis, new shoots at the same developmental stage were harvested from 150 accessions 
grown in the same tea field during the first crop seasons (spring; late April to early May) of 2018 and 2019. The 
tea ridges were managed using conventional methods optimised for Japanese green tea cultivation. Nitrogen 
fertilizer was applied at 400 kg-N  ha−1 year−1. New shoots were defined in this study as the upper three leaves and 
stems at the four-leaf developmental stage. The harvested samples were immediately placed in a cooled container 
(approximately 4 °C) in the field and then frozen (− 30 °C) within 1 h. After being freeze-dried, samples were 
ground into fine powder and stored at room temperature within a desiccator under dark conditions until the 
subsequent measurement of tea quality-related metabolites.

Measurement of tea quality‑related metabolites. The catechins and caffeine levels were measured. 
Briefly, dry ground plant tissues (25 mg) were added to 5 mL 50% acetonitrile and extracted by shaking (130 
strokes per min) for 60  min at room temperature. After centrifugation (2000 × g, 15  min, 4  °C), the super-
natants were individually passed individually through 0.45-µm polytetrafluoroethylene filters (ADVANTEC, 
Tokyo, Japan). The resulting solutions were stored at − 30 °C until they were analysed using high-performance 
liquid chromatography (HPLC). The HPLC system consisted of two LC-10ADvp pumps, a D6U-14A degasser, 
a CTO-20AC column oven, an SPD-M20A prominence photodiode array detector, an SCL-10Avp system con-
troller, and an SIL-10ADvp autosampler (Shimadzu, Tokyo, Japan). The HPLC conditions used were as follows: 
injection volume, 5 μL; column, 75 mm × 4.6 mm × 2.6 μm SunShell C18 column (ChromaNik Technologies 
Inc., Osaka, Japan); column oven temperature, 40 °C; and photodiode array detector, 190 to 400 nm. Eluent 
A (1909:90:1 mL, ultra-pure water:acetonitrile:85% phosphoric acid) and eluent B (999:1000:1 mL, ultra-pure 
water:acetonitrile:85% phosphoric acid) were used as the mobile phases at a flow rate of 1.0 mL min−1. The elu-
tion was performed with the following gradient: initial concentration of 10% B, followed by 2.5-min hold at 10% 
B, 1.5-min linear gradient from 10 to 30% B, 1.0-min hold at 30% B, 2.5-min linear gradient from 30 to 80% 
B, 2.5-min hold at 80% B, 1.0-min gradient from 80 to 10% B, and a final concentration of 10% B for 4.0 min. 
The solution of this mobile phase was eluted for 15 min per sample. The seven catechins [( +)-gallocatechin, 
( +)-catechin, EC, EGC, ( −)-catechin gallate, ECG, and EGCG] and caffeine were quantified, and their total 
value without caffeine was also expressed as total catechins.

The FAA levels were also measured. Briefly, dry ground plant tissues (10 mg) were added to 10 mg 
polyvinylpolypyrrolidone and 5 mL ultra-pure water and extracted by shaking (130 strokes per min) for 60 min 
at room temperature. After centrifugation (2000 × g, 15 min, 4 °C), the supernatants were independently 
passed through 0.45-µm cellulose acetate filters (ADVANTEC, Tokyo, Japan). The resulting solution was stored 
at − 30 °C until analysis by HPLC. Homoserine, as an internal standard, was added to the resulting solution, 
and o-phthalaldehyde derivatives were analysed using the HPLC system, which consisted of the following: two 
LC-10AT pumps, a DGU-20A5R degasser, a CTO-10Avp column oven, an RF-20A prominence fluorescence 
detector, an SCL-10Avp system controller, and an SIL-10AF autosampler (Shimadzu, Tokyo, Japan). The HPLC 
conditions used were as follows: injection volume, 5 μL; column, 75 mm × 4.6 mm × 5 μm Ascentis Express C18 
column (Sigma-Aldrich, St. Louis, MO, USA); column oven temperature, 40 °C; excitation wavelength, 340 nm; 
and emission wavelength, 450 nm. Eluent A (5 mM citrate buffer, pH 6.0, and 5% acetonitrile) and eluent B 
(5 mM citrate buffer, pH 6.0, and 70% acetonitrile) were used as the mobile phases at a flow rate of 1.0 mL min−1. 
The elution was performed using the following gradient: initial concentration of 5% B, followed by 1.6-min linear 
gradient from 5 to 12% B, 5.0-min linear gradient from 12 to 22% B, 1.7-min linear gradient from 22 to 95% B, 
2.2-min hold at 95% B, 0.5-min linear gradient from 95 to 5% B, 1.5-min gradient from 5 to 0% B, and a final 
concentration of 0% B for 1.0 min. The solution of this mobile phase was eluted for 15 min per sample. Nine 
amino acids were quantified (aspartate, asparagine, glutamate, glutamine, serine, arginine, alanine, theanine, 
and γ-aminobutyric acid), and their total value was also expressed as total FAAs.

In addition, Chl a and b were extracted from finely ground powder (5 mg) of freeze-dried leaf samples using 
N,N′-dimethylformamide (5 mL). After incubation for 24 h at 4 °C under dark conditions to allow complete 
decolourisation, the samples were centrifuged at 2000 × g for 30 min, and the absorbance of the supernatant 
was measured at 663.8 and 646.8 nm using a spectrophotometer (UV-1900, Shimadzu, Tokyo, Japan). The Chl 
a and b contents were calculated using the equation of Porra et al. (1989)55, and their total value was expressed 
as the Chl content.

SNP genotyping data. In a previous study, we obtained the sequencing reads for SNP genotyping using 
RAD-seq for a tea population, which included the 150 accessions tested in this  study28. Reads were pre-pro-
cessed using Trimmomatic ver. 0.33 with the following parameters: ‘ILLUMINACLIP TruSeq3-PE-2.fa’, 2:30:10; 
‘LEADING’, 19; ‘TRAILING’,19; ‘SLIDINGWINDOW’,30:20; ‘AVGQUAL’, 20; and ‘MINLEN’, 51. After pre-pro-
cessing, the remaining reads were mapped to the tea reference chromosome-scale genome, which was down-
loaded from the Tea Plant Information  Archive31,56 using Bowtie2 ver. 2.3.5.1, and then, the SNPs were called 
using Stacks ver. 2.557. For subsequent analyses, SNP genotypes were converted to 1 (AA homozygotes), − 1 (BB 
homozygotes), or 0 (AB heterozygotes). The raw SNP data were filtered using VCFtools ver.0.1.16 with the fol-
lowing thresholds: SNP call rate within a locus ≥ 0.7 and MAF ≥ 0.05. The filtered SNP data were imputed using 
the R package  missForest58 ver. 1.4 and used for subsequent genetic analyses. The RAD-seq data have been 
deposited in the DDBJ Sequence Read Archive (Accession number: DRA008166).
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The LD values between pairs of SNPs in the same chromosome were determined from the squared correlation 
coefficients (r2) values within the 50-kb window using VCFtools ver. 0.1.16. Pairwise LDs were plotted against 
physical distances. The LD decay pattern was estimated by fitting a trend line based on a nonlinear LOESS 
regression of r2 on physical distance using the R package ggplot2 ver. 3.3.2. Physical distances between adjacent 
markers ranged from 1.00 to 49.97 kb (mean, 10.75 kb). The genetic structure and admixture of all 150 accessions 
can be found in our previous  study28.

To clarify the genetic structure, we used the Bayesian clustering algorithm, HCA, and PCA. The Bayesian 
clustering analysis was performed using fastSTRU CTU RE ver. 1.059. The components of each subgroup, that is 
ancestral components, determined by this fastSTRU CTU RE analysis were compared with the genetic structure 
information from our previous study (group1, 2, and 3)28. HCA was based on Ward’s  method60 using Euclidean 
distance and was conducted using the R function “hclust”. PCA was performed using the R function prcomp. 
The principal component scores were plotted using R package ggplot2 ver. 3.3.2.

GP models. To evaluate the GP accuracy, we used six regression methods. In phenotype value, the mean val-
ues obtained from 2018 and 2019 were used as values in the subsequent GP modelling and GWAS. The GBLUP 
with RR and GAUSS were performed using the “kinship.BLUP” function of the R package rrBLUP ver. 4.6.161. 
Restricted maximum likelihood was used to estimate variance components. Ridge (alpha = 0), Lasso (alpha = 1), 
and Elastic Net (alpha = 0.5) were performed as linear regression methods using the R package glmnet ver. 4.062. 
Random Forest, a non-linear decision tree-based ensemble learning method, was performed using the R pack-
age randomForest ver. 4.6-1463. Number of trees (ntree) was set to 1000, and default values were used for the 
other parameters.

The r values of the models were estimated using 10 replicates of tenfold CVs. Thus, r was defined as Pearson’s 
correlation coefficient between observed and predicted values. Using tenfold CVs, the entire population was 
divided into 10 equal groups. One group was predicted by regression models based on the other nine groups 
(reference populations). Correlations were calculated until all individuals in all groups received phenotypic 
predictions. Then, a single correlation was calculated between all observed and predicted phenotypes within 
all groups.

Cumulative effect estimation and candidate genes identification using GWAS‑detected 
SNPs. The GWAS was performed using an MLM implemented using the “GWAS” function of the R package 
rrBLUP ver. 4.6.161. In total, 9,523 SNPs were used for the GWAS after selecting SNPs without missing rates ≥ 0.3 
and MAFs < 0.05. The principal components and a kinship matrix were included in the GWAS calculation based 
on the MLM. A PCA was conducted using the R function “prcomp” to estimate the population structure. The 
first six principal components from the plot that explained the total variation among SNPs were selected. The 
kinship matrix was computed using the “A.mat” function of the R package rrBLUP ver. 4.6. To illustrate the 
localisation of associated SNPs by GWAS, we created Manhattan plots from SNPs anchored to 15 chromosomes 
and 1,318 unanchored contigs. The Manhattan plots were illustrated using the “manhattan” in the R package 
qqman ver.0.1.464.

To estimate how effective the SNPs were in explaining the variation and to validate the potential of the 
GWAS-associated SNPs in the GP model, a GP analysis by GBLUP (RR) was performed using the SNPs with 
the lowest p-values (top-ranked) in the GWAS, as described by Nakano et al. (2020) with slight  modifications65. 
The cumulative effects of the linked loci were estimated using 20–300 top-ranked SNPs (at 20 SNPs intervals). 
Randomly selected SNPs throughout the genome were used as a reference. The potential candidate genes that 
were located within a 10-kb region using the LD decay (Fig. 2) of the 80–160 GWAS-detected SNPs per metabolite 
(Fig. 5) were screened based on the gene annotations in the tea reference chromosome-scale genome, which was 
downloaded from the Tea Plant Information  Archive31,56.

Received: 17 July 2020; Accepted: 14 September 2020

References
 1. Drew, L. The growth of tea. Nature 566, S2–S4 (2019).
 2. Zhang, L. et al. Chemistry and biological activities of processed Camellia sinensis teas: A comprehensive review. Compr. Rev. Food 

Sci. Food Saf. 18, 1474–1495 (2019).
 3. Ekborg-ott, K. H., Taylor, A. & Armstrong, D. W. Varietal differences in the total and enantiomeric composition of theanine in 

tea. J. Agric. Food Chem. 45, 353–363 (1997).
 4. Narukawa, M., Morita, K. & Hayashi, Y. L-Theanine elicits an umami taste with inosine 5′-monophosphate. Biosci. Biotechnol. 

Biochem. 72, 3015–3017 (2008).
 5. Lu, K. et al. The acute effects of L-theanine in comparison with alprazolam on anticipatory anxiety in humans. Hum. Psychophar-

macol. 19, 457–465 (2004).
 6. Haskell, C. F., Kennedy, D. O., Milne, A. L., Wesnes, K. A. & Scholey, A. B. The effects of L-theanine, caffeine and their combination 

on cognition and mood. Biol. Psychol. 77, 113–122 (2008).
 7. Yokogoshi, H. et al. Reduction effect of theanine on blood pressure and brain 5-hydroxyindoles in spontaneously hypertensive 

rats. Biosci. Biotechnol. Biochem. 59, 615–618 (1995).
 8. Wang, Z. Y. et al. Inhibition of N-nitrosodiethylamine- and tumorigenesis in A/J mice by green tea and black tea. Cancer Res. 

1943–1947 (1992). https ://doi.org/10.1021/bk-1992-0507.ch022 .
 9. Wang, Z. Y. et al. Antimutagenic activity of green tea polyphenols. Mutation Res./Genetic Toxicol. 223, 273–285 (1989).
 10. Fukai, K., Ishigami, T. & Hara, Y. Antibacterial activity of tea polyphenols against phytopathogenic bacteria. Agric. Biol. Chem. 55, 

1895–1897 (1991).
 11. Bors, W. & Saran, M. Radical scavening by flavonoid antioxidants. Free Radic. Res. Commun. 2, 289–294 (1987).

https://doi.org/10.1021/bk-1992-0507.ch022


9

Vol.:(0123456789)

Scientific Reports |        (2020) 10:17480  | https://doi.org/10.1038/s41598-020-74623-7

www.nature.com/scientificreports/

 12. Hattori, M., Kusumoto, I. T., Namba, T., Ishigami, T. & Hara, Y. Effect of tea polyphenols on glucan synthesis by glucosyltransferase 
from Streptococcus mutans. Chem. Pharm. Bull. 38, 717–720 (1990).

 13. Ohmori, Y. et al. Antiallergic constituents from long tea stem. Chem. Pharm. Bull. 18, 683–686 (1995).
 14. Iso, H., Wakai, K., Fukui, M. & Tamakoshi, A. The relationship between green tea and total caffeine intake and risk for self-reported 

type 2 diabetes among Japanese adults. Ann. Intern. Med. 144, 554–562 (2006).
 15. Chou, T. M. & Benowitz, N. L. Caffeine and coffee: Effect on health and cardiovascular disease. Comp. Biochem. Physiol. C Phar-

macol. Toxicol. Endocrinol.109, 173–189 (1994).
 16. Sengpiel, V., Elind E., Bacelis, J., Nilson, S., Grove, J., Myhre, R., Haugen, M., Meltzer, H., Alexander, J., Jacobsson, B. & Brantsaeter, 

A. Maternal caffeine intake during pregnancy is associated with birth weight but not with gestational length: Results from a large 
prospective observational cohort study. (2013).

 17. Iwata, H., Minamikawa, M. F., Kajiya-Kanegae, H., Ishimori, M. & Hayashi, T. Genomics-assisted breeding in fruit trees. Breed. 
Sci. 66, 100–115 (2016).

 18. Varshney, R. K., Graner, A. & Sorrells, M. E. Genomics-assisted breeding for crop improvement. Trends Plant Sci. 10, 621–630 
(2005).

 19. Jannink, J.-L., Lorenz, A. J. & Iwata, H. Genomic selection in plant breeding: From theory to practice. Brief Funct. Genomics 9, 
166–177 (2010).

 20. Zhao, Y., Mette, M. F., Gowda, M., Longin, C. F. H. & Reif, J. C. Bridging the gap between marker-assisted and genomic selection 
of heading time and plant height in hybrid wheat. Heredity 112, 638–645 (2014).

 21. Poland, J. et al. Genomic selection in wheat breeding using genotyping-by-sequencing. Plant Genome 5, 103–113 (2012).
 22. Kumar, S. et al. Genomic selection for fruit quality traits in apple (Malus × domestica Borkh.). PLoS One7, e36674 (2012).
 23. Biazzi, E. et al. Genome-wide association mapping and genomic selection for Alfalfa (Medicago sativa) forage quality traits. PLoS 

ONE 12, e0169234 (2017).
 24. Gezan, S. A., Osorio, L. F., Verma, S. & Whitaker, V. M. An experimental validation of genomic selection in octoploid strawberry. 

Hortic Res 4, 16070 (2017).
 25. Minamikawa, M. F. et al. Genome-wide association study and genomic prediction in citrus: Potential of genomics-assisted breeding 

for fruit quality traits. Sci. Rep. 7, 4721 (2017).
 26. Minamikawa, M. F., Takada, N., Terakami, S., Saito, T. & Onogi, A. Genome-wide association study and genomic prediction using 

parental and breeding populations of Japanese pear (Pyrus pyrifolia Nakai). Sci. Rep. 1–12 (2018). https ://doi.org/10.1038/s4159 
8-018-30154 -w.

 27. Brachi, B., Morris, G. P. & Borevitz, J. O. Genome-wide association studies in plants: The missing heritability is in the field. Genome 
Biol. 12, 232 (2011).

 28. Yamashita, H. et al. Analyses of single nucleotide polymorphisms identified by ddRAD-seq reveal genetic structure of tea germ-
plasm and Japanese landraces for tea breeding. PLoS ONE 14, e0220981 (2019).

 29. Xia, E.-H. et al. The tea tree genome provides insights into tea flavor and independent evolution of caffeine biosynthesis. Mol. Plant 
10, 866–877 (2017).

 30. Wei, C. et al. Draft genome sequence of Camellia sinensis var. sinensis provides insights into the evolution of the tea genome and 
tea quality. Proc Natl. Acad. Sci.115, E4151–E4158 (2018).

 31. Xia, E. et al. The reference genome of tea plant and resequencing of 81 diverse accessions provide insights into its genome evolution 
and adaptation. Mol. Plant https ://doi.org/10.1016/j.molp.2020.04.010 (2020).

 32. Hanson, L., McMahon, K. A., Johnson, M. A. T. & Bennett, M. D. First nuclear DNA C-values for another 25 angiosperm families. 
Ann. Bot. 88, 851–858 (2001).

 33. Tanaka, J., Taniguchi, F., Hirai, N. & Yamaguchi, S. Estimation of the genome size of tea (Camellia sinensis), Camellia (C. japonica), 
and their interspecific hybrids by flow cytometry. Tea Res. J. 1–7 (2006). https ://doi.org/10.5979/cha.2006.1.

 34. Niu, S. et al. Genetic diversity, linkage disequilibrium, and population structure analysis of the tea plant (Camellia sinensis) from 
an origin center, Guizhou plateau, using genome-wide SNPs developed by genotyping-by-sequencing. BMC Plant Biol. 19, 328 
(2019).

 35. Matsuoka, Y. et al. A single domestication for maize shown by multilocus microsatellite genotyping. Proc. Natl. Acad. Sci. U. S. A. 
99, 6080–6084 (2002).

 36. Przeworski, M. The signature of positive selection at randomly chosen loci. Genetics 160, 1179–1189 (2002).
 37. Gaut, B. S. & Long, A. D. The lowdown on linkage disequilibrium. Plant Cell 15, 1502–1506 (2003).
 38. Campoy, J. A. et al. Genetic diversity, linkage disequilibrium, population structure and construction of a core collection of Prunus 

avium L. landraces and bred cultivars. BMC Plant Biol.16, 49 (2016).
 39. Matsumoto, S., Kiriiwa, Y. & Yamaguchi, S. The Korean tea plant (Camellia sinensis): RFLP analysis of genetic diversity and rela-

tionship to Japanese tea. Breed. Sci. 54, 231–237 (2004).
 40. Tamaki, I. & Kuze, T. Genetic variation and population demography of the landrace population of Camellia sinensis in Kasuga. 

Genet. Resour. Crop Evol. 63, 823–831 (2016).
 41. Calus, M. P. L. & Veerkamp, R. F. Accuracy of breeding values when using and ignoring the polygenic effect in genomic breeding 

value estimation with a marker density of one SNP per cM. J. Anim. Breed. Genet. 124, 362–368 (2007).
 42. Chen, Q., Zhao, J., Guo, Z. & Wang, X. Determination of caffeine content and main catechins contents in green tea (Camellia 

sinensis L.) using taste sensor technique and multivariate calibration. J. Food Compost. Anal.23, 353–358 (2010).
 43. Loke, W. H. Effects of caffeine on mood and memory. Physiol. Behav. 44, 367–372 (1988).
 44. Zhou, Y., Vales, M. I., Wang, A. & Zhang, Z. Systematic bias of correlation coefficient may explain negative accuracy of genomic 

prediction. Brief. Bioinform. 18, 744–753 (2017).
 45. Zhang, Q., Shi, Y., Ma, L., Yi, X. & Ruan, J. Metabolomic analysis using ultra-performance liquid chromatography-quadrupole-time 

of flight mass spectrometry (UPLC-Q-TOF MS) uncovers the effects of light intensity and temperature under shading treatments 
on the metabolites in tea. PLoS One9 (2014).

 46. Sano, T., Horie, H. & Hirono, Y. Effect of shading intensity on morphological and color traits and on chemical components of new 
tea (Camellia sinensis L.) shoots under direct covering cultivation. J. Sci. Food Agric.98, 5666–5676 (2018).

 47. Wada, K., Nakada, N. & Honjo, Y. Difference in chemical compositions of tea leaf under temperature conditions. Tea Res. J. 1981, 
47–58 (1981).

 48. Omae, H. Influences of autumn skiffing level of tea bushes on quality and yield of fresh leaves in the following year. Jpn. J. Crop 
Sci. 75, 51–56 (2006).

 49. Mamati, G. E., Liang, Y. & Lu, J. Expression of basic genes involved in tea polyphenol synthesis in relation to accumulation of 
catechins and total tea polyphenols. J. Sci. Food Agric. 86, 459–464 (2006).

 50. Eungwanichayapant, P. D. & Popluechai, S. Accumulation of catechins in tea in relation to accumulation of mRNA from genes 
involved in catechin biosynthesis. Plant Physiol. Biochem. 47, 94–97 (2009).

 51. Kato, M. et al. Purification and characterization of caffeine synthase from tea leaves. Plant Physiol. 120, 579–586 (1999).
 52. Kato, M., Mizuno, K., Crozier, A., Fujimura, T. & Ashihara, H. Plant biotechnology: Caffeine synthase gene from tea leaves. Nature 

406, 956–957 (2000).
 53. Korte, A. & Farlow, A. The advantages and limitations of trait analysis with GWAS: A review. Plant Methods 9, 29 (2013).

https://doi.org/10.1038/s41598-018-30154-w
https://doi.org/10.1038/s41598-018-30154-w
https://doi.org/10.1016/j.molp.2020.04.010
https://doi.org/10.5979/cha.2006.1


10

Vol:.(1234567890)

Scientific Reports |        (2020) 10:17480  | https://doi.org/10.1038/s41598-020-74623-7

www.nature.com/scientificreports/

 54. Imamura, M. et al. Genome-wide association studies in the Japanese population identify seven novel loci for type 2 diabetes. Nat. 
Commun. 7, 10531 (2016).

 55. Porra, R. J., Thompson, W. A. & Kriedemann, P. E. Determination of accurate extinction coefficients and simultaneous equations 
for assaying chlorophylls a and b extracted with four different solvents: verification of the concentration of chlorophyll standards 
by atomic absorption spectroscopy. Biochim. Biophys. Acta 975, 384–394 (1989).

 56. Xia, E., Li, F., Tong, W., Li, P., Wu, Q., Zhao, H., Ge, R., Li, R., Li, Y., Zhang, Z., Wei, C. & Wan, X. Tea plant information archive: 
A comprehensive genomics and bioinformatics platform for tea plant. Plant Biotechnol. J. 1–16 (2019). https ://doi.org/10.1111/
pbi.13111 .

 57. Catchen, J., Hohenlohe, P. A., Bassham, S., Amores, A. & Cresko, W. A. Stacks: An analysis tool set for population genomics. Mol. 
Ecol. 22, 3124–3140 (2013).

 58. Stekhoven, D. J. & Bühlmann, P. Missforest-non-parametric missing value imputation for mixed-type data. Bioinformatics 28, 
112–118 (2012).

 59. Raj, A., Stephens, M. & Pritchard, J. K. fastSTRU CTU RE: Variational inference of population structure in large SNP data sets. 
Genetics 197, 573–589 (2014).

 60. Ward, J. H. Jr. Hierarchical grouping to optimize an objective function. J. Am. Stat. Assoc. 58, 236–244 (1963).
 61. Endelman, J. B. Ridge regression and other kernels for genomic selection with R package rrBLUP. Plant Genome 4, 250–255 (2011).
 62. Friedman, J., Hastie, T. & Tibshirani, R. Regularization paths for generalized linear models via coordinate descent. J. Stat. Softw. 

33, 1–22 (2010).
 63. Breiman, L. Random forests. Mach. Learn. 45, 5–32 (2001).
 64. Turner, S. D. qqman: An R package for visualizing GWAS results using Q-Q and manhattan plots. BioRxiv: 005165 (2014). https 

://doi.org/10.1101/00516 5.
 65. Nakano, Y. et al. Genome-wide association study and genomic prediction elucidate the distinct genetic architecture of aluminium 

and proton tolerance in Arabidopsis thaliana. Front. Plant Sci. 11, 405 (2020).

Acknowledgements
We thank Dr. Yuki Nakano of Gifu University (present address: National Agriculture and Food Research Organi-
zation) for providing helpful information about GWAS and GP analyses. We thank Ms. Satoko Kondo and Dr. 
Lina Kawaguchi of Ryukoku University for assisting with the RAD-seq analyses. We thank Lesley Benyon, PhD, 
and Mallory Eckstut, PhD, from Edanz Group (https ://en-autho r-servi ces.edanz group .com/ac) for editing a draft 
of this manuscript. This research was supported by the Japan Society for the Promotion of Science Grant-in-Aid 
for Scientific Research, number 20H02886 (T.I. and A.M.) and 20J10182 (H.Y.); the 27th, 28th, and 29th Botani-
cal Research Grants of ICHIMURA Foundation For New Technology (T.I.); and a Sasakawa Scientific Research 
Grant from The Japan Science Society, number 2019-4007 (H.Y.).

Author contributions
H.Y., A.M., and T.I. designed this study. H.K. managed the tea accessions for the experiments. H.Y., T.U., Y.T., 
and T.I. measured the tea quality-related metabolite levels. H.Y. and A.J.N. performed the RAD-seq experiments. 
H.Y. performed the genetic analyses, including the GWAS and GP. H.Y. and T.I. performed most of the data visu-
alisation and writing. H.Y., A.M., and T.I. acquired the funding. All authors read and approved the manuscript.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary information  is available for this paper at https ://doi.org/10.1038/s4159 8-020-74623 -7.

Correspondence and requests for materials should be addressed to T.I.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://creat iveco mmons .org/licen ses/by/4.0/.

© The Author(s) 2020

https://doi.org/10.1111/pbi.13111
https://doi.org/10.1111/pbi.13111
https://doi.org/10.1101/005165
https://doi.org/10.1101/005165
https://en-author-services.edanzgroup.com/ac
https://doi.org/10.1038/s41598-020-74623-7
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

