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Abstract
Background: Classi�cation of germplasm collections is of great importance for both the conservation
and utilization of genetic resources. Thus, it is necessary to estimate and classify rice varieties in order to
utilize these germplasms more e�ciently for rice breeding. However, molecular classi�cation of large
germplasm collections can be costly and labor-intensive. Development of an informative panel of a few
markers would allow for rapid and cost-effective assignment of crops to genetic sub-populations.

Results: Here, the minimum number of random SNP for rice classi�cation (MNRSRC) was studied using a
panel of 51 rice varieties belonging to different sub-groups. Through the genetic structure analysis, the
rice panel can be obviously divided into �ve subgroups. The estimation of the MNRSRC was performed
using SNP random sampling method based on genetic diversity and population structure analysis. In the
genetic diversity analysis, statistical analysis of the coe�cient of variation (CV) was performed for
MNRSRC estimation, and we found that CV variation tended to plateau when the number of SNP was
around 200, which was veri�ed by the both cross-validation error of K value and correlation analysis of
genetic distance. When the number of SNPs was greater than 200, the distribution of cross-validation
error value tended to be similar, and correlation coe�cients, almost greater than 0.95, exhibited small
range of variation. In addition, we found that MNRSRC might not be affected by the number of varieties
and the type of varieties.

Conclusion: The estimation of the MNRSRC was performed using SNP random sampling method based
on genetic diversity and population structure analysis. The results demonstrated that at least about 200
random �ltered SNP loci were required for classi�cation in a rice panel. In addition, we also found that
MNRSRC might not be affected by the number of varieties and the type of varieties. The study on
MNRSRC in this study can provide a reference and theoretical basis for classi�cation of different types of
rice panels.

Introduction
Rice is a major crop in the world and feeds more than half of the world’s population (Khush, 1997). Large
germplasm collections provide abundant genetic resources for modern breeding program. Since the
1950s, yield and total production have increased signi�cantly due to the release and utilization of new
varieties, such as dwarf germplasm and male-sterile resources. And a few breeding lines have played a
particularly key role in the improvement of rice varieties and are designed as cornerstone breeding
parents. So far, under both natural and arti�cial selection, more than 120,000 distinct rice varieties have
been recognized worldwide, which exhibits high levels of morphological and genetic diversity (Sang and
Ge, 2007; Vaughan et al., 2008). Faced with such a great number of rice varieties, taxonomic
classi�cation of germplasm collections is of great importance for both the conservation and potential
utilization of genetic resources collected in genebanks. (Wang et al. 2014). And clustering analysis of
crop varieties or inbred lines is an essential method for studying genetic relationships of crop
germplasms.
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There is no doubt that indica and japonica are the two sub-species in Asian cultivated rice (Izawa 2008;
Vaughan et al. 2008). However, the sub-group division of the sub-species is different according to many
distinct investigations. Phenotypic markers, biochemical markers and heterosis indices were previously
applied to germplasm cluster analysis. In a landmark study using 15 polymorphic enzyme loci on 1688
landraces, Glaszmann (1987) identi�ed six varietal groups (I to VI), with two of the largest groups (groups
I and IV) corresponding to typical Indica and Japonica varieties (subspecies) (Khush, 1997). By screening
a sample of 234 rice accessions using 169 nuclear simple sequence repeats (SSRs) and two chloroplast
loci, Garris et al. (2005) detected �ve distinct groups and referred to them as indica, aus, aromatic,
temperate japonica and tropical japonica, which was subsequently supported by analyses of genome-
wide single-nucleotide polymorphism (SNP) data (Caicedo et al., 2007; Zhao et al., 2010; Huang et al.,
2012). Therefore, it is indicated that different number and types of markers and diverse rice accession
panels contribute to these variable classi�cation results.

However, molecular classi�cation of large germplasm collections can be costly and labor-intensive.
Development of an informative panel of a few markers would allow for rapid and cost-effective
assignment of crops to genetic sub-populations and would facilitate breeding efforts to utilize allelic
diversity within a sub-species without concern for cross incompatibility. Yuan et al. (2015) analyzed
genetic variation of 69 rice varieties by using 120 SSR makers and found that the minimum of SSR
markers for analyzing genetic diversity and population structure of rice was 72 and 60, respectively.
Correlation analysis and t test were performed as major method to determine the minimum number of
SSR markers. Agrama et al. (2012) selected 14 SSR markers with high discriminatory which was effective
in assigning germplasm accessions to any �ve sub-populations. The study of minimum of markers
always applied to the determination of essential derived variety (EDV) in maize. Kahler et al. (2010)
reported the selection and evaluation of a panel of 285 SSR loci to help determine essential derivation in
maize in the United States. A similar study conducted by the French Maize Breeders Association resulted
in the publication of a set of 163 SSRs that were recommended for use to help determine essential
derived variety status in maize germplasm in France (Andreau et al., 2003; Heckenberger et al., 2003;
Kahler et al., 2010). In wheat, You et al. (2003) suggested that 73 loci with good polymorphism were
needed to re�ect genetic relationships among common wheat varieties from the 10 wheat growing
regions of China with more than 90% certainty.

With the development of high-throughput sequencing technologies and bioinformatics, single nucleotide
polymorphism (SNP) marker was rapidly used in population structure and genetic diversity instead of
SSR (Rousselle et al., 2015; Xu et al., 2016). In addition, Although SNP exhibits lower polymorphism than
SSR, due to its huge number, low cost and widely distribution on the whole genome, more and more
researchers prefer to use SNP as the molecular marker recently (Lin et al. 2020; Yang et al. 2020). In this
study, 51 rice varieties belonging to different sub-groups were sequenced. Based on genetic diversity and
population structure analysis, minimum number of random SNP marker for rice classi�cation (MNRSRC)
was determined in order to make the molecular classi�cation for large number of rice germplasm more
e�cient.
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Results
Genetic structure and subdivision of rice panel

A rice panel consisted of 51 varieties were used in order to analyze the population structure (Additional
�le 1: Table S1). A model-based manner was used to estimate the genetic component of each variety. The
K value was increased from 1 to 9 for cross-validation, and the standard error of the cross-validation
estimate for each K was obtained. And we found that when K=5, the cross-validation error displayed the
lowest value, suggesting K = 5 is a sensible modeling choice (Figure 1a). Thus, these varieties can be
divided into �ve subgroups. According to the Q matrix, two major subgroups corresponding to two rice
subspecies (indica and japonica) are apparent at K = 2, whereas �ve well-clustered subgroups was
displayed at K = 5, which was consistent with the original information of every variety (Additional �le 1:
Table S1). It was found that 3 and 2 subgroups were under japonica and indica, respectively, that is,
temperate japonica, tropical japonica, aromatic, aus, and indica (Figure 1b).

Similarly, the principle components analysis (PCA) and neighbor-join (NJ) tree also presented the same
results. In the PCA, PC1 and PC2 totally explained more than 43% genetic variation, suggesting a strong
genetic structure of our rice panel. The �rst two eigenvectors clearly separate the population into �ve
subgroups. The PC2 and PC3 also provide the same result (Figure 1c). Additionally, a phylogenetic tree
was constructed based on genetic distance with clearly �ve clusters. Totally, all these results indicated
that our rice panel can be obviously divided into �ve subgroups (Figure 1d).

Estimation of the minimum SNP number by genetic diversity

We divided the population into �ve subgroups by using huge number of SNPs. However, what is the
minimum number of SNP makers required for rice classi�cation? Here, we used the different number of
random SNP markers to study. After �ltering, a SNP marker set containing about 119,568 SNPs was
obtained to classi�cation, and it was named as “original SNP-set”. We calculated π value of every SNP
loci, which can re�ect the genetic diversity of the rice panel. The average of π value is 0.3 in original SNP-
set. A series of different numbers of SNP sets from 20 to 1000 were selected from original SNP-set to
estimate the appropriate number of SNPs with 1000-time repetition, and the average π value of all SNP
subsets were calculated. The π values of each SNP number �uctuated around 0.3 (Figure 2a). Moreover,
with the increase of SNP number, the variation of π value became smaller. Coe�cient of variation (CV) of
each SNP number analysis revealed that CV value was sharply decreased when the SNP number was less
than 200, and slowly decreased when SNP number was greater than 200 (Figure 2b). Furthermore, we
used the statistical analysis to verify the in�ection point of the CV value. We compared every �ve
continuous SNP numbers with next second �ve continuous SNP numbers, and found that before about
200 SNPs, there was a signi�cant difference between them (p<0.05) (Figure 2c). Therefore, we considered
that 200 SNPs was the MNRSRC.

Estimation of the minimum SNP number by population structure
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We can divide the rice panel into several subgroups referring to the lowest cross-validation error value. We
estimated the standard error of the cross-validation of increased K value from 1 to 9 based on 50, 100,
150, 200, 250, 300, 350, 400, and 450 random SNP subsets selected from the original SNP-set with 100
repeats (Figure 3). When the SNP number was 50, it showed that the values were completely scattered.
But with the increase of SNP number, the cross-validation error of every K became more and more
concentrated. When the SNP number reached 200, the values’ distribution became similar (Figure 3).
Therefore, to get the accurate classi�cation, the best MNRSRC should be greater than 200.

Estimation of minimum SNP number by correlation analysis

Genetic distance re�ected the relationship between two varieties, which played the key role in rice
classi�cation. The correlation coe�cients between genetic distance matrices based on original SNP-set
and different number of random SNP subsets were calculated (Figure 4). The results suggested that the
correlation coe�cients between SNP original SNP-set and low number of random SNP subset showed
large range of variation. When the number was larger than 200, the correlation coe�cients exhibited
small range of variation, and almost all values were larger than 0.95 (Figure 4). Thus, using the subset
with more than 200 SNPs can acquire the similar genetic relationship to that obtained by using original
SNP-set among the rice panel.

Minimum SNP number required for different types of rice panel

First, to study the effect of variety number on the minimum SNP number, a series of variety sets which
consisted of 10, 20, 30, and 40 varieties were used (Table 1). In order to eliminate the in�uence of variety
type, each variety set contained an equal number of the �ve variety types. The results showed that with
the increase of the variety number, the minimum number of SNP didn’t change much and remained about
200. However, the number of �ltered SNP was positive correlated with the number of varieties. Therefore,
variety number had no effect on the minimum number evaluation of SNP. Then, we also wondered
whether the variety type affected the MNSRC. A total of 15 different rice panels including two, three, and
four types of variety combinations were used for calculating the MNSRC (Table 2). Interestingly, all sets
presented a similar result that the MNSRC ranged from 180 to 210. Therefore, MNRSRC might not be
affected by the number of varieties and the types of varieties.

Discussion
Rice classi�cation lays the foundation for future utilization of rice germplasm. Many previous studies
have shown that Asian rice can be divided into �ve types (Garris et al. 2005; Zhao et al. 2018). Although it
was also said that Asian rice can be divided into six types including temperate japonica, tropical japonica,
aromatic, rayada, aus, and indica (Wang et al. 2014). In our study, we have not enough number of rayada
rice, and thus only other �ve type of rice were selected. Due to the small number of rayada, the �ve types
of rice varieties in our study also represented most Asian rice variety types.
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Coe�cient of variation (CV) can re�ect the degree of data dispersion. In general, the greater CV is, the
greater data dispersion degree will be. Otherwise, the data dispersion degree will be smaller. However, CV
is not only in�uenced by the degree of data dispersion, but also by the average level of data values.
Therefore, it is di�cult to judge whether the data has reached a plateau according to the value of CV. In
our study, as the number of SNPs increases, CV value will not remain stable, but become smaller and
smaller. Many previous studies have demonstrated that reaching a plateau just depends on their own
judgement through the curve graphs (Wang et al. 2003; Yuan et al. 2015; Zhang et al. 2015). In this study,
there are two aspects different from the previous studies in obtaining the minimum number. Firstly, the
huge volume of data was used here. Random SNPs were selected 1,000 repetitions for every number of
SNPs from 20 to 1,000, which can be better to re�ect the true results. Statistical analysis was used to
identify whether the SNP number had reached a plateau. It was judged that the plateau period was
reached when the CV values of any 5 SNP numbers were not signi�cantly different from the CV values of
the next second 5 SNP numbers. So, it made our results more convincing. Secondly, we used three
methods to obtain the minimum SNP number, including CV analysis of genetic diversity parameter,
population structure and correlation analysis of genetic distance, all of which were also used to verify the
result of minimum SNP number. Similarly, different SNP number with lots of repetitions was selected in
our study. According to the previous research, when the correlation coe�cient of genetic distance matrix
is greater than 0.9, it always implied that the genetic distance matrix is very consistent with the original
one (Mantel 1967). In our study, when the SNP number reached 200, most of the repetitions’ correlation
coe�cient was greater than 0.95. Furthermore, rice classi�cation can be directly affected by population
structure which is an important index for MNRSRC study.

The minimum SNP number used here is the random SNP. If the special SNPs were selected, fewer SNPs
might be required. However, the fewer special SNP set has a de�ciency that it can only be applied to
speci�c or similar populations, but not to other different populations. In our study, we chose different
number varieties to study and found that MNRSRC could not be in�uenced by variety number. Similarly,
MNRSRC might not be affected by the type of varieties, either. According to the previous study, the genetic
variation between temperate japonica and indica was larger than that between temperate japonica and
tropical japonica. But, regardless of the number of subgroups and what subgroups were included in the
population, the MNRSRC was about 200. It suggested that MNRSRC might not be affected by different
genetic variation in the population. Maybe, it required a greater number of varieties for validation. The
study on MNRSRC can provide reference and theoretical basis for the classi�cation of different rice
panels.

MNRSRC in our study was selected from the �ltered SNP set, therefore, different population had different
SNP original SNP-set. Due to the study of random markers, the minimum number is always larger than
the number of special markers. Agrama et al. (2012) used a computer program WHICHLOCI to select the
best combination SNP loci for population classi�cation in rice, and suggested that only four SSR
markers, including RM551, RM11, RM224, and RM44, could classify rice varieties to �ve subgroups with
99.4% accuracy. Nevertheless, because of the high workload and high cost, the classi�cation with only 72
SSR markers were used as the accurate results. In fact, the 72 SSR markers may not represent the true
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genetic relationship among the rice collections. In our study, about 100,000 �ltered SNP loci were used as
the genetic information of rice varieties, which ensured the accurateness in rice classi�cation. It is
common that SNP number is greater than SSR number, because SNPs are widely distributed in the
genome, and SSR has higher polymorphism. An SSR marker may have more than ten alleles, while a SNP
marker only have two alleles, which makes computer language-assisted research very convenient.

Additionally, in other crops, there are also some studies for minimum number of markers. In wheat, it was
said that 73 loci with good polymorphism were needed to re�ect genetic relationships among accessions
with more than 90% certainty (You et al. 2004). Furthermore, correlation coe�cients among random
samples of alleles suggested that 350 to 400 alleles were needed to detect genetic relationships among
common wheat varieties (Zhang et al. 2002).In soybean, at least 570 alleles (about 50 SSR loci) were
required to re�ect the genetic relationships of Chinese soybean cultivars. In maize, Wu et al. (2010) use
112 SSR primers and 97 maize inbred lines to determine the number of SSR alleles, and the regression
equation to determine the number of SSR alleles was obtained. Nelson et al. (2011) evaluate the number
of SNP required to measure genetic distance in maize and found that SNP markers were only two to three
times as many as SSR markers, where the special SNP markers were selected. Among these previous
studies of minimum number, the original numbers of markers were relatively small, and the markers were
not random, so their applicability is limited. Moreover, correlation analysis was the main method to
determine the minimum number of markers, which might affect the practicability and accuracy of
selected marker. Therefore, the method in this study is more reasonable and the results is more accurate
and applicable.

Conclusion
The estimation of the MNRSRC was performed using SNP random sampling method based on genetic
diversity and population structure analysis. The results demonstrated that at least about 200 random
�ltered SNP loci were required for classi�cation in a rice panel. In addition, we also found that MNRSRC
might not be affected by the number of varieties and the type of varieties. The study on MNRSRC in this
study can provide a reference and theoretical basis for classi�cation of different types of rice panels.

Materials And Methods
Plant materials

A total of 51 Asian cultivated rice varieties were obtained from the National Mid-term Rice Genebank at
the China National Rice Research Institute. Most of them were previously reported by Wang et al. (2014).
Of them, 21 were labelled as Indica and 30 as Japonica. According to the previous report, these varieties
included 11 indica, 10 aus, 11 aromatic, 8 tropical japonica and 11 temperate japonica.

Sequencing and genotyping
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Total genomic DNA was extracted for next-generation sequencing. Dried rice seeds were soaked in water
for about 2 days and allowed to germinate. Rice shoot were sampled and grinded into powder in liquid
nitrogen. About 0.2 g powder was used for DNA extract using DNeasy Plant Mini Kit (Qiagen). DNA
extracts were quanti�ed by �uorescence using Qubit 4.0 (Invitrogen, USA) and integrity of DNA was
checked by 1.5% agarose gel electrophoresis. The DNA was �nally dissolved in sterile distilled water and
stored at -20ºC for further DNA sequencing library construction. The sequencing library was quali�ed by
Agilent 2100 high sensitivity DNA reagents. The genomic DNA was sequenced using next-generation
sequencing technology on the Illumina platform for about 20 × coverage of rice genome and generating
150-bp paired-end reads. All paired-end reads were aligned and mapped using BWA software against the
reference the reference genome sequence (Os-Nipponbare-Reference-IRGSP-1.0) (Li and Durbin 2009).
SNP calling were conducted using the GATK pipeline as previously described (McKenna et al. 2010).

Filtering process for the SNP calling and analysis

Before the analysis of sequencing data, �ltering process should be accomplished to guarantee accuracy.
There are some aspects of �ltering criteria are as follow: �ltering out of low-quality variants; Select the
common variants from the results between samtools and GATK pipeline to improve the accuracy; �ltering
out of the SNPs for which all varieties present one allele or more than two alleles; selecting variants when
the sequencing depth > 10; �ltering out of the SNPs for which the missing data ratio > 10%; selecting the
SNPs for which the frequency of minor allele (MAF) >0.05; �ltering out of the redundant SNPs by the
threshold of linkage disequilibrium coe�cient r2>0.1; SNP number analysis was then applied to reveal the
MNRSRC.

Genetic diversity and population structure

Genetic diversity indices including nucleotide diversity (π) were calculated by using vcftools using the
parameter of “site-pi” (http://vcftools.sourceforge.net/). EIGENSOFT was used to conduct a principal
component analysis (PCA) to estimate the number of subpopulations (Patterson et al. 2006).
ADMIXTURE software was used to calculate the genetic component for each variety (Alexander et al.
2009) A phylogenetic tree was constructed using FastTree based on the SNP information of 51 rice
varieties (Price et al. 2009), and visualized using the online tool iTOL (https://itol.embl.de/) (Letunic et al.
2016).

Determination of minimum number of random SNP

The �ltered SNP panel was used to analyze the genetic diversity, population structure, and the results
were de�ned as the actual value. Then different number of SNPs was selected from the �ltered SNP
panel to form diverse subsets, and each number of SNP subset was randomly selected 100-1000 times.
Through the analysis of genetic diversity and population structure by using SNP subsets, the random
value can be obtained. The MNRSRC can be determined by analyzing the difference between the actual
values and the random values of different numbers of SNP subsets. Statistical analysis including t-test



Page 10/18

and one-way analysis of variance was performed on Microsoft O�ce Excel 2010 and SAS 9.2 (SAS, Inc.,
Cary, North Carolina, USA), respectively.

Abbreviations
SNP: single nucleotide polymorphism; MNRSRC: minimum number of random SNP for rice classi�cation;
SSR: simple sequence repeats; PCA: principle components analysis; CV: coe�cient of variation.
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Tables
Table 1 MNRSRC required for different number of varieties in rice panel

NO. of varieties NO. of �ltered SNP MNRSRC F-test P-value

mean±SD min max

10 96173 190.00±1.95 170 210 1.1157 0.3647

20 110806 186.25±10.60 170 200

30 116547 196.25±10.60 180 210

40 118821 190.00±7.56 180 200

51 119568 187.50±10.35 170 200

Note: F-test was performed using one-way analysis of variance statistical method; the MNRSRC were
obtained from different number of varieties with 8 repetitions.

 

Table 2 MNRSRC required for different variety types in rice panel
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rice panel NO. of �ltered SNP MNRSRC F-test P-value

mean±SD min max

tej-trj 77641 190.00±13.09 170 210 0.8080 0.6588

tej-aro 83896 193.75±10.60 180 210

tej-aus 95069 183.75±11.88 170 200

tej-ind 102794 186.25±16.85 170 210

aus-ind 88320 181.25±12.46 170 200

tej-trj-aro 100188 183.75±9.16 170 190

tej-aro-aus 101455 187.50±13.89 170 210

tej-aus-ind 109405 188.75±16.42 170 210

trj-aro-aus 104757 188.75±14.58 170 210

trj-aro-ind 110540 183.75±14.08 180 210

tej-aro-aus-ind 111630 192.50±14.88 170 210

tej-trj-aro-aus 111672 181.25±11.26 170 200

trj-aro-aus-ind 113866 192.50±10.35 180 210

tej-trj-aus-ind 118632 182.50±8.86 170 190

tej-trj-aro-ind 116922 187.50±13.89 170 210

Note: F-test was performed using one-way analysis of variance statistical method; tej: temperate
japonica; trj: tropical japonica; aro: aromatic; aus: aus; ind: indica; the MNRSRC were obtained from
different type of rice panels with 8 repetitions. The name of rice panel represents the classi�cation of the
rice panel. “tej-trj” represents the rice panel can be divided into temperate japonica and tropical japonica
subgroups.

Figures
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Figure 1

Population structure of 51 rice varieties. (a) the cross-validation error estimation of every K value; (b)
Model-based population assignment of the rice panel; (c) Principal component analysis; (d) phylogenetic
tree based on genetic distance.
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Figure 2

Estimation of MNRSRC by genetic diversity. (a) scatter diagram of average of π value of different number
of SNP with 1000 repetitions. (b) coe�cient of variation estimation of different SNP number; (c)
statistical analysis for determining the MNRSRC. P value was calculated from the t-test of every �ve
continuous SNP numbers with next second �ve continuous SNP numbers. Red line indicates the
threshold of p value (p = 0.05), blue point indicates -log10(p) value, and red square indicates the average -
log10(p) value of each ten SNP numbers.
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Figure 3

Cross-validation error analysis for different number of SNP. Standard error of the cross-validation of
increased K value from 1 to 9 were estimated based on 50, 100, 150, 200, 250, 300, 350, 400, and 450
random SNP subsets selected from the original SNP-set with 100 repeats.
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Figure 4

Correlation coe�cients between genetic distance matrices based on original SNP-set and different
number of random SNP subset. The SNP subset was selected from 20 to 1000 SNP number with the
interval of 10 SNP number, and every SNP subset selected 100 repetitions.
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