
 

 

 
Original Research Article 

 
Potential of grain physical traits to the study of 

variability in maize 
 
 
.
ABSTRACT 
 
Aims: The identification of new traits that can be used as phenotypic markers as well as 
potential indirect selection tools is interesting for plant breeding. The objective of the study 
was to investigate the potential use of physical traits of grains to study phenotypic variability 
in maize.  
Methodology: Ten maize varieties were evaluated, one commercial variety and nine local 
open-pollinated varieties. After harvesting, the following traits were evaluated: mass of 1000 
grains, weight of ears, grain yield per hectare, estimated from plot production; real volume 
and apparent volume; real density and apparent density; sphericity and volumetric weight; 
obtained in samples of 50 grains of each of the studied varieties. A principal component 
analysis was performed on the data. First, those traits that showed a strong correlation with 
components capable of explaining a smaller portion of the total variation were excluded from 
the analysis. A new principal component analysis was performed with the remaining traits. 
Results: The result revealed the possibility of excluding five of the ten analyzed variables: 
mass of 1000 grains, weight of ears, apparent volume, real density, and volumetric 
weight.Some possibilities of trait exclusion can be explained by correlation and method of 
estimate among them. The genotypes G2 and G3 showed great difference, mainly due the 
grain yield. The porosity and real volume contributed to the majority variation among 
genotypes. 
Conclusion: Some physical grain traits showed potential for use in divergence studies. 
Apparent density can be used in indirect selection strategies for higher grain yield. 
 
Keywords: maize breeding; phenotypic markers; indirect selection; principal component 
analysis. 
 
 
1. INTRODUCTION 
 
World grain production surpassed 1.5 billion tons in 2020 [1]. The constant population 
growth generates an increase in the demand for food, a factor that, added to climate change, 
has pointed to imminent risks to food security [2]. The need to adapt plants to grow in 
adverse conditions puts pressure on countries to invest in technologies to increase 
productivity [3]. 
 
In this scenario, plant breeding has contributed to increased productivity by developing 
plants that are more adapted to extreme climatic conditions, more efficient in the use of 
nutrients, and more resistant to diseases [4][5]. The development of new cultivars begins 
with the characterization of the germplasm to understand the potential use of each 
accession, as well as the genetic variation available for use in breeding programs [6]. 



 

 

 
For a precise characterization of the available accessions, the main challenge for plant 
breeders is to identify the genetic value of each plant and thus understand how much of the 
observed variations are due to genetic causes and how much of this variation is the result of 
environmental effects [7]. To more accurately access a greater volume of genetic 
information, breeders have used tools ranging from phenotype evaluation to the use of 
predictions based on molecular information and the estimation of epigenetic effects [8][9]. 
 
Despite the existence of increasingly sophisticated tools, plant breeders in countries with low 
investment in research have limitations in acquiring or maintaining equipment capable of 
generating genomic information. Still, even the use of more modern biotechnological tools in 
plant breeding requires accurate and abundant phenotypic evaluations to enhance their 
efficiency [8][10]. 
 
Thus, the identification of traits that can be used as phenotypic markers capable of 
accessing the variability of a larger set of genes is important to enhance studies of genetic 
divergence between accessions in different crops [11][12][13]. In addition to contributing to a 
better understanding of genetic variation between individuals, some secondary traits can 
also help genetic gains in traits of interest through indirect selection [14][15]. The objective of 
this study was to investigate the potential use of physical traits of grains to study phenotypic 
variability in maize varieties. 
 
 
2. MATERIAL AND METHODS 
 
We evaluated 10 maize varieties, one of which is a commercial cultivar and nine are open-
pollinated varieties grown by local farmers in the southern region of Espírito Santo, Brazil. 
For grain production, a field experiment was installed in Jerônimo Monteiro, Espírito Santo 
province (20º49'48” S and 41º23'10” W) during the 2019-2020 harvest (September to 
January).  
 
The experiment was conducted in randomized blocks with four replications. The 
experimental unit consisted of three rows 5 m in length with 20 plants by row. The spacing 
used was 0.25 m between plants and 0.80 m between rows. The plants received irrigation 
for 1 hour a day on alternate days. For fertilization, 80 kg ha1 of phosphorus and 150 kg ha-1 
of nitrogen was applied. Nitrogen fertilization was divided into two applications 30 and 45 
days after planting, respectively. 
 
After 110 days after sowing, all ears of the plots were harvested and threshed. The 
agronomic traits related to production were also evaluated: mass of 1000 healthy grains 
(W1000) with 13% moisture; ear weight (EW) in grams (g), and; grain yield estimated for 1 
hectare (Yield) in kilograms (kg). The inclusion of these traits in this study aimed to infer their 
correlations with the physical traits of grains to ensure that these new traits are capable of 
generating new information. In other words, conventional production traits were used as a 
test to verify the potential of physical traits to explain variance among the genotypes. 

From the measurements of 50 grains of each variety, the following were obtained: the 
apparent volume (A-vol) and real volume (R-vol) of the grains (mm³); apparent density (A-
density) and real density (R-density) of grains (kg m-3); porosity (%) of samples (Porosity); 
the volumetric weight (VW) obtained from the surface by volume ratio and; the sphericity 
(Sph) of the grains (%). To obtain these traits, firstly were measured the length (L), the 
maximum diameter (Dmax) and the minimum diameter (Dmin) of the grains. The mass of 50 



 

 

grains at 13% of moisture was measured in a balance with precision of 0.0001 grams. Then, 
the samples were dried in a forced ventilation oven at 60°C until reaching constant mass. 
 
The A-vol was obtained from grains at 13% of moisture, after harvest, and estimate by 
differences from deposition of sample in a graduated cylinder with 0.1 mL of precision.To 
obtain the R-vol, the samples dried were added in the graduated cylinder now with the 
vegetal oil at 100mL. So, the sample of grains was added and, the new volume was 
observed. 
 
The A-density of isamples was estimate by: 
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Where M(13%) is the mass of the samplei after harvest at 13% of moisture; and N is the 
number of grains in the “i” sample. 
 
The R-density of isamples was estimate by: 
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Where M is the mass of samplei after dry at constant mass; and N is the number of grains in 
the “i” sample. 
 
The porosity of samples was obtained by relation among A-Vol and R-Vol not in grain unit 
but in the sample: 
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To obtain the sphericity of the grains we use the means of sphericity of the grains estimate 
by equation suggested by [29]: 
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In the statistical proceeds, the principal component analysis was conducted for the ten 
characteristics evaluated[16]. From the eigenvalues of the components, the number of 
components that presented variance less than 0.7 were identified. Thus, the number of 
characteristics subject to deletion was defined as the number of components with a variance 
less than 0.7 (eigenvalues).The Pearson’s correlation among traits and components were 
performed.The choice of variables to be excluded was defined based on the correlation 
values between variables and components. Those traits that showed stronger correlations 
with the less representative components (variance < 0.7) were excluded. This procedure 
ensures that traits that explain little of the total variance are removed from the analysis [17]. 
 
So, from the Yield, Porosity, Sph, A-Density and R-vol data, the standard means were used 
to proceed a new PCA - principal component analysis. The data was standard from 
mean/standard deviation of each trait. The total variance explained by each component were 



 

 

obtained by length of each component (ʎ) and the eight values (%) were plotted in a barplot. 
The PCA analysis was performed in the R software on the functions of ‘factoextra’ package 
[18] and biplots were performed on the functions of the ‘ggplo2’ [19]. 
3. RESULTS AND DISCUSSION 
 
The physical grain and yield characteristics of nine open-pollinated maize varieties and one 
commercial cultivar were evaluated for potential use in genetic divergence studies. The 
results reveal that of the ten components generated, the first five components, jointly, 
explained 94.36% of the total variation (Figure 1). 
 

 
 
Figure 1. Total variance explained by each principal component for yield traits and 
physical aspects of maize grains. 
 
 
Components 6, 7, 8, 9, and 10 accumulated variances of less than 0.7 which indicated that 
the contribution of these components to explain the variability between genotypes is very 
low. This value is defined by [20] whom he showed that this criterion guarantees a 
satisfactory result with the exclusion of highly correlated variables.This result also indicated 
that of the ten response variables evaluated, five can be discarded for variability studies 
among varieties.  
 
The correlation of the variables with each component showed that the apparent volume (A-
vol) and the volumetric weight of the grains (VW) presented the highest correlations with 
components 10 and 9, respectively (Table 1). These components together explained less 
than 0.2% of the variance between varieties. 
 



 

 

Table 1. Correlation of agronomic and physical traits of grains and yield with the 
principal components generated from the evaluation of ten different maize varieties. 

Traits PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 
EW 5* -0.17 -0.07 0.682 -0.26 -0.26 -0.60 -0.04 0.02 -0.01 -0.01 
Yield -0.22 -0.02 0.55 -0.10 0.66 0.44 0.06 -0.02 -0.01 0.00 
A-vol 1 -0.39 0.33 -0.16 0.08 0.14 -0.22 0.35 0.17 -0.35 0.60 
R-vol -0.39 0.30 -0.12 0.23 0.14 -0.25 0.33 -0.37 0.25 -0.55 
W1000 4 0.01 0.62 0.01 0.10 0.19 -0.14 -0.69 0.24 0.10 -0.04 
A-density 0.43 0.24 0.14 0.02 0.04 -0.04 0.51 0.58 0.35 -0.09 
R-density 3 0.42 0.30 0.10 -0.11 0.04 -0.04 0.08 -0.64 0.30 0.44 
Porosity 0.12 -0.25 0.25 0.90 0.04 -0.13 -0.07 -0.03 0.03 0.16 
VW 2 0.43 0.24 0.14 0.05 0.06 -0.05 0.12 -0.16 -0.76 -0.32 
Sph 0.22 -0.37 -0.29 -0.16 0.64 -0.54 -0.06 0.03 0.02 -0.01 
*Numbers indicate the order of exclusion of variables due to their correlation with components that are 
not very explanatory (in bold). 
 
Also, the traits real grain density (R-density), thousand-grain weight (W1000), and ear weight 
(EW) showed higher correlations with components 8, 7, and 6, respectively. Due to the 
greater correlation of these traits with components that do not effectively contribute to the 
distinction of genotypes, they were excluded from the analysis and considered inefficient for 
the study of variability between accessions.  
 
The exclusion of the EW and W1000 variables was expected since these characteristics 
tend to have a high correlation with yield[21]. This correlation is because productivity 
represents an estimate calculated from the weight of grains. The yield of greater correlation 
with the first components is since features with greater variation are the most correlated with 
the first components, which explains most of the variation. The greater yield variation 
between EW and W1000 occurs because the yield is the value of the plot's grain weight 
extrapolated to one hectare, which further increases the deviations and differences between 
treatments [22]. 
 
The exclusion of the variables A-vol, VW, and R-density may be related to their greater 
correlation with R-vol and A-density. However, as we did not find studies on the physical 
characteristics of maize grains, future studies may contribute to elucidating the potential of 
these variables to explain the variation and also the degrees of correlation between these 
and other variables of the same nature. However, the possibility of excluding some 
variables, as pointed out in this study, is important for optimizing time and accuracy in the 
analysis of divergence between genotypes. 
 
After excluding the variables, the new principal component analysis revealed that the first 
two components explained 64.1% of the variation between genotypes for the five traits of 
interest (Figure 2). 
 



 

 

 
 
Figure 2. Biplot for the first two principal components generated from four physical 
traits of grains and grain yield among ten maize genotypes. 
 
The analysis revealed the existence of negative correlations (angles greater than 90º 
between vectors) between A-Density and Yield and R-vol e characteristics; between R-vol 
and Porosity and Sph characteristics. Strong correlations, whether negative or positive, can 
help plant breeders in the indirect selection of traits[23] [24]. Our results show that negative 
selection for A-density can result in yield gains. Yield is a common feature in maize 
evaluations, and in these evaluations, the loss of part of the plots due to environmental 
factors not controlled during experiments is a recurrent event. In these cases, the plot's grain 
production is impaired, which can lead to inaccuracies in the grain yield estimate. So, our 
results indicate that indirect selection via A-density can be used in those plots where there 
was a minimum grain production, which can be evaluated in terms of their physical aspects. 
 
The greatest variations between genotypes occurred for R-vol and Porosity, respectively 
(evident by the greater length of the vectors). Conversely, Sph was the trait with the least 
variation between genotypes. From the biological aspect, these correlations indicated that 
bulky grains tend to be less dense, that is, with less accumulation of dry matter, which 
directly impacts the reduction of productivity per hectare. The lower density of larger grains 
may be related to the inefficiency of plants to produce photoassimilates to fill the grains. 
Correlations of this nature are also observed in popcorn, for example, where the highest 
yield tends to be negatively correlated with the amount of dry matter in the kernels, 
producing popcorn of smaller volume after the expansion of the kernels[25] [26] [27]. 
For the performance of the genotypes, the commercial cultivar (G3) was the one that 
presented the highest productivity and, consequently, the lowest apparent density. This 
revealed that despite the efforts of local farmers to improve their varieties, commercial 
cultivars still maintain higher grain yields. Genotype 2 (G2) showed the lowest apparent 



 

 

productivity and highest density. This genotype consists of a variety of white pericarp widely 
used by local farmers for the consumption of cooked ears, the so-called green corn, and also 
for the manufacture of flour [28]. Probably, the higher starch content of this genotype was 
responsible for ensuring lower porosity and consequently higher grain density. The G4 
genotype, on the other hand, refers to a variety developed by local extension agencies, 
recommended for silage, due to the harder appearance of the grains. The more rounded and 
smaller grains of this genotype are typical of Flint-type varieties. 
 
In an overview, the analysis showed that the physical traits of grains can be informative in 
the process of distinguishing maize genotypes. Although this study was conducted with only 
ten genotypes, it is important to highlight that nine of these are open-pollinated varieties. 
This indicates that the genetic variability sampled may have a degree of representativeness 
that makes the results important for the crop in general. Another important aspect is that the 
correlations also have a share of genetic effects, which is particular to each plant species 
and may be the object of attention by breeders of the respective species. 
 
Although the PCA is a usual analysis in plant breeding, it use have been majority to infer 
genotype divergences and trait correlations [29][30]. However, there are many other 
functions to be explored from the PCA, as shown in this research. Inferences about the 
potential use of the traits can help breeders to optimize time and consequently reduce costs 
in breeding programs. 
 
It is expected that more studies can be carried out with this type of trait so that maize 
breeders can access the existing variability between their accessions in an increasingly 
efficient way and thus make the best decisions for the genetic progress of the crop. 
 
 
4. CONCLUSION 
 
The physical traits: of real grain volume, porosity, apparent density, and sphericity can be 
used to enrich studies of phenotypic divergence between common maize genotypes in the 
characterization stages. 
 
Corn breeders should pay attention to the trend that visibly larger grains have a lower 
density, which can lead to lower grain yield. Apparent grain density can be used for the 
indirect selection of more productive genotypes due to the negative correlation between 
these traits. 
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