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ABSTRACT. This study aimed to develop a multivariate selection 
index based on the graphical area of a polygon formed by standardized 
values, also known as radar chart. This methodology may be used to 
assist selection of superior genotypes in sugarcane breeding programs. 
Seven technological traits in 37 sugarcane genotypes were evaluated. 
An area index (AI) was constructed and the resulting polygon areas 
were used to rank genotypes under selection. In this study, we propose 
the use of restricted maximum likelihood to estimate genetic parameters 
and mixed model equations to predict genotypic and breeding values. 
The area of each polygon was calculated for phenotypic, genotypic, 
and estimated breeding values. Thereby, the genotypes with larger 
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area can be selected based on a detailed a posteriori evaluation of the 
radar charts. The proposed AI can be adjusted based on the breeders’ 
specific interests, it is perfectly useful in other crops, and may also be 
applied to studies on genotype-environment interactions. Moreover, AI 
is a powerful tool that can evaluate trait stability of genotypes based 
on slight differences in the area formed by each genotype. Hence, this 
method is easy to apply and shows great potential for use in sugarcane 
breeding programs as well as in other breeding programs.

Key words: Visual index; Radar chart; Mixed models; Plant breeding

INTRODUCTION

Sugarcane (Saccharum spp) is one of the main crops in Brazil, making the country the 
major producer and exporter of sugar and ethanol (Mapa, 2016). Aiming at meeting the market 
demand, sugarcane breeding programs have sought to improve new analytical methodologies 
to optimize the process of obtaining and selecting superior genotypes, in order to develop 
genetic materials with high yield and expressing agronomic traits of interest. For this purpose, 
at the initial stages of the genetic breeding process of sugarcane, indirect selection based on 
one or a few traits have been used. However, this method may prove to be inadequate, since 
negative correlations between traits of interest are observed (Pedrozo et al., 2009).

The use of selection indices is an alternative method recommended by breeders. This 
is a multivariate analysis method for obtaining additional gains in a set of attributes considered 
relevant (Cameron, 1997). Several selection index methods that can be used in plant breeding 
programs have been described in the literature (Cruz et al., 2012). In general, these methods 
use phenotypic means to rank the genotypes. However, it is well known that mixed model 
equations used to predict the genotypic and breeding values provide paths for more accurate 
breeding selection (Piepho et al., 2008; van der Westhuizen and van der Westhuizen, 2009). 
Although the applicability of mixed models has been demonstrated in several crops, there are 
few studies employing this strategy in sugarcane. This is due to inaccuracies in the process 
of the covariance matrix estimate, as well as changes in genetic parameters with selection 
when applied to sugarcane (Pedrozo et al., 2009; Espósito et al., 2012). In order to increase 
the accuracy of these processes, graph visualization techniques are widely used in many 
fields, such as economics and politics (Keefer and Loayza, 2008), product quality evaluation 
(Li et al., 2010), health (Saary, 2008), and agriculture (Soriano et al., 2005; Banerjee et al., 
2015). For example, Laino et al. (2015) applied radar charts to evaluate qualitative traits of 
wheat to characterize a germplasm collection, and Liu et al. (2010) evaluated quantitative and 
qualitative traits in tobacco.

Nunes et al. (2005) published a methodology to select individuals considering 
a multiple trait framework based on radar charts that does not require prior knowledge of 
the genetic and phenotypic covariance. This is an interesting procedure, which provides a 
descriptive analytical tool and uses a graphic index based on the sum of the standardized trait 
values. This allows the researcher to visualize which progeny traits have favorable phenotypes 
(Reis et al., 2011). The graph visualization presents the results in terms of indirect variables, 
such as means and coefficient of variation. In addition, this method offers results in terms 
of phenotypic values, given by fixed models. However, it is well known that methodologies 
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implementing mixed models provide more reliable estimates (Piepho et al., 2008; Castro et al., 
2016; Almeida Filho et al., 2016).

The aim of the present study was to develop a selection index approach that considers the 
information of several sugarcane traits to identify superior genotypes using the polygon area of 
traditional radar charts. In addition, we adopted restricted maximum likelihood (REML) to estimate 
genetic parameters and mixed model equations (BLUP) to predict genotypic and breeding values.

MATERIAL AND METHODS

Plant material

In this experiment, we used 37 sugarcane genotypes from the Active Germplasm 
Bank of the Sugarcane Breeding Program of Universidade Federal de Viçosa (PMGCA/UFV), 
which is part of the Inter-University Network for the Development of Sugarcane Industry. The 
PMGCA/UFV is located at Fundão Farm, in the municipality of Viçosa, in Minas Gerais State 
(20°45'14''S, 42°52'53''W, at 650 m above sea level).

The genotypes used in this study were chosen based on agronomic importance. We 
used genotypes that occurred or still occur in significant areas of commercial cultivation in 
Brazil, together with clones that are used in hybridization (Table 1).

Variable determination

At 18 months after planting, 10 stalks from each genotype were randomly collected 
by hand and without straw burning. A 500-g stalk subsample of each genotype was minced, 
homogenized, and weighed, to obtain the fresh sample weight. After drying this same material at 
105°C for 24 h, the bagasse dry weight with juice was obtained. Dry matter (DM) content was 
obtained from the ratio between the bagasse dry weight with juice and the fresh sample weight.

Subsequently, another 500-g subsample was subjected to hydraulic press, 
at 250 kgf/cm2, for 1 min. From this procedure, the juice was obtained and was 
subsequently used to determine the total soluble solids (BRIX), using an automatic 
digital refractometer (model RDA 9000 - Acatec, São Paulo, SP, Brazil), and to determine 
the apparent sucrose content in the juice (POL), using a polarimeter (model SDA 
2500-Acatec). Moist cake weight was obtained from weighing the subsample bagasse that was 
removed from the press. Dry cake weight was obtained after drying the bagasse at 105°C for 
24 h. From these traits and from the equations described in the literature (Consecana, 2006), 
we calculated estimates for fiber content (FIB), apparent sucrose content in sugarcane (POLS), 
purity (PUR), and total recoverable sugars (TRS).

Calculation of genetic parameters

The following seven traits were evaluated in this study: BRIX, TRS, PUR, POLS, 
FIB, DM, and POL. The phenotypic values (PV) were obtained from the phenotypic mean of 
each trait evaluated for each genotype. For each trait, the narrow-sense heritability coefficients 
(h2) were calculated (described below). Genotypic values (GV) and estimated breeding values 
(EBV) were estimated using the mixed model methodology, REML/BLUP (Resende, 2007):
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Table 1. Thirty-seven sugarcane genotypes from the Active Germplasm Bank of the Sugarcane Breeding 
Program of Universidade Federal de Viçosa (PMGCA/UFV), which is part of the Inter-University Network 
for the Development of Sugarcane Industry (RIDESA) and their respective parents.

?: unknown male parent.

N Genotype Female parent Male parent 
1 IAC862210 CP5248 CO798 
2 IAC862480 US71399 ? 
3 IAC873396 CO740 SP701143 
4 RB721012 CO331 ? 
5 RB72454 CP5376 ? 
6 RB739359 IANE5534 ? 
7 RB739735 CB52179 ? 
8 RB75126 C278 ? 
9 RB83102 NA5679 SP701143 
10 RB835054 RB72454 NA5679 
11 RB835089 RB72454 NA5679 
12 RB835486 L6014 ? 
13 RB845197 RB72454 SP701143 
14 RB845210 RB72454 SP701143 
15 RB845257 RB72454 SP701143 
16 RB855035 L6014 SP701284 
17 RB855036 RB72454 SP701143 
18 RB855113 SP701143 RB72454 
19 RB855156 RB72454 TUC717 
20 RB855453 TUC717 ? 
21 RB855511 SP711406 ? 
22 RB855536 SP701143 RB72454 
23 RB863129 RB763411 ? 
24 RB867515 RB72454 ? 
25 RB925211 RB855206 ? 
26 RB925345 H591966 ? 
27 RB92579 RB75126 RB72199 
28 RB928064 SP701143 ? 
29 RB93509 RB72454 ? 
30 RB935744 RB835089 RB765418 
31 SP775181 HJ5741 ? 
32 SP791011 NA5679 CO775 
33 SP801816 SP711088 H575028 
34 SP801842 SP711088 H575028 
35 SP803280 SP711088 H575028 
36 SP813250 CP701547 SP711279 
37 SP832847 HJ5741 SP701143 

 

in which y is the vector of observations; β is the vector of fixed effects (or the overall mean);  
g is the vector of random genotype effects; e is the random effect of residues; and X and Z are 
the incidence matrices of β and g, respectively. The matrix form of the Equation 1 is given by:

in which b̂  and ĝ  are the estimated vectors of the fixed and genetic effects, respectively; X 
and Z are the known incidence matrices; k is a constant that contains the h2 of each trait, being 

(Equation 1)y = Xβ + Zg + e

(Equation 2)
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2 2(1 ) /k h h= −  and 2 2 2 2/ ( )g g eh σ σ σ= + , where 2
gσ  is the genetic variance component and 2

eσ  is the 
residual variance component; V is the identity matrix (I) used to obtain GV, or a kinship matrix 
(A) described by Wright (1922) to obtain EBV. For the EBV model, 2

gσ  is the additive genetic 
variance, and thus the 2h  assumes narrow-sense heritability values (Lynch and Walsh, 1998).

Prediction of the GV and EBV was carried out using the R packages lme4 (Bates et 
al., 2007) and pedigreemm (Vazquez et al., 2010).

Area index (AI)

The AI was constructed based on the methodology that Nunes et al. (2005) used 
to study phenotypic stability and adaptability, which considers each trait measured as an 
environment in the seminal methodology. For the construction of the radar charts, all traits 
were standardized by assigning a mean of zero and a variance of one. To ensure better graphical 
visualization, a constant (the lowest value of each trait) was added to the standardized values, 
making them all positive.

For the graphical presentation, a polygon based on the genotypes’ performance 
was obtained. Thus, in contrast to the initial proposal of Nunes et al. (2005), in this study, 
we calculated the area of each polygon using the coordinates of the polygon in the plan 
x and y (Equation 3), which was implemented in the R package splancs (Rowlingson and 
Diggle, 2014).

where 1x  is the x coordinate of vertex 1, and nx  is the x of the n-th vertex; 1y  is the y 
coordinate of vertex 1, and ny  is the y coordinate of the n-th vertex.

The values of these areas were used as AI for the selection of promising genotypes. 
Thus, the genotypes with the largest areas should be selected for a posteriori evaluation of 
their radar charts. When it was desired to select genotypes with lower values for a given trait of 
interest, it was necessary to invert the value order. For example, to evaluate the susceptibility 
to a disease in terms of damage, it must be converted into resistance scale, considering the 
highest score as the most resistant. The R codes used to generate the graphics and the AIs are 
attached in the Figures S1 and S2.

In order to compare the viability of the proposed methodology, three different 
strategies for creating the indices were used. An AI was constructed for each analysis approach 
described above (PV, GV, and EBV). These indices were denoted AI for phenotypic values 
(AIPV), AI for genotypic values (AIGV), and AI for estimated breeding values (AIEBV).

Genotypes were ranked for each proposed AI, according to the polygon area formed 
by the original trait order in the data sheet (BRIX, TRS, PUR, POLS, FIB, DM, and POL). 
However, since the trait order can influence the polygon shape, and consequently its area, we 
calculated, for each genotype, the areas of all possible polygons formed, by order permutation 
among the seven traits. In addition, we calculated the mean of all the areas and the difference 
between the smallest and largest polygon area that changes in the trait order produced. To 
check whether the areas formed after permutation were statistically different between them, 
we perform the Scott Knott test adopting 5% significant level.

To check if one order was enough to account for all possible areas, we estimated the 

(Equation 3)1 2 1 2 2 3 2 3 1 1( ) ( ) ( )
2

n nx y y x x y y x x y y xarea − + − + ⋅⋅⋅+ −
=

http://www.geneticsmr.com/year2016/vol15-3/pdf/8711-su2.pdf
http://www.geneticsmr.com/year2016/vol15-3/pdf/8711-su3.pdf
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correlation between the polygon area formed by the original trait order and the mean of all 
possible areas. Moreover, in order to make the values of the areas more reliable and simplify 
the data analysis, we estimated the correlation between the mean of the total number of 
permutation possibilities and the mean value of only 100 permutations. Given the difference 
in area obtained from the permutation, the smallest and the largest areas of each genotype were 
used as the confidence intervals of the mean. Thus, to investigate the potential of using only 
100 permutations, we also carried out correlations between the intervals of the total number of 
permutations with the intervals of 100 permutations.

Finally, to test the reliability of the proposed methodology, the results obtained by 
selection from the AI presented in this study were compared with those obtained using the 
classical indices of Elston (1963) and Mulamba and Mock (1978). In addition, the rank of the 
five most cultivated genotypes in Brazil were also used for comparison (Chapola et al., 2013).

RESULTS

The h2 estimated for the seven traits presented intermediate to low magnitude, ranging 
from 0.1263 (PUR) to 0.4095 (FIB) (Table 2).

BRIX: total soluble solids; POL: apparent sucrose content in the juice; POLS: apparent sucrose content in sugarcane; 
PUR: purity; TRS: total recoverable sugars; DM: dry matter; FIB: fiber content.

Table 2. Narrow-sense heritability coefficients (h2) for seven traits evaluated in 37 sugarcane genotypes.

Variable BRIX POL POLS PUR TRS DM FIB 
h2 0.2294 0.2091 0.2759 0.1263 0.2962 0.4022 0.4095 

 

Figure 1 shows the radar charts for the two genotypes of largest and smallest areas 
from AIPV, AIGV, and AIEBV, based on the original order of the seven traits (BRIX, TRS, PUR, 
POLS, FIB, DM, and POL). In this case, the larger the area of each genotype (black line), the 
better the performance of the genotype regarding the considered traits, compared with the 
mean of all genotypes.

Figure 1. Radar chart for the two genotypes with largest and smallest polygon areas considering the mean 
phenotypic values (PV), the genotypic values (GV), and the estimated breeding values (EBV).  Red lines: overall 
mean of the 37 genotypes for each trait; black lines: standardized mean of each trait for a given genotype. BRIX: 
total soluble solids; POL: apparent sucrose content in the juice; POLS: apparent sucrose content in sugarcane; PUR: 
purity; TRS: total recoverable sugars; DM: dry matter; FIB: fiber content.
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We observed that AIPV differed from the other indices in which genotypes were selected 
as the largest and smallest areas (Figure 1). On the other hand, AIGV and AIEBV selected the 
same two genotypes for the larger areas, RB867515 and SP801816. Both of these genotypes 
showed that only the FIB content was lower than or equal to the trait mean.

For the seven traits, we evaluated 5040 combinations (all possible permutations 
between the seven traits used) and formed different polygons for each genotype. Figure 2 
shows the rank of all evaluated genotypes for each proposed AI formed by the different trait 
combinations. This graph highlights the difference between the lowest and the highest polygon 
areas that a change in trait order may result in for each genotype, as well as the mean of the 
5040 possible areas.

Figure 2. Rank of the 37 genotypes, from the largest to the smallest area (standardized value2), considering the 
original order of the seven traits, for phenotypic value (PV), genotypic value (GV), and estimated breeding values 
(EBV). Shaded area: area of each genotype for the original order of the seven traits; interval bar: interval between 
the smallest and largest possible area for each genotype; dot: mean value of all the possible areas for each genotype.

There were strong correlations between the areas of the original order and the mean 
of the 5040 possible areas for each genotype (Table 3). The highest correlation was observed 
for AIEBV, followed by AIGV and AIPV (Table 3). Furthermore, we found that using only the 
mean of 100 combinations (around 2% of the total) was enough to represent the mean of all 
5040 polygons. When comparing the difference between the superior range and lower range 
(mean interval), that is, for 5040 and 100 permutations, high correlations were also observed, 
especially for EBV, followed by GV and PV (Table 3).
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1Correlation between the areas formed by the original order of the traits and mean areas of the 5040 permutations; 
2correlation between mean areas formed by 100 permutations and mean areas of the 5040 permutations; 3correlation 
between intervals (the largest area minus the smallest area) of 100 and 5040 permutations.

Table 3. Correlation coefficients (r2) of areas formed by the original order of traits, as well as after 100 
permutations with the total number of possible permutations (5040), for each proposed area index (AI; AIPV, 
AIGV, and AIEBV).

AI Area of original order1 Mean of 100 permutations 
Mean2 Interval3 

AIPV 0.93 0.94 0.84 
AIGV 0.95 0.97 0.89 
AIEBV 0.97 0.99 0.93 

 

The two genotypes ranked with the largest area for GV and EBV (SP801816 and 
RB867515, respectively) show statistically significant differences in area values 5% by the 
Scott Knott test (Table S1). However, considering the proposed interval, RB867515 showed 
low variation compared to SP801816, which had the largest range among all genotypes for 
both indices (Figure 2).

Comparing the rank from EBV (Figure 2) and its respective radar charts (Figure 3), 
SP832847 presented a high mean and small interval. As shown in Figure 3, it can be noted 
that all seven traits were above the mean for this genotype. Furthermore, RB721012 presented 
higher means and larger interval than the SP832847 genotype, and it was noted that all traits 
were above the mean for RB721012 too. However, RB721012 presented higher potential for 
FIB. In contrast, IAC873396 had a low mean and a large interval, and the radar chart suggested 
that only one variable (FIB) was higher than the grand mean.

Figure 3. Radar chart of three random genotypes, considering the estimated breeding values (EBV). Red lines: 
overall mean of the 37 genotypes for each trait; black lines: standardized mean of each trait for a given genotype.

http://www.geneticsmr.com/year2016/vol15-3/pdf/8711-su1.pdf
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Table 4 ranked the top five genotypes using the classical indices of Mulamba and 
Mock (1978) and Elston (1963), the indices proposed in this study (AIPV, AIGV, and AIEBV), 
and the five most cultivated genotypes in Brazil (Chapola et al., 2013). Among the different 
indices, only the AIGV and AIEBV included the most cultivated genotypes in Brazil (RB867515).

1Elston index (1963); 2Mulamba and Mock index; 3area index (AI) for phenotypic values (AIPV); 4AI for genotypic 
values (AIGV); 5AI for estimated breeding values (AIEBV); 6rank of the most cultivated genotypes in Brazil (Chapola 
et al., 2013).

Table 4. Rank of the top five genotypes obtained using different selection indices from sugarcane technological 
variables evaluated in this study.

Rank Elston1 Mulamba2 AIPV3 AIGV4 AIEBV5 Varietal census6 
1 SP803280 SP803280 RB83102 SP801816 SP801816 RB867515 
2 SP801816 SP801816 RB855511 RB867515 RB867515 SP813250 
3 RB72454 SP801842 SP813250 RB83102 RB855511 RB855453 
4 SP813250 RB72454 SP832847 RB855511 SP813250 RB92579 
5 RB925211 SP813250 SP803280 SP813250 RB855156 RB855536 

 

DISCUSSION

Genetic evaluation of traits used for the AI

Narrow-sense heritability is an important parameter in crops with vegetative propagation, 
such as sugarcane. For these types of reproduction, the genetic variability is fixed after crossing, 
and there is no segregation at later stages (Resende and Barbosa, 2005; Zhou and Joshi, 2012). 
In this study, the heritability estimates ranged from intermediate to low (Table 2) (Resende, 
2002). A possible cause for the low heritability estimates may be the restricted genetic base of the 
population used in the study (Farias Neto and Resende, 2001; Almeida et al., 2014), since most 
of the genotypes originated from full- or half-sib families (Table 1).

Resende (2002) highlighted the importance of using information of progenies and 
parents, for which there is much information available, which allows increasing the selective 
accuracy of the trait from low to moderate. In situations in which h2 exceeds 0.50, there would 
be practically no advantage in using family information. Thus, selection based solely on the 
individual’s information would provide high h2 (>0.70). However, in the present study, h2 
values were <0.50 for all traits. This highlights the importance of using the additive genetic 
values in order to make the selection process more effective.

AI

The selection index proposed in this study based on the radar chart areas turned out 
to be an efficient method. It presented great potential for application in sugarcane breeding 
programs, as well as in other breeding programs. Nunes et al. (2005) used the radar graphic 
to study the adaptability and stability of cultivars. Since then, the methodology has been 
applied to multi-trait analyses, including selection indices (Lima et al., 2012, 2015). Thus, the 
methodology developed in the present study can be used in multi-trait scenarios, but it could 
also be applied to a multi-environment scenario.

From the visualization of the proposed radar chart (Figure 1), the breeder is able to 
identify for which traits a particular genotype is below or above the desired mean, enabling 
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selection or disposal of materials. For this purpose, the area of the central polygon is the 
mean of all 37 genotypes evaluated for the seven traits. However, in practice, the breeder may 
replace this central area according to his/her interests. For example, a comparison can instead 
be made with a given superior genotype available in the market, or potential improvement 
goals that a company wants to achieve.

For this selection index, the shape and the polygon area are modified based on the order 
that the traits are arranged in. Thus, it would be more appropriate to use the mean of all possible 
areas formed for each genotype. Nunes et al. (2005) did not comment on this fact since the areas 
were evaluated only visually and were based on indirect measurements. Hence, the methodology 
based on the graphical presentation, together with the permutation test, provides the breeder 
a realistic measure of what is found in each graphic, regardless of the traits. It is important to 
highlight that in this study, only seven traits were investigated. Thus, for each genotype, 5040 areas 
were possible considering that the number of permutations increases with increasing number of 
evaluated traits. This procedure usually has high computational costs when the number of traits 
is above 10. In order to facilitate the breeders’ work when using this tool, we investigated the 
correlation between the original trait combination and the mean of the 5040 possible areas. High 
correlations were observed in all cases (Table 3), which suggests that the method is accurate even 
when using a random trait order. Furthermore, we also found that the correlation between 100 
and 5040 permutations was high, both for the means and the intervals. This indicates that it is not 
necessary to use all the permutations for determining the range between the largest and smallest 
areas of each genotype. Based on these results, it should be highlighted that AIGV and AIEBV were 
more accurate in discriminating genotypes than AIPV, since the highest correlations were found 
when using EBV. It is important to use GV and EBV, since the traits studied here presented a 
relatively low h2 (Habier et al., 2010).

Most selection indices used in breeding programs are constructed based on estimates 
of genetic parameters and phenotypic means obtained using analyses of variance (Cameron, 
1997). However, the use of mixed model equations together with variance components 
estimated by REML/BLUP is an alternative that may be used in the construction of indices 
that can result in a more accurate selection process (Resende, 2002; Castro et al., 2016). These 
alternatives were not mentioned by Nunes et al. (2005). As presented in Table 4, unlike AIPV, 
the AIGV and AIEBV indices agreed in which genotypes were identified as having the largest 
areas (SP801816 and RB867515). However, the EBV resulted in a change in the rank of the 
top genotypes, suggesting that the kinship coefficients of the matrix A, no matter how small, 
changed the GV results somehow (Munoz et al., 2014).

The SP801816 genotype presented the largest area for both AIGV and AIEBV. However, 
it also showed the largest variation in the largest and the smallest possible areas among all 
evaluated genotypes. In this case, depending on the order of the traits, this genotype may 
present a very large or very small area, which may be indicative of a disturbing factor for 
the breeder (i.e., some traits present discrepant values that make the interval larger). The 
visualization of this genotype suggests that this disturbance was due to a very low FIB content 
compared to the other traits [Leite et al. (2008) also found low FIB for this genotype]. This 
caused greater variation in the polygon area based on trait order, and consequently a larger 
interval. However, through the selection index methodology proposed here, this disturbing 
factor can be easily visually identified by the breeder, and can be considered a problem or not, 
depending on the trait in consideration.

Although radar charts can provide a good visual interpretation when a small number of 



11Area Index: a multi-trait selection tool

Genetics and Molecular Research 15 (3): gmr.15038711

genotypes is evaluated, this interpretation gets increasingly complicated with increasing number 
of genotypes. Liu et al. (2010) evaluated only seven tobacco genotypes, and consequently, the 
genotypes were easily discriminated using the radar chart. However, breeders usually evaluate 
several genotypes in breeding programs, making it impossible to select superior genotypes by 
radar chart. For instance, Soriano et al. (2005) evaluated 461 pig progenies, and Laino et al. 
(2015) evaluated more than 4000 wheat accessions. Therefore, the application of AI in breeding 
programs that evaluate a very large number of genotypes is useful, since genotypes can be ranked 
and selected based on the area estimated by the AI combined with REML/BLUP.

Using the AI rank (Figure 2), showing the proposed interval for each genotype, together 
with their respective radar charts, the breeder can also easily identify genotypes of interest, as 
well as any kind of disturbance. Assuming that changing the trait order influences the polygon 
shape and area, it is noted that the genotype presents larger area and smaller interval, suggesting 
little influenced by the order. For instance, considering the genotypes SP832847, RB721012, 
and IAC873396, based on the EBV rank of Figure 2, and on their radar charts (Figure 3), the 
former has a very small interval and high mean, and its radar chart is very stable (i.e., only 
slight area changes after permutations), with all traits above the mean. In contrast, RB721012, 
which has the largest interval, has a radar chart with all traits above the mean. Nevertheless, it 
presents different behavior compared with FIB, which is a trait that causes greater variation in 
the polygon area. Finally, IAC873396 presents a low mean and large interval, and consequently 
its radar chart is very unstable and may undergo large variations in polygon shape.

It was also observed that neither the classical indices (Elston, 1963; Mulamba and 
Mock, 1978) nor AIPV ranked RB867515 among the top five ranked genotypes based on the 
seven evaluated traits. AIGV and AIEBV both classified this genotype in the second position in 
the rank (Table 4). This result was confirmed by the rank of the most cultivated genotypes in 
Brazil, in which RB867515 ranks first. The best results were obtained using genotypic values 
and EBV, compared with the results of the analysis based only on the phenotypic means. This 
was probably due to the more accurate estimates and predictions obtained in this study.

To conclude, the proposed index methodology combined with REML/BLUP is 
efficient and can be used as an auxiliary tool for breeders. The radar chart allows a clear 
visualization of genotypes with larger and smaller areas and is suitable both for sugarcane 
breeding and others crops. For this selection index, different traits can be evaluated, and the 
central mean value can be adjusted according to the breeders’ interest. For instance, the mean 
of the company’s genotypes, or the mean of the genotypes that have already been implemented 
in the breeding program may be considered. Although the obtained area differs depending on 
the trait order, a permutation test provides a general area. We found high correlations with all 
possible trait combinations also with fewer permutations. Furthermore, the interval between 
the largest and the smallest area after permutation can be used as a parameter for evaluating 
the stability of the traits in comparison to the central mean.
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