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ABSTRACT. The objectives of this study were to use mixed models to
confirm the presence of genetic variability in 16 soybean genotypes, to
compare clusters generated by artificial neural networks (ANNs) with
those created by the Ward modified location model (MLM) technique,
and to indicate parental combinations that hold promise for obtaining
superior segregating populations of soybean. A field trial was conducted
between November 2014 and February 2015 at Universidade Estadual
de Mato Grosso do Sul, Aquidauana, MS. The experimental design
consisted of four replications of randomized blocks, each containing
16 treatments. We assessed the following agronomic traits: plant
height, first pod height, number of branches per plant, number of pods
per plant, number of grains per pod, hundred-grain weight, and grain
yield. Mixed models were used to estimate variance components and
genetic parameters, and obtain genotypic values for each trait. After
verifying the presence of genetic variability for all traits, genotypic
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values were submitted to both a Ward-MLM procedure and ANNs to
estimate genetic divergence among genotypes. The number of groups
formed by both methods was the same, but there were differences
in group constitutions. ANN analysis improved soybean genotypes
clustering patterns compared to Ward-MLM procedure. Based on these
methods, divergent crosses may be made between genotype 97R73 with
genotypes AS3797 and SYN9070, whereas convergent crosses may be
made between genotypes AS3797 and SYN9070.
Key words: Glycine max; genetic divergence; clustering method

INTRODUCTION
Soybean [Glycine max (L.) Merrill] is the most widely grown oilseed crop in the
world with a production of 260 million tons of grain in 2014/2015, and with production in
Brazil accounting for 25% of this total, thus characterizing this country as the second largest
producer globally (FAO, 2015). An average yield increase of 37 kg·ha-1·year-1 from 1976 to
2015 (Conab, 2015) has been provided by advances in breeding and by improving cultivation
techniques and a cultivated area that is constantly expanding.
In soybean breeding, in order to obtain segregating populations, a choice of parents to
be crossed is required. Artificial hybridization in autogamous plants often involve two-parent
crosses. Major limitations of breeding autogamous species include narrow genetic variation
and low recombination rates that are due to the subsequent self-fertilization process. Thus,
one method to obtain superior progeny is to gather information on agronomic superiority and
genetic diversity in order to enable appropriate combinations among parents, and thus identify
a broader gene set and the feasibility of crossing (Cruz et al., 2014).
The use of multivariate techniques has enabled studies on genetic divergence among
genotypes in soybean (Niu et al., 2015; Torres et al., 2015). Multivariate analyses are based on
algorithms, or distance measurements, which simultaneously consider several features and allow
unification of much data from a feature set. Among the available techniques, agglomerative methods
are most often used as they bring together genotypes into groups such that there is homogeneity
within groups and heterogeneity between groups (Mohammadi and Priasanna, 2003).
Recently, artificial neural networks (ANNs) have emerged as a new method employed
for plant breeding research. ANNs are models that emulate a biological neural network and
are able to quickly process a large amount of data and recognize patterns using self-learning
techniques. Barbosa et al. (2011) reported that the use of ANNs as a method of genotype
clustering is promising because these would act as non-parametric classifiers, require small
samples for training, and in addition tolerate the default and/or loss of data (Haykin, 2009).
Alternatively, the Ward-modified location model (Ward-MLM) procedure proposed
by Franco et al. (1998) is a new approach for characterizing variability using quantitative and/
or qualitative variables. This procedure, when combined with analysis of variance (ANOVA),
has been proven to enable efficient differentiation between genotypes of maize (Gutiérrez et
al., 2003; Franco et al., 2005; Ortiz et al., 2008), forage turnip (Padilla et al., 2005), tomato
(Gonçalves et al., 2009), common bean (Cabral et al., 2010; da Costa Barbé et al., 2010),
pepper (Sudré et al., 2010), banana (Pestana et al., 2011), and cassava (Oliveira et al., 2015).
However, the high environmental influence suffered by quantitative traits, which include traits
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most commonly used in genotypic selection by soybean breeding programs, yields WardMLM results that may be less accurate than those obtained using other techniques (Duarte and
Vencovsky, 2001).
Therefore, the use of mixed linear models to analyze genetic divergence can generate
greater accuracy because these techniques have the advantage of using genotypic values
rather than phenotypic values, thus promoting more accurate results than those obtained using
conventional statistical methods (de Resende, 2004). This has been shown in studies with
Eucalyptus (de Barros Rocha et al., 2007), castor bean (Oliveira et al., 2013) and sugar cane
(Lopes et al., 2014).
According to de Resende (2007), ANOVA, since its creation, along with regression
analysis were the basis of analysis and statistical modeling for many years. However, best
linear unbiased prediction (BLUP) methods developed in 1940 (Bernardo, 1996) and restricted
maximum likelihood (REML) methods developed in 1971 (de Resende, 2002) have replaced
ANOVA methods due to their higher accuracy in a range of applications.
BLUP presumes knowledge of variance component values, and as this is not possible,
these components are estimated via REML; both are then associated with a mixed linear model.
In this model, blocks are considered to be fixed effects whereas other effects (genotypes and
error) are considered to be random effects (de Resende, 2004). The consideration of treatment
effects as random is essential for plant breeding because it is only under this assumption that
genetic selection can be accomplished; otherwise, selection is purely phenotypic. This approach
of treatment effects as random is recognized by several authors (Duarte and Vencovsky, 2001;
Crossa and Franco, 2004; de Resende, 2007; Piepho et al., 2007).
However, despite the importance of using mixed models on the analysis of genetic
divergence, no work thus far has combined this analysis with a Ward-MLM procedure and/or
ANNs. As such, the aims of this study were i) to use mixed models to check the presence of
genetic variability in 16 soybean genotypes, ii) to compare clusters generated by ANNs with
those created by the Ward-MLM procedure, and iii) to indicate promising combinations for
obtaining superior segregating populations of soybean.

MATERIAL AND METHODS
The field trial was conducted between November 2014 and February 2015 at
Universidade Estadual de Mato Grosso do Sul - Unit of Aquidauana (UEMS/UUA), in the
municipality of Aquidauana, MS (20°27'S and 55°40'W; 170 m average altitude). The soil of
the area was classified as Ultisol sandy loam texture, with the following features at 0 to 0.20
m depth: pH (H2O) = 6.2; Al exchangeable (cmolc/dm3) = 0.0; Ca+Mg (cmolc/dm3) = 4.31; P
(mg/dm3) = 41.3; K (cmolc/dm3) = 0.2; organic matter (g/dm3) = 19.74; V (%) = 45; m (%) =
0.0; sum of bases (cmolc/dm3) = 2.3; CEC (cmolc/dm3) = 5.1. The regional climate is classified
as Aw (Savanna Tropical) according to the Köppen classification system. Accumulated rainfall
was 464 mm and maximum and minimum averages temperatures were 37.7° and 16.9°C,
respectively, during the field trial.
Experimental design consisted of a randomized block design with sixteen treatments
and four replications. Each plot had a length of 5 m, spacing between rows of 0.45 m, and a
density of 15 plants/m. Treatments consisted of 16 Roundup-Ready® soybean cultivars: 97R21,
97R71, 97R73, 97Y07, AS3610, AS3730, AS3797, B4184, B4377, CD238, MOSOY6410,
P98Y11, POTÊNCIA, SYN1163, SYN13671, and SYN9070.
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Before seeding, a commercial formulation of glyphosate was applied at 6 L/ha with a bar
sprayer equipped with a cone-type nozzle. Seeds were treated with fungicide (pyraclostrobin +
thiophanate-methyl) and insecticide (fipronil) at 200 mL commercial product per 100 kg seed in
order to ensure protection against pests and soil fungi. Seed was then inoculated with Bradyrhizobium
at 200 mL concentrated inoculum per 100 kg of seeds to encourage nitrogen fixation.
Soil tillage consisted of one heavy harrowing and two leveler harrowing passes, after
which grooves were mechanically opened. Base fertilization was not conducted as soil fertility
was high. Methyomil (600 mL/ha of commercial product) and thiamethoxam + lambdacyhalothrin (200 mL/ha) were applied with a nozzle cone Coastal sprayer to control pests.
Glyphosate (6 L/ha) and, subsequently, hand weeding were used to control weeds.
At maturation, the following agronomic traits were assessed: plant height (PH), first
pod height (FPH), number of branches per plant (NB), number of pods per plant (NP), number
of grains per pod (NGP), hundred-grain weight (HGW), and grain yield (YIE). Ten plants
from each plot were selected at random and PH and FPH were measured in centimeters with
a tape measure. NB, NP, and NGP were then quantified for each of these plants. The central
rows of each plot were then harvested to determine YIE, whereby grain from these plants was
weighed, mass measurement was corrected to 13% moisture, and yields were extrapolated to
kg/ha values. Similarly, a sample was collected, weighed, and correct to 13% moisture in order
to calculate HGW (g).
To estimate variance components, data were submitted to a REML procedure. The
following statistical model was used: y = Xb + Zg + e, wherein y, b, g and e correspond to the
data vector, block effects (fixed), genotype effects (random), and random errors, respectively,
and where X and Z are incidence matrices for b and g, respectively. The assumed distributions
and structures of means and variances were:
(Equation 1)

(Equation 2)
Model fit was obtained from the mixed model equations:
(Equation 3)
Where
(Equation 4)

Iterative estimators of variance components by REML were calculated:
(Equation 5)
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is the genotypic variance and q is the number of genotypes;
(Equation 6)

where
is the environmental variance, r(x) is the rank of the X matrix and N is the total
number of data points;
(Equation 7)
where

is the phenotypic variance;
(Equation 8)

where h g2 is broad sense heritability;
(Equation 9)
where

is mean genotypic heritability and J is the number of blocks;
(Equation 10)

where Ac is the accuracy of genotypic selection;
(Equation 11)
where CVg is the coefficient of genotypic variation and m is the overall mean;
(Equation 12)
where CVe is the coefficient of experimental variation; and
(Equation 13)
where b is named b-quotient.
Genotypic means for each trait were obtained by the BLUP method, given by
,
wherein is the overall trait mean and ĝ is the predicted genotypic effect. Statistical analyses
to obtain variance components, genetic parameters, and genotypic values were conducted
using the Selegen-Reml/Blup software (de Resende, 2002).
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On the methodology of mixed models, model effects should not be tested via an F
test, as is done using analysis of variance (ANOVA) (de Resende, 2004). In this case, the
recommended test for random effects is the likelihood ratio test by analysis of deviance.
This analysis, suggested by de Resende (2002), represents a generalization of the ANOVA
and indicates the quality of the model fit. In addition, this procedure allows consideration
of correlated treatments (multicollinearity), a situation that is common in breeding but
that is ignored by ANOVA methods, which assume independence of treatment effect
errors (de Resende, 2007).
In order to verify genetic divergence among soybean genotypes, the predicted
genotypic values for each trait were submitted simultaneously to the Ward-MLM
procedure for the composition of the groups through the CLUSTER and IML procedures
from SAS® software version 9.1.3 (SAS Institute, 2003). The first step in this process
was to estimate the similarity matrix using the Gower algorithm (Gower, 1971). The
definition of the optimal number of groups was completed according to the pseudo-F and
pseudo-t2 criteria combined with the likelihood profile associated with the likelihood ratio
test. Subsequently, the genotypes were clustered in groups according to the Ward (1963)
agglomerative hierarchical method. To verify dissimilarity among the groups, the distance
proposed by Franco et al. (1998) was determined.
In order to study genetic divergence among the soybean genotypes via ANNs, a
computational routine based on the Kohonen model was implemented with the assistance
of the MatLab program (MathWorks, 2010). ANNs were supplied by an input matrix i x j,
wherein i genotypes (i = 1, 2, ..., 16) and j traits (PH, FPH, NB, NGP, HGW, and YIE) were
considered, and which together represent the input vector X. The intermediate layer was
composed of n neurons and output of k neurons representing groups in which the genotypes
could be clustered. After the data set was submitted to the ANNs, only one output neuron was
activated, recording the group to which the genotype belonged. Groups were composed of
similar genotypes so that there was homogeneity within groups and heterogeneity between
groups. As such, a rating by similarity of values was made after 5000 simulations.
Considering that j = 7 traits, each input vector element corresponded to the trait
set evaluated in genotype i. In the process of implementing the ANNs, the input data set
was completely and repeatedly supplied. The synaptic weight vector of each neuron k
from the output layer had the same dimension of the input space. Spatial location of a
topological neuronal neighborhood was performed by genotyping individuals determined
to be centroids. For each output group there was one centroid individual, which was the
genotype with the most significant (or typical) features of that group. Thus, the centroids
indicated the most typical location of any genotype from a particular group. Finally, to
verify dissimilarity among the resulting groups, we determined the distance proposed by
Franco et al. (1998).

RESULTS AND DISCUSSION
Analysis of deviance indicated a significant genotype effect (P < 0.01) for all assessed
traits (Table 1). As such, the variance and heritability coefficients were significantly different
from zero and the existence of genetic variability for these traits was indicated. Similar results
were obtained in other studies with soybeans grown in this region (da Silva Jr et al., 2014;
Torres et al., 2014; Teodoro et al., 2015a,b; Torres et al., 2015).
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Table 1. Variance components, genetic parameters and analysis of deviance for plant height (PH, cm), first
pod height (FPH, cm), number of branches (NB), number of pods (NP), number of grains per pod (NGP),
hundred-grain weight (HGW, g) and grain yield (YIE, kg/ha) traits assessed in 16 soybean genotypes grown
in the Cerrado-Pantanal ecotone.
Parameters

PH
103.66

FPH
5.29

NB
1.25

σ̂ e2

82.41

2.23

σ̂
h

2
f
2
g

186.07

7.52

0.56

h

2
mg

0.83

σ̂ g2

Ac

CVg
CVe
b
Genotype
Mean

NP
115.66

NGP
0.11

HGW
1.73

YIE
317,032.45

0.18

93.85

0.02

0.71

230,506.22

1.43

209.51

0.13

2.44

547,538.67

0.70

0.87

0.55

0.82

0.71

0.58

0.90

0.97

0.83

0.95

0.91

0.85

0.91
14.61

0.95
19.02

0.98
22.23

0.91
17.34

0.97
13.75

0.95
8.20

0.92
14.97

13.03

12.35

8.44

15.62

6.46

5.26

12.76

1.12
362.75*
69.70

1.54
185.82*
12.09

2.63
91.29*
5.62

1.11
377.82*
73.63

2.13
51.79*
2.71

1.56
86.09*
16.86

1.17
851.54*
3.761.17

= genotypic variance;
= environmental variance;
= phenotypic variance; h g2 = heritability in the broad
sense;
= mean of genotype heritability; Ac = accuracy in the selection of genotypes; CVg = coefficient of
genotypic variation; CVe = coefficient of experimental variation; b = b-quotient; *significant at 1% probability by
the chi-square test.

The variance of genotypic effects ( ) was an order of magnitude higher than the
variance of environmental effects ( ) for all traits assessed, and revealing predominantly
genetic control of phenotypic variance, and thus indicating the possibility of obtaining gains
by selection (Cruz et al., 2014). Mean genotype heritability ( ) is estimated when using block
means as evaluation and/or selection criteria (de Resende, 2007). When considering calculated
heritability values (≥0.83), there is a reliable indication of the more divergent combinations
based on the predicted genotypic values (de Resende, 2004). When estimating broad sense
heritability ( ĥ g2 ), we considered the total genetic dispersion, which is relevant as we seek to
explore all
among the soybean genotypes. According to de Resende (2002), estimates of
ĥ g2 for FPH, NB, NGP, and HGW can be considered high magnitude (>60%) and accurate.
Similar results were obtained by da Silva Jr et al. (2014) for these traits.
The accuracy in the selection of genotypes (Ac) reflects the quality of the information
and procedures used in the prediction of genetic values. This measure is related to the accuracy
of selection and refers to the correlation between predicted values and real genetic values for
individuals (de Resende, 2007). As such, a higher Ac for a given trait indicates a greater confidence
in the assessment and predicted genetic value for genotypes. In the present study, all traits showed
significant values of Ac and
, indicating high additive genetic variability and precision in its
identification, and thus the possibility of success in the study of divergence (Cruz et al., 2014).
The coefficient of experimental variation (CVe) ranged between 5.26% (HGW) and
15.62% (NP), results that resemble those obtained in other studies with soybean (da Silva Jr et
al., 2014; Torres et al., 2014; Torres et al., 2015). According to Cruz et al. (2014), phenotypic
traits with continuous distribution and CVe values lower than 20% indicate excellent
experimental accuracy. According to another interpretation, the coefficient of genetic variation
(CVg) quantifies the magnitude of genetic variation for selection and, therefore, higher values
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are desired. The b-quotient is the ratio between CVg and CVe, the calculated value (≥1.00) of
which that was obtained for all traits in the present study indicates a situation conducive to
selection (de Resende, 2007). Thus, according to the various genetic parameters evaluated, it
is possible to infer that the data obtained are suitable for the study of genetic diversity, since
variability among genotypes was indicated for all traits.
Results in Table 2 indicate that the Ward-MLM procedure and ANNs analysis formed
the same number of genotypic groups (four each). Differences in constitution between groups
were due to particular statistical procedures of each method. Gonçalves et al. (2009) and da
Costa Barbé et al. (2010) report that determining groups using the Ward-MLM procedure is
less subjective than when using ANNs methods because the Ward-MLM procedure is based
on analysis of the likelihood function (pseudo-F and pseudo-t2). Conversely, the ANNs created
in this study clustered genotypes based on a group centroid, which is the genotype with the
most significant features of the group. According to Barbosa et al. (2011), the use of ANNs as
a clustering technique is promising because of its nonlinear structure, which allows capture of
the more complex features of a data set.
Table 2. Clustering of 16 soybean genotypes grown in the Cerrado-Pantanal ecotone by Ward-MLM procedure
and artificial neural networks (ANNs) and number of genotypes matching in each group generated.
Group
I
II
III
IV

Genotypes clustered by Ward-MLM
97R21, B4377, MOSOY64, SYN1163 and SYN1367
AS3610 and CD238
97R73, AS3730, B4184 and P98Y11
97R71, 97Y07, AS3797, POTÊNCIA and SYN9070

Genotypes clustered by ANNs
97R21, MOSOY64, SYN1163 and SYN1367
B4377, CD238 and B4184
97R73, AS3610, 97R71, 97Y07 and POTÊNCIA
AS3730, P98Y11, AS3797 and SYN9070

Number of genotypes in common
4
1
1
2

Genotypes in bold correspond to those that were allocated in the same groups in both used procedures.

The Ward-MLM procedure clustered five genotypes into group I, whereas ANNs
clustered four genotypes into group I. Comparing the genotypic means of group I according
to the clustering method (Table 3) verifies that the values are similar for all traits. This
was due to the similar clustering pattern, which allocated genotypes 97R21, MOSOY64,
SYN1163, and SYN1367 to that group. Group II contained two genotypes according to the
Ward-MLM procedure and three according to ANNs analysis. The only common genotype
in both approaches was CD238. Group III contained four and five genotypes according
to the Ward-MLM procedure and ANNs analysis, respectively. Only genotype 97R73 was
shared between both groups. The Ward-MLM procedure clustered five genotypes into
group IV, whereas ANNs clustered four genotypes into group IV, and genotypes AS3797
and SYN9070 were included in the groups created by both methods. Regardless of the
method used, group II was formed by soybean genotypes with intermediate agronomic
performance, whereas groups III and IV were composed of genotypes with improved
performance in the growing region.
Table 4 expresses the distance between groups formed by the Ward-MLM procedure
and the ANNs analysis according to the criteria proposed by Franco et al. (1998). Regardless of
the pair of groups, the distance suggested by the ANNs analysis was superior to that suggested
by the Ward-MLM procedure. Initially, this shows that the clustering method created in this
study is superior because it maximized the distance between the groups, which is a basic
premise of plant breeding (Cruz et al., 2014).
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Table 3. Predicted genotypic values according to the clustering by Ward-MLM procedure and artificial neural
networks (ANNs) for various plant traits assessed in 16 soybean genotypes grown in the Cerrado-Pantanal ecotone.
Group
I
II
III
IV

Procedure
Ward-MLM
ANNs
Ward-MLM
ANNs
Ward-MLM
ANNs
Ward-MLM
ANNs

PH
71.33
69.17
65.63
76.09
78.81
68.00
67.85
74.36

FPH
11.97
11.40
10.53
12.77
13.01
11.99
12.10
12.40

NB
5.07
5.02
5.38
5.23
6.21
5.64
5.81
6.50

NP
57.81
55.72
70.55
63.35
82.92
76.72
82.94
95.00

NGP
2.54
2.50
2.60
2.63
2.82
2.76
2.85
2.93

HGW
17.20
17.27
15.86
15.44
16.78
15.88
17.00
18.75

YIE
3288.02
3206.39
3830.56
3590.00
4000.92
3910.28
4014.78
4257.95

PH = plant height (cm); FPH = first pod height (cm); NB = number of branches; NP = number of pods; NGP =
number of grains per pod; HGW = hundred-grain weight (g); YIE = grain yield (kg/ha).
Table 4. Distance between the groups formed by the Ward-MLM procedure and artificial neural networks
(ANNs) as criteria proposed by Franco et al. (1998).
Ward-MLM/ANNs*
Group
I
II
III
IV

I
0

II
24.49 / 26.18
0

III
19.01 / 20.16
19.37 / 21.04
0

IV
37.92 / 42.65
33.32 / 38.06
44.35 / 49.05
0

*The first value refers to the distance of groups formed by Ward-MLM procedure, while the second refers to groups
generated by ANNs.

Regardless of clustering method, genotypes in group III showed a high similarity
with genotypes from groups I and II. In order to not restrict genetic variability in breeding
programs, these groups are not recommended for hybridization use, in order to not prevent
realization of possible gains with a given selection differential. This occurs because
genetically related parents tend to share more genes or alleles, and when two of these
parents are crossed, there is little variation from which to select, given the low level of
allelic heterozygosity (Cruz et al., 2014).
According to the outcomes of both analysis methods, the greatest distance
was observed between the groups III and IV. This high divergence, initially, allows a
recommendation to cross between these pairs in order to maximize the appropriate selection
differential in progeny and increase the possibility of segregants in advanced generations due
to increased numbers of loci conferring dominance effects (Cruz et al., 2014). In addition,
individuals from these groups have the highest genotypic means for YIE, an extremely
important trait in the selection of superior genotypes in a breeding program. As such, it may
be possible to generate genotypes with a high heterotic effect due to different numbers of
loci on which dominance effects are evident.
Finally, based on group classifications by both methods and on superior agronomic
performance, we recommend crosses between genotype 97R73 (group III) and genotypes
AS3797 and SYN9070 (group IV) when the aim of the breeding program is to generate
divergent genotypes and exploit a higher selection differential in the population. Conversely,
when the aim is to increase the population mean, convergent crosses between genotypes
AS3797 and SYN9070 (group IV) can be made.
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