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Abstract
In maize, research with multiple variables has been carried out and the principal component analysis (PCA) has been used in order to reduce
the data dimensionality. The objective of this work was to study the impact of observations number and correlation matrix coe�cients (r)
magnitude in the eigenvalue estimates precision of the PCA, with simulated and real larger phenotypic data sets of maize. Seven data �les
were simulated, formed by twelve variables and 6340 observations. The �rst data �le was simulated with 66 r of the correlation matrix equal
to 0.35. The remaining six �les were simulated with 66 r equal to 0.45, 0.55, 0.65, 0.75, 0.85 and 0.95. Real data �le with twelve variables of
6340 maize plants with r in the interval |0.01 ≤ r ≤ 0.99| was used. For the eight cases, PCA were performed in 3000 resamples with
replacement, for sample sizes of 12 to 1000 observations. Insu�cient sampling generates inaccurate and biased principal components (PC1
and PC2) eigenvalues estimates, and samples with a high observations number allow reliable PCA. The precision of the PC1 and PC2
eigenvalues estimates increases with the highest observations number. The precision of the PC1 eigenvalues estimates increases with larger r
magnitudes, and the PC2 eigenvalues decreases.

1. Introduction
Maize is the cereal with the highest production volume worldwide, with the three largest producers in decreasing order being United States of
America, China and Brazil (USDA, 2021). In maize experiments, multiple variables have been evaluated and the patterns of association
between them have been measured using correlation coe�cients and/or complementary analyzes (Cargnelutti Filho et al., 2010; Toebe et al.,
2015; Olivoto et al., 2018; Cargnelutti Filho and Toebe, 2020).

Due to the di�culty of interpreting experiments with a high number of variables, in many cases, the principal components analysis (PCA) has
been used, which allows to reduce the dimensionality of multivariate data through the generation of new variables (components) aiming at
maximizing information in the �rst few components (Stauffer et al., 1985; Abdi and Williams, 2010). According to Ramachandran and
Aschheim (2005) and Abdi and Williams (2010), PCA is one of the oldest and best-known techniques of multivariate analysis, that transforms
a data set having a large number of inter-related variables to a new set of uncorrelated variables (principal components). According to Abdi
and Williams (2010), PCA is probably the most popular multivariate statistical technique, used by almost all scienti�c disciplines.

In PCA, Stauffer et al. (1985) compared principal components derived from sets of real data and from randomly generated data in sample size
scenarios. Osborne and Costello (2004) evaluated the effect of sample size and subject to item ratio and Ramachandran and Aschheim
(2005) evaluated the effect of sample size on the accuracy with which the mode shapes of vibration can be computed. Kocovsky et al. (2009)
evaluated the effect of sample size on the stability of PCA in truss-based �sh morphometrics and Shaukat et al. (2016) evaluated the impact
of sample size on the eigenstructure in an environmental database. Already Gañan-Cardenas and Correa-Morales (2021) studied the in�uence
of sample size to test the equality for the smallest eigenvalues and Björklund (2019) described the main precautions that must be taken when
using the PCA technique. Finally, Dochtermann and Jenkins (2011) studied the implication of small sample size in multivariate methods.

In maize research’s, PCA was applied to evaluate the relationship of climatic indices and yields variables (Meyer et al., 1991), in classi�cation
of Italian maize germplasm (Brandolini and Brandolini, 2001), for predicting biomass and grain yields (Shukla et al., 2004), to assess a�atoxin
contamination (Yao et al., 2011), to evaluated yield contributing variables (Bharathiveeramani and Prakash, 2012) and for an automatic
system to kernel inspection (Valiente-González et al., 2014). PCA was also applied to characterize maize hybrids for water shortage
(Guimarães et al., 2014), to evaluated sixty inbreds lines (Sandeep et al., 2017), to characterize grain yield and other variables in different
maize hybrids grown under heat and drought stress (Ali et al., 2015), to predicting �owering time, yield, and kernel dimensions by analyzing
aerial images (Wu et al., 2019), to evaluated plant nutrient traits in baby maize (Magudeeswari et al., 2019) and to characterize �fty-six
Algerian maize populations (Belalia et al., 2019) and twenty-six sweet maize genotypes (Hemavathy, 2020).

Although the PCA technique is widely used in studies with maize and other crops, no researches were found relating the effect of the
correlation coe�cients magnitude in the correlation matrix and the sample size required in the PCA for maize variables and/or in simulated
data. Some studies of sample size for estimate maize correlation coe�cients, developed via resampling with replacement, indicated that the
greater the correlation between two pairs of variables, the less is the need of sample size to estimate the correlation, in a given precision
(Cargnelutti Filho et al., 2010; Toebe et al., 2015; Olivoto et al., 2018). As the PCA can be obtained from the correlation matrix, matrices with a
high degree of correlation are expected to be well estimated even with few observations and, on the other hand, matrices with low degrees of
correlation may require larger sample sizes (Cargnelutti Filho et al., 2010; Toebe et al., 2015; Olivoto et al., 2018).

The quality of the correlation matrix estimation may interfere in the principal components estimation, and highly correlated matrices can result
in �rst components with high eigenvalue scores and well estimated, to the detriment of the last components and vice versa. Furthermore,
matrices with the same correlation mean, but with varying degrees of correlation between pairs of variables, may have a different impact on
the estimation of the principal components. In this sense, the objective of this work was to study the impact of the number of observations
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and the magnitude of the correlation matrix coe�cients in the eigenvalue estimates precision of the principal component analysis, with
simulated data and real data of maize (Zea mays L.).

2. Material And Methods
Seven data �les were simulated with p = 12 variables (X1, X2, X3, X4, X5, X6, X7, X8, X9, X10, X11 and X12) and n = 6340 observations, using
the mvrnorm function of the MASS package in R software (R Core Team, 2021). The variables were simulated with a multivariate normal
distribution, with a mean zero and standard deviation one, and conditioned to all 66 Pearson's linear correlation coe�cients (r) between the
variables in each data �le being equal. Thus, the correlation matrices between the 12 variables in �les 1, 2, 3, 4, 5, 6 and 7 showed 66 r values
equal to 0.35, 0.45, 0.55, 0.65, 0.75, 0.85 and 0.95, respectively.

The eighth data �le was formed by 12 variables measured in 6340 maize plants (Zea mays L.). These real data were obtained from
experiments conducted in the 2008/2009 (�rst experiment) and 2009/2010 (second experiment) agricultural seasons, in the experimental area
of the Plant Science Department, at the Federal University of Santa Maria, Santa Maria, State of Rio Grande do Sul, Brazil (29º42'S, 53º49'W, at
95 m altitude). In the �rst experiment were evaluated 361 plants of the single hybrid P32R21, 373 plants of the three-way hybrid DKB566, and
416 plants of the double cross hybrid DKB747. In the second experiment were evaluated 1777 plants of the single hybrid 30F53, 1693 plants
of the three-way hybrid DKB566, and 1720 plants of the double cross hybrid DKB747.

In all the 6340 plants, the following variables were measured: plant height at harvest (PH, in cm), ear insertion height (EIH, in cm), ear weight
(EW, in g), number of grain rows per ear (NR), ear length (EL, in cm), ear diameter (ED, in mm), cob weight (CW, in g), cob diameter (CD, in mm),
hundred grains weight (HGW, in g), number of grains per ear (NGE), grain length (GL, in mm), calculated as the difference between the
diameters of ear and cob divided by two, and grain yield (GY, in g per plant).

In the eight data �les, consisting of 12 columns (variables) and 6340 rows (observations), principal component analysis (PCA) was performed
from Pearson's linear correlation matrix between the variables. The correlation matrix, for the maize data �le, was chosen due to the different
variable measurement scales.

For each data �le, 989 sample sizes (number of observations) were planned, with the initial sample size of 12 observations (in this study
considered as a reference, i.e., minimum size required for principal component analysis) and the other sample sizes obtained with the
increment of an observation. Thus, the planned sample sizes were n = 12, 13, 14, ..., 1000 observations. Thus, sample sizes of 12 to 1000
observations were planned. For each sample size planned, in each data �le, 3000 resamples with replacement were obtained. In each
resample, the eigenvalues estimate of the �rst two principal components (PC1 and PC2) were obtained. Thus, for each planned sample size,
3000 estimates of the PC1 and PC2 eigenvalues were obtained.

Based on 3000 eigenvalue estimates for each sample size and principal component (PC1 and PC2), the 97.5% percentile, the mean, the 2.5%
percentile and the coe�cient of variation (CV, in %) were determined. The percentile 97.5% (P97.5%), mean, percentile 2.5% (P2.5%), and
coe�cient of variation (CV, in %), for n = 12 and n = 1000 observations were presented in a table and the others were plotted in graphs for
better visual representation. The statistical analysis was performed using Microsoft O�ce Excel and the R software (R Core Team, 2021).

3. Results

3.1. Eigenvalues of the principal components
In the seven data �les, simulated to generate the correlation matrix with the 66 coe�cients (r) equal to 0.35, 0.45, 0.55, 0.65, 0.75, 0.85 and
0.95, it’s possible to investigate the impact of the observations number and the magnitude of the correlation matrix coe�cients in the
eigenvalues estimates precision of the principal components, in extreme situations, that is, with all equal coe�cients in the matrix. While, for
situations with different values of r, it’s possible to investigate based on real data, in which the magnitude of the correlation coe�cients, in
absolute values, �uctuated in the range | 0.01 ≤ r ≤ 0.99 | and the mean of r was 0.42 (Table 1).

In the simulated data �les, the eigenvalue estimates of the �rst principal component (PC1) increased gradually, with the magnitude increase of
the correlation matrix coe�cients (Table 1). The eigenvalues estimate of the others principal components (PC2, PC3, PC4, PC5, PC6, PC7, PC8,
PC9, PC10, PC11, PC12) decreased with the increase in the magnitude of the correlation matrix coe�cients. Consequently, a similar response
pattern was obtained in relation to the variance (in %) and the accumulated variance (in %). Therefore, as expected, the greater the magnitude
of the correlation matrix coe�cients, the greater the ability of the �rst principal component to explain the total variation of the data and,
consequently, the greater the effectiveness of the principal component analysis.
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In the maize real data �le, with an average r of 0.42, the estimate of the PC1 eigenvalue (6.08) was relatively higher than the simulated data
�le with r = 0.45 (5.95) (Table 1). The presence of coe�cients with high magnitudes (for example, EW and NGE = 0.90; EW and GY = 0.99; NGE
and GY = 0.91) in the correlation matrix of the real data, explains the higher estimate of the PC1 eigenvalue. If a data �le were simulated with
the 66 coe�cients of the correlation matrix equal to 0.42, the eigenvalue of PC1 would be 5.62 and the other eleven eigenvalues of the
principal components would be equal to 0.58. Therefore, it can be inferred that for matrices with the same average of r (for example, r = 0.42),
the eigenvalue estimates of PC1 will be relatively higher in those matrices with different values r (in this study, PC1 = 6.08) compared to
matrices with equal values of r (in this study, PC1 = 5.62).

3.2. Number of observations
In the simulated data �les, with r equal to 0.35, 0.45, 0.55, 0.65, 0.75, 0.85 and 0.95, the PC1 eigenvalues estimates, with the 3640
observations, were 4.85, 5.95, 7.05, 8.15, 9.25, 10.35 and 11.45, respectively (Table 1). The averages of the 3000 PC1 eigenvalues estimates
obtained from 12 observations (the smallest sample size used in this study) were 5.17, 6.08, 7.08, 8.07, 9.13, 10.25 and 11.40. In the other
hand, the averages of the 3000 PC1 eigenvalues estimates obtained from 1000 observations (largest sample size used) were 4.85, 5.95, 7.05,
8.15, 9.25, 10.35 and 11.45 (Table 2 and Fig. 1). Therefore, the difference between the average of 3000 resamples and the eigenvalue obtained
from 3640 observations decreases with the increase in the number of observations, which shows an increase in accuracy. Consequently, an
insu�cient number of observations generates biased estimates of PC1 eigenvalues. Similar reasoning is valid for the second principal
component (PC2) (Tables 1 and 2 and Fig. 2).

In relation to PC1, in the eight data �les, there was a reduction of the 97.5% percentile, an increase of the 2.5% percentile (Fig. 1), and a
reduction in the coe�cient of variation (Fig. 3) with an increase in the number of observations. Similar reasoning is valid for the second
principal component (PC2) of the maize real data �le (Figs. 2 and 4). As for the seven �les of simulated data, in relation to PC2, there was a
reduction of the 97.5% percentile, 2.5% percentile and coe�cient of variation with the increase in the number of observations (Figs. 2 and 4).
So, it can be inferred that with the increase in the number of observations there is an increase in the precision of the eigenvalues estimates   of
PC1 and PC2 (i.e., decrease in CV) and, therefore, principal components analysis with a high number of observations should be encouraged.
Although the dimensioning of the observations number is not the principal focus of this study, visually, there is a tendency to stabilize the
variation coe�cient with approximately 270 observations (Figs. 3 and 4), which would indicate smaller gains from this number of
observations onwards.

3.3. Magnitude of the correlation matrix coe�cients
In relation to PC1, in the simulated data �les with r equal to 0.35, 0.45, 0.55, 0.65, 0.75, 0.85 and 0.95, the averages of the 3000 CV estimates,
obtained from 12 observations were 21.00%, 19.07%, 17.50%, 15.00%, 11.44%, 7.20% and 2.77% and from 1000 observations were 2.84%,
2.22%, 1.95%, 1.52%, 1.10%, 0.64% and 0.21%, respectively (Table 2 and Fig. 3). Therefore, there was a decrease in the CV with an increase in
the magnitude of the correlation matrix coe�cients. Thus, it can be inferred that the precision of the eigenvalue estimates of PC1 increases
(i.e., decrease in CV) with the increase of the magnitude of the correlation matrix coe�cients.

In relation to PC2, in the simulated data �les with r equal to 0.35, 0.45, 0.55, 0.65, 0.75, 0.85 and 0.95, the averages of the 3000 CV estimates,
obtained from 12 observations were 18.32%, 21.39%, 26.93%, 32.47%, 37.93%, 44.59% and 53.94% and from 1000 observations were 2.84%,
3.03%, 3.51%, 3.91%, 4.25%, 4.52%, 4.90%, respectively, that is, there was an increase in CV (i.e., decrease in precision) with the increase in the
magnitude of the correlation matrix coe�cients (Table 2 and Fig. 4).

4. Discussion

4.1. Eigenvalues of the principal components in maize
In the evaluation of 26 climatic divisions, Meyer et al. (1991) found that the �rst three components obtained from eighteen variables, had
accumulated variance from 64.6–82.0%, depending on the climate region under study. The authors concluded that PCA is a powerful
statistical tool for evaluating the relationship between crop yield and climatic variables. In the classi�cation of Italian corn germplasm based
on 562 accessions, Brandolini and Brandolini (2001) evaluated seventeen phenological, morphological and geographic variables. The authors
found positive and negative correlations in the range of |0.01 ≤ r ≤ 0.86| and the absolute r mean was 0.31. In PCA, the authors veri�ed
eigenvalues of 5.97, 2.95, 1.81, 1.39, 0.96 and 0.87 and cumulative variance of 35%, 52%, 63%, 71%, 77% and 82%, respectively, for the �rst six
PCA components. According to Stauffer et al. (1985), generally, components with eigenvalues lower than 1/p×100% of the total variance,
where p represents the number of correlated variables, are not considered because they represent less information than those expressed in a
single variable.
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In seventeen traits of 144 inbred lines, Bharathiveeramani and Prakash (2012) found that the �rst �ve components had eigenvalues greater
than 1, jointly explaining 78.36% of the total variance, with variance of 35.35%, 16.32%, 10.38%, 9.08% and 6.73%, respectively, for PC1, PC2,
PC3, PC4 and PC5. To characterize corn hybrids for water shortage, Guimarães et al. (2014) used �ve variables and found that in the
vegetative stage, the �rst two components explained 99.52% of the total variance (PC1 = 98.21% and PC2 = 1.31%). In the �owering stage, the
�rst two components explained 85.08% of the total variance (PC1 = 60.05% and PC2 = 25.03%) and, in the grain swelling stage the �rst two
components explained 98.52% of the total variance (PC1 = 91.48% and PC2 = 7.04%). Ali et al. (2015) evaluated sixteen variables in twelve F1
single cross-maize hybrids and four crop growing seasons and found that the �rst four components had eigenvalues greater than 1, with
variance of 43.5% and 24.4%, respectively, for PC1 and PC2. Sandeep et al. (2017) evaluated twelve variables in sixty inbreds lines and found
that the �rst three components presented 82.41% of the total variance, with 58.36%, 16.11% and 7.94% for PC1, PC2 and PC3.

In twelve baby corn genotypes, Magudeeswari et al. (2019) veri�ed positive and negative correlations among six traits in the range of |0.003 ≤ 
r ≤ 0.848| and the absolute r mean was 0.44. The authors veri�ed that the �rst three principal components together accounted for 87.49% of
variability, with eigenvalues of 2.90, 1.27 and 1.07 and variance of 48.37%, 21.23% and 17.89%, respectively for PC1, PC2 and PC3. In �fty-six
Algerian maize populations, Belalia et al. (2019) evaluated fourteen agro-morphological traits and eighteen simple sequence repeat (SSR)
markers and found that the �rst two components explained 55.44% of the total variation (PC1 = 43.04% and PC2 = 12.40%). In twenty-six
sweet corn genotypes, Hemavathy (2020) evaluated thirteen quantitative and qualitative traits and veri�ed positive and negative genotypic
correlations in the range of |0.01 ≤ r ≤ 0.971|, with most non-signi�cant and low magnitude correlations (r ≤ 0.50) and absolute r mean of only
0.21. Six of the thirteen principal components showed eigenvalues greater than 1, with variance of 24.61%, 17.97%, 14.26%, 10.41%, 8.60%
and 7.78%, respectively, for PC1, PC2, PC3, PC4, PC5 and PC6.

4.2. Number of observations and magnitude of the correlation matrix
coe�cients
Stauffer et al. (1985) compared principal components derived from real and random data. The authors simulated scenarios from 25 to 400
observations and veri�ed that the variance associated with principal components from real data was relatively constant over all sample sizes.
According to the authors, the �rst two components obtained from real data were considerably higher to those obtained from random data and,
due to the low variability of components in random data, a sample of 20 or more elements would be adequate to estimate the variance of the
components in random data. Through the analysis of the graphs presented by Stauffer et al. (1985), it can be seen that the mean value of the
component’s variance �uctuated between the sample sizes. Also, as the sample size increased, the amplitude of the 95% con�dence interval
for the principal components decreased, indicating a precision gain. For random data, the percent variance decreased with larger samples,
mainly in the �rst component, with greater decreases in the smaller sample sizes and subsequent stabilization. Adopting the largest scenario
assessed (Fig. 3 - Stauffer et al. 1985), it can be seen that the �rst three components have mean variance stabilized from n = 200 to 300
elements.

Ramachandran and Aschheim (2005) evaluated the effect of sample size on the vibration computed accuracy and identi�ed that scenarios
with principal components with less explanatory variance required a larger sample size. According to the authors, when the sample size
increases, the errors become small and �nally reach a constant value. In this sense, according to Björklund (2019), the robustness of the
principal components increases with increasing sample size. Also, Kocovsky et al. (2009) veri�ed that in small sample sizes, eigenvalues for
the �rst principal components were unstable and in�ated, recommending a minimum subject to item ratio from 3.5 to 8.0 to increase the
eigenvalues and eigenvectors stabilization. Finally, Osborne and Costello (2004) emphasize that in many cases the sample size is greater than
1000 and concluded regarding sample size, that more is always better.

5. Conclusions
Insu�cient sampling generates inaccurate and biased principal components (PC1 and PC2) eigenvalues estimates, and samples with a high
observations number allow reliable PCA.

The precision of the PC1 and PC2 eigenvalues estimates increases with the highest observations number.

The precision of the PC1 eigenvalues estimates increases with larger r magnitudes, and the PC2 eigenvalues decreases.
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Tables
Table 1

Estimates of Pearson linear correlation coe�cients (r) between the 66 pairs of twelve variables in maize cultivars (Zea mays L.) measured in
6340 plants (real data �le). Estimates of the variance (eigenvalues) of twelve principal components (PC1, PC2, …, PC12) in seven simulated
data �les with correlation matrices equal to r = 0.35, 0.45, 0.55, 0.65, 0.75, 0.85, and 0.95, and a real data �le with r average of correlation
matrix = 0.42.
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Variables(1) PH EIH EW NR EL ED CW CD HGW NGE GL GY

PH 1 0.66 0.34 0.23 0.23 0.31 0.20 0.10 0.20 0.32 0.30 0.34

EIH 0.66 1 0.06 0.10 -0.03 0.06 0.11 0.01 -0.02 0.06 0.07 0.04

EW 0.34 0.06 1 0.41 0.76 0.83 0.66 0.50 0.57 0.90 0.63 0.99

NR 0.23 0.10 0.41 1 0.25 0.59 0.26 0.37 0.04 0.49 0.44 0.41

EL 0.23 -0.03 0.76 0.25 1 0.53 0.77 0.50 0.35 0.69 0.27 0.71

ED 0.31 0.06 0.83 0.59 0.53 1 0.47 0.54 0.54 0.76 0.80 0.84

CW 0.20 0.11 0.66 0.26 0.77 0.47 1 0.71 0.38 0.48 0.05 0.56

CD 0.10 0.01 0.50 0.37 0.50 0.54 0.71 1 0.37 0.36 -0.07 0.44

HGW 0.20 -0.02 0.57 0.04 0.35 0.54 0.38 0.37 1 0.20 0.38 0.56

NGE 0.32 0.06 0.90 0.49 0.69 0.76 0.48 0.36 0.20 1 0.65 0.91

GL 0.30 0.07 0.63 0.44 0.27 0.80 0.05 -0.07 0.38 0.65 1 0.69

GY 0.34 0.04 0.99 0.41 0.71 0.84 0.56 0.44 0.56 0.91 0.69 1

Data �les Correlation PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 PC11 PC12

    Variance (eigenvalues)

Simulated 0.35 4.85 0.65 0.65 0.65 0.65 0.65 0.65 0.65 0.65 0.65 0.65 0.65

Simulated 0.45 5.95 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55

Simulated 0.55 7.05 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45

Simulated 0.65 8.15 0.35 0.35 0.35 0.35 0.35 0.35 0.35 0.35 0.35 0.35 0.35

Simulated 0.75 9.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25

Simulated 0.85 10.35 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15

Simulated 0.95 11.45 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05

Real 0.42 6.08 1.68 1.46 1.02 0.80 0.33 0.28 0.19 0.14 0.02 0.00 0.00

    % of variance

Simulated 0.35 40.42 5.42 5.42 5.42 5.42 5.42 5.42 5.42 5.42 5.42 5.42 5.42

Simulated 0.45 49.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58

Simulated 0.55 58.75 3.75 3.75 3.75 3.75 3.75 3.75 3.75 3.75 3.75 3.75 3.75

Simulated 0.65 67.92 2.92 2.92 2.92 2.92 2.92 2.92 2.92 2.92 2.92 2.92 2.92

Simulated 0.75 77.08 2.08 2.08 2.08 2.08 2.08 2.08 2.08 2.08 2.08 2.08 2.08

Simulated 0.85 86.25 1.25 1.25 1.25 1.25 1.25 1.25 1.25 1.25 1.25 1.25 1.25

Simulated 0.95 95.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42

Real 0.42 50.67 14.03 12.13 8.49 6.67 2.76 2.36 1.61 1.15 0.13 0.00 0.00

    Cumulative % of variance

Simulated 0.35 40.42 45.83 51.25 56.67 62.08 67.50 72.92 78.33 83.75 89.17 94.58 100.00

Simulated 0.45 49.58 54.17 58.75 63.33 67.92 72.50 77.08 81.67 86.25 90.83 95.42 100.00

Simulated 0.55 58.75 62.50 66.25 70.00 73.75 77.50 81.25 85.00 88.75 92.50 96.25 100.00

Simulated 0.65 67.92 70.83 73.75 76.67 79.58 82.50 85.42 88.33 91.25 94.17 97.08 100.00

Simulated 0.75 77.08 79.17 81.25 83.33 85.42 87.50 89.58 91.67 93.75 95.83 97.92 100.00

Simulated 0.85 86.25 87.50 88.75 90.00 91.25 92.50 93.75 95.00 96.25 97.50 98.75 100.00
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Simulated 0.95 95.42 95.83 96.25 96.67 97.08 97.50 97.92 98.33 98.75 99.17 99.58 100.00

Real 0.42 50.67 64.70 76.83 85.32 91.99 94.75 97.11 98.72 99.87 100.00 100.00 100.00

(1) PH: plant height at harvest; EIH: ear insertion height; EW: ear weight; NR: number of grain rows per ear; EL: ear length; ED: ear diameter; CW:
cob weight; CD: cob diameter; HGW: hundred grains weight; NGE: number of grains per ear; GL: grain length; and GY: grain yield.

Table 2

Percentile 97.5% (P97.5%), mean, percentile 2.5% (P97.5%), and coe�cient of variation (CV, in %) for 3000 eigenvalues estimates of the �rst two
principal components (PC1 and PC2). Estimates obtained from 3000 resamples with replacement for n = 12 and 1000 observations in seven
simulated data �les with correlation matrices equal to r = 0.35, 0.45, 0.55, 0.65, 0.75, 0.85, and 0.95, and a real data �le of twelve variables in
maize cultivars (Zea mays L.), measured in 6340 plants, with r average of correlation matrix = 0.42.

Data �les Correlation P97.5% Mean P2.5% CV(%) P97.5% Mean P2.5% CV(%)

    n = 12 n = 1000

    PC1

Simulated 0.35 7.40 5.17 3.20 21.00 5.12 4.85 4.57 2.84

Simulated 0.45 8.20 6.08 3.77 19.07 6.20 5.95 5.69 2.22

Simulated 0.55 9.22 7.08 4.44 17.50 7.32 7.05 6.78 1.95

Simulated 0.65 10.05 8.07 5.40 15.00 8.39 8.15 7.90 1.52

Simulated 0.75 10.58 9.13 6.61 11.44 9.44 9.25 9.04 1.10

Simulated 0.85 11.21 10.25 8.30 7.20 10.47 10.35 10.22 0.64

Simulated 0.95 11.76 11.40 10.59 2.77 11.49 11.45 11.40 0.21

Real 0.42 8.26 6.46 4.66 14.49 6.30 6.09 5.88 1.78

    PC2

Simulated 0.35 2.73 2.00 1.32 18.32 0.81 0.77 0.73 2.84

Simulated 0.45 2.53 1.76 1.11 21.39 0.69 0.65 0.61 3.03

Simulated 0.55 2.34 1.48 0.81 26.93 0.57 0.53 0.50 3.51

Simulated 0.65 2.07 1.19 0.57 32.47 0.45 0.41 0.38 3.91

Simulated 0.75 1.65 0.88 0.41 37.93 0.32 0.30 0.27 4.25

Simulated 0.85 1.14 0.54 0.23 44.59 0.19 0.18 0.16 4.52

Simulated 0.95 0.44 0.19 0.07 53.94 0.07 0.06 0.05 4.90

Real 0.42 3.34 2.32 1.47 21.08 1.82 1.69 1.58 3.55

Figures
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Figure 1

Percentile 97.5%, mean, and percentile 2.5% for 3000 eigenvalues estimates of the �rst principal component (PC1), based on resampling in
seven simulated data �les with correlation matrices equal to r = 0.35, 0.45, 0.55, 0.65, 0.75, 0.85, and 0.95, and a real data �le of twelve
variables in maize cultivars (Zea mays L.), measured in 6340 plants, with r average of correlation matrix = 0.42.
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Figure 2

Percentile 97.5%, mean, and percentile 2.5% for 3000 eigenvalues estimates of the second principal component (PC2), based on resampling in
seven simulated data �les with correlation matrices equal to r = 0.35, 0.45, 0.55, 0.65, 0.75, 0.85, and 0.95, and a real data �le of twelve
variables in maize cultivars (Zea mays L.), measured in 6340 plants, with r average of correlation matrix = 0.42.
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Figure 3

Coe�cient of variation (CV, in%) for 3000 eigenvalues estimates of the �rst principal component (PC1), based on resampling in seven
simulated data �les with correlation matrices equal to r = 0.35, 0.45, 0.55, 0.65, 0.75, 0.85, and 0.95, and a real data �le of twelve variables in
maize cultivars (Zea mays L.), measured in 6340 plants, with r average of correlation matrix = 0.42.
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Figure 4

Coe�cient of variation (CV, in%) for 3000 eigenvalues estimates of the second principal component (PC2), based on resampling in seven
simulated data �les with correlation matrices equal to r = 0.35, 0.45, 0.55, 0.65, 0.75, 0.85, and 0.95, and a real data �le of twelve variables in
maize cultivars (Zea mays L.), measured in 6340 plants, with r average of correlation matrix = 0.42.
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