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Abstract 
The identification of superior genotypes in plant breeding programs is not a quick and simple task and requires 
breeders to become aware of more suitable and efficient tools for evaluating crop performance. Univariate 
analyses are often too narrow for the scope of plant breeding because it lacks consideration of relations between 
variables. Therefore, the objective of this study was to select castor bean hybrids based on principal component 
analysis (PCA). Trials were conducted in 2017 with 31 hybrids in a randomized block design with 4 replications. 
The following variables were used to evaluate crop performance: plant height (PH), insertion height of the primary 
raceme (HPR), number of stem nodes (NN), number of racemes (NR), number of seeds (NS), stem diameter (SD), 
number of fruits (NF), 100-seed weight (S100) and seed oil content (SOC). The first three principal components 
(PCs) explained approximately 75.01 % of all the variability in the dataset. PC 1, 2 and 3 were particularly related 
to productivity (NS, NR, S100 and NF), plant size (SD, HPR and PH) and oil production (SOC), respectively. 
Hybrids 14 and 23 were the most suitable for grain production in commercial scale due to short-height, which 
favors mechanical harvesting. Commercial hybrid 26 showed high SOC, medium grain yield and medium-height. 
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1. Introduction 

Castor bean (Ricinus communis L.) is a tropical plant with high tolerance to drought and high-temperatures. It is 
cultivated in Northeastern Brazil, where it plays an important economic and social role, particularly due to its oil 
production potential (Costa, Beltrão, Silva, Melo Filho, & Silva, 2010). 

Castor oil is obtained by pressing its seeds, which is used in the manufacturing of several products such as soaps, 
lubricants, hydraulic and brake fluids, dyes, and pharmaceuticals (Scholz & Silva, 2008). Oil content varies 
between 48 and 60% and is comprised of 80 to 90% ricinoleic acid, a monounsaturated, 18-carbon fatty acid with 
a hydroxyl functional group on the 12th carbon, which makes it more polar than most fats (Beltrão, Vale, & Silva, 
2008). 

There has been increasing interest in castor oil production due to its market value. As a result, cultivation has 
expanded to different regions in the country creating the need for the development of cultivars more adapted to a 
wide range of environmental condition, which allows farmers to better exploit the crop commercially (Costa et al., 
2006). 

However, the identification of superior genotypes in a breeding program is not a quick and simple task, and 
breeders should be aware of more suitable and efficient methods for evaluating crop performance. Genotype-based 
selection studies are traditionally described through univariate statistical analyses. Nevertheless, such approach 
may compromise interpretations and conclusions by not exploiting the dependence among variables. Moreover, 
selection based on one or a few traits often leads to failure since univariate approach is often too narrow for the 
scope of plant breeding (Fikdalski, Tormena, & Scapim, 2007). Breeding a crop for a particular trait involves a 
complex system of several interacting factors which give rise to several variables which may or not be of interest 
for breeding. 

On the other hand, multivariate analysis allows researchers to obtain more information from a data set by 
considering not only each variable by itself but also the relation among them (Grobe, 2005). According to Beebe, 
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Pell, and Seasholt (1998), multivariate techniques are a key tool in plant breeding programs as it increases 
selection efficiency. Among these techniques, principal components analysis (PCA) aims at reducing the set of 
traits and thus simplifying structurally the data set so that differences between treatments, in principle influenced 
by a larger set of traits, can be evaluated in two- or three-dimensional spaces of easy geometric interpretation (Cruz, 
Regazzi, & Carneiro, 2012). The technique creates orthogonal axes called principal components (PCs), which are 
linear combinations of the original variables (Leite et al., 2016). 

Multivariate techniques have been applied to evaluate the performance of several crops including corn, rice, and 
beans. For instance, Oliveira, Gravina, and Oliveira (2018) applied multivariate analysis techniques (PCA and 
UPGMA) as a tool for selecting bean genotypes with desirable agronomic traits. PCA has also been applied to 
studies involving phenotypic divergence in corn genotypes (Greveniotis, Bouloumpasi, Tsakiris, Sioki, & 
Ipsilandis, 2018), to identify superior accessions of rice when subjected to below-optimum temperatures during the 
initial development phase (Moura et al., 2018), and to identify and group different soybean cultivars (Panero et al., 
2018).  

Despite the importance of such a tool, application of multivariate methods in castor breeding programs are lacking. 
One of the few studies which address the topic was Sartori, Silva, and Zanotto (2018), who investigated the 
efficiency of multivariate methods such as clustering methods (complete link, Euclidian distance and the nearest 
neighbor method) and PCA to select short-height, high-yielding castor bean cultivars. While dendrograms in 
clustering methods yielded contrasting results, PCA allowed to efficiently select genotypes based on all desired 
traits concomitantly. Therefore, the objective of this study was to evaluate PCA as a tool to select castor bean 
hybrids. 

2. Materials and Methods 

2.1 Characterization of the Experimental Area 

The experiment was carried out at Bariri-SP (22°4′28″ S and 48°44′26″ W) at 440 m meter above sea level. 
According to Köppen Climate Classification, trials were conducted in a tropical zone with dry winter (Aw) 
(Alvares, Stape, Sentelhas, Gonçalves, & Sparovek, 2013).  

2.2 Material Studied and Management of the Experiment 

31 hybrids of castor bean were evaluated, 28 were developed by the breeding program from the School of 
Agriculture at São Paulo State University (UNESP), and 3 commercial hybrids were used as controls: Sara (hybrid 
26) and Lyra (hybrid 27 and 28). The evaluation was performed on December 9, 2017 at harvest. 

Two days prior to planting, seeds were treated with were carboxinthiran fungicide (Vitavax-thiran-300 ml 
product/100 kg seed) and thiametoxan insecticide (Cruiser-300 g product/100 kg seed).  

2.3 Experimental Planning and Variables  

The experiment design was a randomized complete block with 4 replicates. Each experimental plot consisted of a 
2.5-meter line, with spacing of 1.0-meter between rows and 0.5-meter between plants, a total of 2.5 m2 of useful 
plot, with no border line between them. Planting was done manually, using three seeds per pit, and then, after 
thinning, one plant was kept in each pit. Fertilization and crop management were carried out according to the 
technical indications for Castor bean cultivation in São Paulo (Savy Filho, 2005). 

After the complete development of the plants, the following parameters were evaluated: 

a) Plant Height (PH): measurement of all plants of the plot, from the soil surface to the apex of the highest racemus, 
in centimeters; 

b) Insertion Height of the Primary Raceme (HPR): measure from the soil surface until the insertion of the primary 
racemes, at the time of maturation of the last racemes, in centimeters; 

c) Number of Stem Nodes (NN): counting the number of nodes from the soil to the region of insertion of the 
primary raceme, of all the plants in the plot; 

d) Number of Racemes (NR): average number of racemes per plot; 

e) Number of Seeds (NS): average number of seeds per plot; 

(f) Stem Diameter (SD): measure the diameter at the middle third of the stem with the aid of a caliper in 
centimeters; 

g) Number of Fruits (NF): average number of fruits per plot; 

(h) 100-Seed Weight (S100): mass of 100 seeds taken at random from the plots; 
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i) Seed Oil Content (SOC): percentage of oil according to Soxhlet methodology (Silva & Queiroz, 2002). 

2.4 Statistical Analyzes 

Data was subjected to principal component analysis (PCA) to reduce the number of variables in the original data 
set to a more significant set of variables, while maintaining maximum information. Since the original variables do 
not have the same unit, the correlation matrix was used as a way of prior standardization of the data (centering on 
the mean and reducing to the unit of standard deviation). If standardization is not, variables having higher 
variances would be emphasized in the first components (Wilks, 2006). 

Eigenvectors, which are coefficients associated positively or negatively with each original variable, were 
compared to identify how much each PC was explained by each variable and to define those that contributed the 
most to the formation of each selected PCs. Scores, which are assumed values of each PC for the studied hybrids, 
are then obtained from the eigenvectors. Finally, such information allows the identification of those hybrids that 
best stood out in relation to each PC.  

In order to graphically represent our results and verify the correlations between the variables, PCA biplots were 
built using eigenvectors and scores data in two-dimensional form (Gabriel, 1971). Variables that have vectors with 
angle smaller than 90° are positively correlated, greater than 90° are negatively correlated, and equal to 0 display 
no correlation (Yan & Fregeau-Reid, 2008). Data analysis was performed using software R 3.5.2.  

3. Results and Discussion 

Mean annual temperature at Bariri was 22.5 °C, while precipitation varied between 1100 and 1700 mm. Beltrão, 
Azevedo, Lima, and Queiroz (2007) reported ideal temperature required by castor bean for growth and 
development varies from 20 to 30 °C with an optimum around 23 °C, while annual precipitation level is between 
650 and 800 mm with an optimum between 700 and 1400 mm. Thus, the experiment was carried out with ideal 
conditions the crop.  

The amount of variance explained by PCs is key to define the number of PCs to be kept. For Rencher (2002), the 
proportion of variance explained by PCs should correspond to at least 70%. In our results, the first three PCs 
explained approximately 75.01% of all the variability in the data set (40.92% explained by PC1, 22.11% by PC2 
and 11.98% by PC3) (Table 1). According to Cruz et al. (2012), such process makes statistical calculations and 
interpretation simpler than other methods.  

 

Table 1. Principal components, eigenvalues, proportion of explained variance and cumulative proportions 

Principal Components Eigenvalues (λ) Proportion  Cumulative Proportion  

PC1 1.9190 0.4092 0.4092 

PC2 1.4107 0.2211 0.6303 

PC3 1.0383 0.1198 0.7501 

PC4 0.9692 0.1044 0.8545 

PC5 0.7334 0.0607 0.9142 

PC6 0.5756 0.0368 0.9510 

PC7 0.5533 0.0341 0.9851 

PC8 0.3331 0.0123 0.9974 

PC9 0.1520 0.0026 1.0000 

  

Other strategy to select PCs is called Kaiser (1958) criterion, which determines that the number of components 
must be equal to the number of eigenvalues (PC variances) with mean greater than or equal to the variances of each 
variable in the original data set. PCA was performed on the correlation matrix with standard variables. This 
criterion considers that PCs with eigenvalues > 1 (λi > 1) are enough to represent the total variability present in the 
original data set. 

By ordering eigenvalues from highest to lowest using the scree plot, it is possible to define the number of PCs that 
should be considered for analysis (λi > 1) through the slope of the curve. This method also indicated that the first 
three PCs are enough to study the original data set (Figure 1). 

Eigenvectors are key to identify variables that contributed most to each component. PC1 displayed greater positive 
associations with the following variables: NS, NR, S100 and NF. For PC2, such positive associations were also 
observed for the following variables: SD, HPR and PH. However, tall-height, thick-stem plants are commercially 
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Table 3. Scores for hybrids in relation to the three principal components (PC1, PC2 and PC3) 

Hybrids 
Principal Components 

PC1 PC2 PC3 

1 -1.5628 1.5698 -0.0999 

2 0.9724 0.1679 -0.2366 

3 0.9953 -0.5492 0.2444 

4 -0.5322 -0.4541 -0.2635 

5 0.8725 -1.5546 -0.1869 

6 -2.8328 -0.9213 0.1218 

7 -1.4180 -1.2245 -0.1246 

8 -0.3910 -0.2140 0.0805 

9 1.4344 0.7384 1.1222 

10 1.3982 0.5639 0.1826 

11 0.5995 2.1935 0.7488 

12 -1.1383 -2.2651 -0.1408 

13 0.1121 1.2808 0.2751 

14 4.7972 -0.4887 0.7811 

15 -2.9734 -1.4110 -0.1589 

16 -0.6820 -1.3314 -0.5598 

17 0.7555 -0.4813 0.0675 

18 1.8385 2.1191 2.3254 

19 -0.7975 1.2632 0.8229 

20 -0.4344 -0.6040 0.4695 

21 -0.2501 -1.0996 1.5946 

22 -2.2975 1.5422 0.6103 

23 3.9006 0.0303 -0.3778 

24 1.7581 0.5268 -1.7058 

25 1.0211 0.3183 0.4261 

26 1.9706 -0.3249 -2.6905 

27 1.2770 1.4260 -2.6675 

28 -2.3590 -0.6839 1.0581 

29 -4.2702 3.9196 -1.3968 

30 -1.2132 -2.5917 -0.5812 

31 -0.5506 -1.4505 0.2397 

 

In our case, hybrids that displayed high positive scores for PC1 were associated with grain yield, while those that 
displayed higher negative scores for PC2 and PC3 were associated with plant size and the oil productivity.  
Therefore, hybrids 14 and 23 could be recommended based on PC1, hybrids 30 and 12 by CP2, and hybrid 24 
and commercial hybrids 26 and 27 by PC3 (Table 3).  

No hybrid displayed superior performance for all three components simultaneously (grain, oil yield and 
short-height). Biplots combines eigenvectors and scores in a two-dimension structure that allows researchers to 
identify hybrids with desired traits as well as the correlation among them (Gabriel, 1971).  

Variables related to grain yield (NS, NR, S100 and NF) and to plant height (SD, HPR and PH) showed a positive 
correlation with each other (α < 90°), and thus breeders could potentially consider these variables as part of two 
groups that represent specific traits. However, correlation coefficients between these groups was very low (α ≈ 
90°) or not significant. Hybrids 14 and 23, were the most suitable ones for cultivation for grains (PC1). In 
addition, these hybrids were more suitable to mechanical harvesting as they displayed shorter height than the 
average (PC2) (Figure 2). 
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Figure 2. Biplot displaying eigenvectors and scores for principal components 1 and principal components 2 

 

Variables related to grain yield showed a weak positive correlation (α ≤ 90 °) with SOC. Similar results were 
found by Souza-Schlick, Soratto, Pasquali, and Fernandes, (2011) while studying castor bean cultivar IAC 2028. 
This explains why hybrids 26, 27 and 24 had a greater oil production (PC3), which is a characteristic of greater 
interest in the commercialization of castor bean seeds. However, these hybrids displayed average performance 
regarding to grain yield (PC1) (Figure 3). 

A negative correlation (α > 90 °) between oil production and variables related to plant height is possibly related 
to excessive growth that not only causeed problems to harvest but also decreased yield since the energy 
expenditure for leaves and stem growth competes with seed and oil production (Severino et al., 2006). Only the 
commercial hybrid 26 was below average (PC2) among the hybrids selected for oil production (PC3), which is 
favorable for mechanical harvest (Figure 4). 

 

 
Figure 3. Biplot displaying eigenvectors and scores for principal components 1 and principal components 3 
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Figure 4. Biplot displaying eigenvectors and scores for principal components 2 and principal components 3 

 
4. Conclusions 
Hybrids 14 and 23 are the most suitable for grain production in commercial scale as they display short-height, 
favoring mechanical harvesting. Commercial hybrid 26 showed high oil production, medium grain yield and 
medium height. 
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