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Globally, soybean [Glycine max (L.) Merr.] is one of 
the most cultivated field crops, planted on 120 million 
hectares (FAO, 2016). Among the primary produc-

ing countries, Brazil is the second largest producer with nearly 
115 million metric tons (CONAB, 2017). Seed yield potential 
is associated with genetic attributes, environmental conditions 
(i.e., geographical position, soil, weather), management prac-
tices (i.e., plant density, row spacing), and their interactions 
(van Ittersum and Rabbinge, 1997; Evans and Fisher, 1999; 
Vanlauwe et al., 2003; Rowntree et al., 2013; Van Roekel et al., 
2015). At the field-level, management practices are applied as a 
strategy to reduce the gap between current and attainable yields 
(i.e., yield under optimal management) (van Ittersum et al., 
2013; Bunselmeyer and Lauer, 2015).

From the standpoint of management practices, seeding rate is 
one of the main factors controlled by growers (Egli, 1988; Lee et 
al., 2008; Walker et al., 2010; Cox and Cherney, 2011; Mueller 
et al., 2014; Thompson et al., 2015). Consequently, many studies 
have been conducted globally on the effect of seeding rate on 
soybean yields (Lee et al., 2008; De Bruin and Pedersen, 2008; 
Walker et al., 2010; Coulter et al., 2011; Rahman et al., 2011; 
Cox and Cherney, 2011; Thompson et al., 2015; Ferreira et al., 
2016). Conceptually, soybean yield response to plant density 
can be separated into three phases (Duncan, 1986): (i) yield-
density model without plant competition; yield mainly depend-
ing on the individual plant contribution; (ii) yield-density 
model at canopy-scale, community of plants increasing light 
interception on a unit-area basis until yield reaches a plateau; 
and (iii) yield-density model after yield has plateaued, further 
seeding rate increase does not improve yield.

Environmental conditions such as yield potential could play 
an important role on the optimum seeding rate prescription 
(Egli, 1988; De Bruin and Pedersen, 2008; Lee et al., 2008; 
Walker et al., 2010; Van Roekel and Coulter, 2011; Rowntree 
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AbsTRAcT
Optimizing seed inputs while increasing farming profit is the 
main purpose of variable rate seeding (VRS) technology adop-
tion. Previous studies in corn (Zea mays L.) suggested that opti-
mal seeding rates increase as yield productivity level increased. 
For soybean [Glycine max (L.) Merr.], optimal yield-to-seeding 
rate by yield level has not been fully investigated, representing a 
scientific knowledge gap. Therefore, a dataset was collected from 
109 replicated field trials from Southern Brazil (2180 experi-
mental units) presenting the following objectives: (i) identify the 
optimum seeding rate at varying yield levels (herein termed as 
yield environments), and (ii) explore the contribution of manage-
ment factors (i.e., seeding rate, planting date, row spacing, matu-
rity groups, growing season, yield environment, and ecological 
region) on soybean seed yield. Hierarchical modeling and Bayes-
ian statistical inference were used to predict optimum seeding 
rate at varying yield environments, while conditional inference 
tree analysis was explored to identify and rank factors contribut-
ing to yield variation. The main results were: (i) soybean seeding 
rate increased from high- to low-yielding environments; (ii) seed-
ing rate could be reduced by 18% in high-yielding (>5 Mg ha–1) 
relative to the low-yielding (<4 Mg ha–1) environments, without 
penalizing yields. For improving site-specific soybean seeding 
rate prescriptions, future studies should focus on the physiologi-
cal mechanisms underpinning yield formation and on under-
standing the main factors (soil × plant × weather) contributing 
to the differential optimum seeding rate response.
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core Ideas
•	 Soybean yield response to seeding rate was dependent on yield 

environment.
•	 Optimum seeding rate increased as yield environments were 

reduced.
•	 Seeding rate could be reduced by 18% for high-yielding relative to 

low-yielding environments, without penalizing yields.
•	 Planting date interacts with seed yield response to seeding rate, 

optimum seeding rates increase with late planting.
•	 For high-yielding environment, late planting time decreased yields 

regardless of the seeding rate.
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et al., 2013; Thompson et al., 2015). Currently, little is known 
about the opportunity of adjusting optimum seeding rate 
according to yield levels or yield potential for soybean. Many 
farmers increase soybean seeding rates in lower yielding zones of 
fields (Lowenberg-DeBoer, 1999), but this practice has not been 
well-documented from a research standpoint. Improved under-
standing on this topic could shed light on optimizing seed input 
use by productive zone within a field, as well as increasing the 
return of investment. The current study provides a science-based 
foundation for the adoption of variable rate seeding (VRS), a 
precision agriculture technology available for modern plant-
ers (McBratney et al., 2005; Khosla et al., 2008; Gebbers and 
Adamchuk, 2010; Hörbe et al., 2013; Shearer and Pitla, 2014), 
for soybean. Yield-density models by yield level (herein termed 
as yield environment) facilitating the implementation of VRS 
technology were recently published for corn (Assefa et al., 2016; 
Schwalbert et al., 2018) and canola (Assefa et al., 2017). Thus, 
the main goal of this study was to identify the optimum soybean 
seeding rate at varying yield environments to provide a science-
based foundation for adoption of VRS technology. Following 
this rationale, Bayesian statistical inference models were applied 
as the main approach to predict the probability of changing 
seeding rates across yield environments optimizing or without 
penalizing yields. Lastly, a conditional inference tree analysis 
was explored to identify and rank the main management factors 
contributing to variation on the soybean seed yield and seeding 
relationship at varying yield environments.

MATeRIALs AnD MeTHODs
Data Description

Soybean seeding rate data were aggregated from a combina-
tion of 15 site-years for soybean seeding rate trials performed by 
Embrapa between 2012 to 2013 and 2016 to 2017 growing sea-
sons, in six dryland sites from Southern Brazil (2,180 experimental 
units) (Table 1). Soybean seeding rate trials were placed in two 
contrasting ecological regions (Fig. 1) based on the adaptability of 

soybean cultivars in the region (Kaster and Farias, 2012). The data-
base had 109 site-years by cultivar combinations. All research trials 
were performed in a split-plot design with a randomized block 
arrangement with four replications, in a plot of 3-m width by 5-m 
length. Cultivars were the main-plot, and five seeding rates, rang-
ing from 100,000 to 500,000 seed ha–1, were the sub-plot level.

Experimental units were uniformly fertilized with all rec-
ommended nutrients following regional prescriptions. Weed, 
insect and disease control were accomplished according to the 
best management practices for soybean. For each site-year com-
bination in addition to seeding rates, three main management 
variables were considered for the current analysis: planting date 
(ranging from 5 October to 15 December), row spacing (ranging 
from 20 to 45 cm), and maturity group (ranging from 4.2 to 6.3). 
Seed yield was obtained from the central two-rows for each plot 
and adjusted to 130 g kg–1 moisture. Not all planting date, row 
spacing, and maturity groups were tested in each site-year. The 
final plant density (number of plants harvested) was not available 
in our dataset; thus, seeding rate at planting time was considered 
as the main factor for evaluating the yield-density models.

Data Analysis

The yield data (Fig. 2A) were divided in three yield environ-
ments following the percentiles of data distribution (<33%, 
33–66%, and >66%) for low (LY), medium (MY), and high 
(HY) yielding levels (Fig. 2B). The average yield, across all seed-
ing rates at each site-year combination, was used as the approach 
to classify yield environment (Assefa et al., 2016). This method 
represents the interaction between site by environmental con-
ditions within a year and the yield variation is only due to the 
experimental treatments (Assefa et al., 2016). The classification 
was based on frequency of the yield data distribution. A motiva-
tion behind this classification was to obtain balanced number of 
observations across yield environments.

To identify seed yield variation accounted by known factors 
such as yield environment, growing season, ecological region, 

Table 1. Site name and location, soybean ecological region, growing season, number of genotypes, maturity groups, and seeding rates 
evaluated for each site-year in Southern Brazil.

Site
Soybean  

ecological region†
Growing
season

Number of
genotypes

Maturity  
groups

Seeding rate  
(× 1000 ha–1)

Campo Novo, RS 102 2014/2015 10 9 (from 4.2 to 6.3) 100, 230, 300, 360, 490
(27°39´ S; 53°49´ W) 2015/2016 8 5 (from 5.3 to 6.2) 100, 230, 300, 360, 490

2016/2017 7 5 (from 5.6 to 6.2) 100, 230, 300, 360, 490
Gentil, RS 102 2015/2016 8 5 (from 5.3 to 6.2) 100, 230, 300, 360, 490
(28°26´ S; 52°02´ W) 2016/2017 6 4 (from 5.7 to 6.2) 100, 230, 300, 360, 490
Passo Fundo, RS 102 2012/2013 2 1 (5.6) 100, 200, 300, 400, 500
(27°14´ S; 52°24´ W) 2013/2014 2 1 (5.6) 100, 230, 300, 360, 490

2014/2015 12 9 (from 4.2 to 6.3) 100, 200, 300, 400, 500
2015/2016 8 5 (from 5.3 to 6.3) 100, 230, 300, 360, 490
2016/2017 8 5 (from 5.6 to 6.2) 100, 230, 300, 360, 490

São Luiz Gonzaga, RS 102 2015/2016 7 4 (from 5.7 to 6.2) 100, 230, 300, 360, 490
(28°23´ S; 54°59´ W) 2016/2017 6 4 (from 5.7 to 6.2) 100, 230, 300, 360, 490
Vacaria, RS 103 2015/2016 8 5 (from 5.3 to 6.2) 100, 230, 300, 360, 490
(28°27´ S; 50°56´ W) 2016/2017 7 5 (from 5.6 to 6.2) 100, 230, 300, 360, 490
Guarapuava, PR 103 2014/2015 10 9 (from 4.2 to 6.2) 100, 230, 300, 360, 490
(25°25´ S; 51°31´ W)
† Ecological region 102 cover partially the states of Paraná, Santa Catarina and Rio Grande do Sul, represents medium to high altitudes (from 150 
to 900 m), and Cfa and Cfb as the Köppen’s climate classification (Alvares et al., 2013); Ecological region 103 cover partially the states of São Paulo 
(south) Paraná (northeast), Santa Catarina (central) and Rio Grande do Sul (northeast), represents high altitudes (>600 m), and Cfb as the Köppen’s 
climate classification (Alvares et al., 2013).
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seeding rate, planting date (DOY, day of year), row spacing, 
maturity group, and their respective interactions, the variance 
was estimated using the nlme procedure and VarComb package 
in R program (R Development Core Team, 2013). The variance 
components were represented by yield environment, ecological 
region within yield environment, growing season within yield 
environment, and the interaction ecological region × growing 
season within yield environment. Management practices such 
as DOY, plant density, row spacing, and maturity group were 
analyzed separately. These management factors were treated as 
fixed effects, whereas yield environment (or yield level), growing 
season, and ecological region were considered as random vari-
ables. The interclass correlation coefficient (ICC) was defined as 
the yield variance effect divided by the yield variance total.

Hierarchical Modeling and  
bayesian statistical Inference

Hierarchical Bayesian models were implemented to quantify 
soybean yield response to seeding rate. Large agronomic data 

sets coming from complex biological systems usually present an 
elevated degree of uncertainty, variability, and correlation (e.g., 
spatial and temporal) observed at different levels (e.g., within- 
and between-fields). Among the most recent proposed solutions 
for dealing with data portraying the aforementioned character-
istics are the Hierarchical Bayesian models (Cressie et al., 2009; 
Gelman et al., 2004; Gelman and Hill, 2007). Those models 
can address multiple sources of variability at different scales or 
levels (Kyveryga et al., 2013). In contrast with standard frequen-
tist approaches, Bayesian Hierarchical inference models provide 
better information about the source of variations and the differ-
ence in means than a simple p-value (Meredith and Kruschke, 
2018). The Bayesian Hierarchical models can provide complete 
distributions of credible values for the effect size, group means 
and their difference, allowing researchers access to a more com-
plete understanding of the effect size of the studied treatments. 
Hierarchical models represent the environmental interactions 
using a series of conditional probability distributions (Kyveryga 
and Blackmer, 2014).

Fig. 1. Map of locations where experimental seeding rate trials were performed. The ecological regions are highlighted with different 
colors (101, yellow; 102, blue, and 103, gray) as proposed by Kaster and Farias (2012). The current classification is large-scale adopted 
to test the adaptability of soybean cultivars; the main characteristics are presented as follows: ecological region 101) located in the state 
of Rio Grande do Sul, represents the highest latitudes in the country, low altitudes (~100 m or less) and climate as Cfa according to 
Köppen’s classification (Alvares et al., 2013). Ecological region 102 cover a 24 to 29.5° S latitude range (states of Paraná, Santa Catarina 
and Rio Grande do Sul), medium to high altitudes (from 150 to 900 m), and Cfa and Cfb as the Köppen’s climate classification (Alvares et 
al., 2013). Lastly, the ecological region 103 cover partially the states of São Paulo (south), Paraná (northeast), Santa Catarina (central) and 
Rio Grande do Sul (northeast), and superior altitudes (>600 m), and Cfb as the Köppen’s climate classification (Alvares et al., 2013).

Fig. 2. Dataset of soybean seeding rate versus seed yield aggregated from a combination of 15 site-years (A) and frequency distribution 
classification of soybean yield for three yield environments: low (LY, <4 Mg ha–1; yellow), medium (MY, 4–5 Mg ha–1; green), and high (HY, 
>5 Mg ha–1; blue) (B). Yield environments were delineated by average of site-year yield approach. Yield environments were classified by 
percentiles (<33%, LY; 33–66%, MY; >66%, HY).
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The model comprised three hierarchical levels: field-level 
(site-year), yield environment-level (low, medium, and high), and 
regional-level. First, regression models were fitted to the field-
level. As a second step, those models were aggregated to a higher 
hierarchical level (i.e., environment and regional level). Thus, 
three statistical models were tested individually for all the n fields 
to identify the yield–seeding rate relationship: linear with pla-
teau, quadratic, and quadratic with plateau. These models were 
selected based on the typical soybean seed yield to seeding rate 
relationship (Popp et al., 2006; De Bruin and Pedersen, 2008; 
Cox and Cherney, 2011; Thompson et al., 2015). Soybean yield 
is assumed to increase at a decreasing rate until a specific seeding 
rate, at which point yield is expected to either plateau or decrease 
(Thompson et al., 2015). All the parameters of the response model 
(intercept, linear, angular coefficients and breakpoint) were 
assumed to follow a normal distribution with μn and precision λn 
unique for each field. The precision parameter was defined as the 
reciprocal of variance (i.e., higher precision with lower variation) 
(Kyveryga and Blackmer, 2014). The yield environment coef-
ficients were expressed as conditional distribution of field means 
μn, given regional means and regional precisions distributions. 
Finally, for the regional model (global model), the yield environ-
ment precision parameters λn were assumed to follow a γ distribu-
tion with parameters α and β (Kyveryga and Blackmer, 2014).

All prior distributions were assumed to be “diffuse” (present-
ing small precision, large variances), having little influence on 
the analysis relative to the observed data (Kyveryga et al., 2013). 
The prior distributions were set accordingly the magnitude of 
the coefficient to be estimated since the intercept was estimated 
at the scale of the dependent variable (i.e., seed yield [Mg ha–1]). 
Breakpoint is estimated at the scale of the independent variable 
(i.e., seeding rate [1000 × seed ha–1]), and linear and angular coef-
ficients were estimated at the smallest scale since they control the 
rate of change in soybean seed yield as function a of seeding rate 
at the scale units abovementioned. A Markov-chain Monte Carlo 
simulation was used for this approach (Gelman and Hill, 2007) 
following a Gibbs sampling algorithm with 15,000 random draws 
after a warm up period of 5,000 interactions. The rjags package 
(Plummer, 2016) was used to build the models in the R program. 
The models were parametrized using precision parameters, that 
is the default option for the package. All models were run in the 
Beocat Research Cluster at Kansas State University due to the 
high demand for computing power. Based on prior distributions, 
that were built to represent the possible values of observations 
using Bayesian analysis, we updated these values in a posterior pre-
dictive-probabilities distribution (Kyveryga et al., 2013) for each 
yield environment. Since the main focus of the work was to inves-
tigate the yield and seeding rate response models in a given yield 
environment, the hierarchical regional-level was not explored.

conditional Inference Trees

A conditional inference regression tree analysis was executed 
to examine relevant interactions as well as significant sources of 
variation for yield and seeding rate factors. This approach is an 
alternative to overcome bias since it does not imply statistical 
assumptions relative to the data distribution. The conditional 
inference regression tree can be implemented using categorical 
and continuous explanatory variables and is robust for outliers, 
missing data, exposing variable interactions (Hothorn et al., 

2006; Tittonell et al., 2008; Hastie et al., 2009). In addition, 
this approach has been recently implemented to identify yield 
constraints in field crops (Lobell et al., 2005; Ferraro et al., 2009; 
Mourtzinis et al., 2018). A more detailed explanation of the 
benefits of use conditional inference regression tree methodology 
was recently described by Mourtzinis et al. (2018). The partykit 
package (Zeileis and Hothorn, 2015) in the R program was used. 
The criterion for the independence test was based on univariate 
p-values (α = 0.05). The number of intermediate, terminal nodes, 
and the maximum tree depth were set according partykit pack-
age default (Zeileis and Hothorn, 2015). To build a more robust 
decision tree a training/validation approach was implemented. 
Sampling without replacement was performed aiming at select-
ing 70% of the total data points for training and the remaining 
30% for validation purposes. Separation of the dataset into 
training and validation was required to self-test model replicabil-
ity with an independent dataset. The accuracy of the model was 
accessed using the root mean square error (RMSE) from the 
cross-validation. Lastly, training and validation datasets were 
pooled together to build the universal (global) model.

ResULTs
Yield variability across site-years was largely (ICC = 0.69) 

explained by yield environment (e.g., HY, MY, and LY) 
(Table 2). The DOY and seeding rate (both within yield envi-
ronment, growing season, and ecological region effects) were the 
second and third main factors in order of importance, account-
ing for 7 and 5% of yield variation, respectively (Table 2). Across 
all factors, growing season (year) and soybean ecological region 
(e.g., 102 and 103) accounted for a small yield variation relative 
to the other sources of variability. Similar results were found for 
row spacing and maturity group, both (combined) accounted 
for 2% of yield variability. The amount of variability accounted 
for unexplained factors (high level interaction and residual) was 
17% (ICC = 0.17) (Table 2).

Among the statistical models evaluated, the linear with pla-
teau model best explained the yield-seeding rate relationship; 
however, the average seeding rate at yield-plateau (breakpoint) 
varied across yield environments (Fig. 3).

Table 2. Estimation of soybean yield variance components in an 
environmental-based (yield environment, ecological region, and 
growing season) and management factors-based (DOY, seeding 
rate, row spacing, maturity group).
Covariance effect Variance ICC†
Yield environment 0.862 0.69
Ecological region (yield environment) 0.000 0.00
Growing season (yield environment) 0.000 0.00
Ecological region × growing season (yield 
environment)

0.000 0.00

DOY (yield environment growing season 
ecological region)

0.082 0.07

Seeding rate (yield environment growing 
season ecological region)

0.063 0.05

Row spacing (yield environment growing 
season ecological region)

0.020 0.01

Maturity group (yield environment growing 
season ecological region)

0.161 0.01

High level interaction and residual 0.209 0.17
† ICC, interclass correlation coefficient, defined as yield variance ef-
fect/yield variance total.
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Using the Bayesian Hierarchical inference models within 
each yield environment, the average yield at the plateau followed 
the order: LY > MY > HY (Fig. 3). Average seeding rate at the 
plateau was 10% greater for the LY (290 thousand seeds ha–1) 
than MY (262 thousand seeds ha–1), and 18% greater for the 
LY than HY (245 thousand seeds ha–1) (Fig. 3). The slope for 
the linear function was also slightly superior for the LY (0.061) 
relative to MY (0.047) and HY (0.058) (Fig. 3).

Considering all the site-specific effects (plot-level data from 
the site-years by cultivar combination), the 50% interquartile 
range (between 25 and 75 quartiles) for the optimal seeding 
rate (yield plateau) ranged between 274 and 303 thousand seeds 
ha–1 for LY, 252 and 269 thousand seeds ha–1 for MY, and 238 
and 262 thousand seeds ha–1 for HY environments (Fig. 4A). 
Based on prior distributions, we updated these values in a form of 
posterior cumulative distributions as an approach to predict the 
probabilities of optimal seeding rate across yield environments 
(Fig. 4B). For HY environment, there is a 90% chance of the 
optimal seeding rate being smaller than 270 thousand seeds ha–1. 

For MY environment, this probability was attained with seeding 
rates smaller than 280 thousand seeds ha–1 (Fig. 4B). Lastly, for 
the LY environment, a 90% chance to attain the yield plateau was 
documented for seeding rates smaller than 320 thousand seeds 
ha–1 (Fig. 4B). The cumulative probability level of 90% could be 
considered as a threshold for on-farm seeding rate prescriptions in 
the region, presenting a low probability of improving yield with 
further increase in seeding rate (Fig. 4B). Reduction in seeding 
rate (<250 thousand seeds ha–1) had less influence on seed yield 
for HY compared to MY and LY (Fig. 4B).

The conditional inference tree was fitted to identify and rank 
sources of yield variation for the factors collected within the 
dataset. Thus, all the known measured factors (i.e., yield envi-
ronment, ecological region, growing season, DOY, seeding rate, 
row spacing, and maturity group) were included in the model. 
All the exploratory variables were treated as continuous factors, 
which means that the criteria to “node establishment” was based 
on the model and their respective significance (α = 0.05). The 
results suggested that seeding rate and DOY were significant 

Fig. 3. Bayesian regression models from soybean seed yield relative to the seeding rate for low (yield <4 Mg ha–1; yellow) (A), medium 
(yield 4–5 Mg ha–1; green) (B), and high (yield >5 Mg ha–1; blue) (C) yield environments. The model represents the most probable 
response across site-years × cultivar combination evaluated.

Fig. 4. Panel A denotes optimum seeding rate range obtained from site-years × cultivar combination to attain the yield plateau for low 
(yield <4 Mg ha–1; yellow), medium (yield 4–5 Mg ha–1; green), and high (yield >5 Mg ha–1; blue) yield environments. In each boxplot, the 
central rectangle extends from the first to third quartile (percentiles 25 and 75). The circle inside the rectangle represents the mean 
value of seeding rate to attain the yield plateau across site-years and for each yield environment. Whiskers extend between the smallest 
and the largest non-outlier values. Black points before and after whiskers denote outliers. Panel B is the posterior predictive probabilities 
of optimum seeding rate to achieve the yield plateau at low, medium, and high yield environments. Yield environments were delineated by 
average of site-year yield approach.
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factors influencing yield and seeding rate relationships across 
yield environments. Other important management factor such 
as maturity group was not significant, reflecting an opportunity 
to provide more universal recommendations.

Based on the regression tree model (Global model RMSE 
= 0.56 Mg ha–1; Cross validation RMSE = 0.68 Mg ha–1), 
results revealed that under the HY environment, seeding rates 
of approximately 100 thousand seeds ha–1 represented a slight 
reduction in yield than other rates evaluated (Fig. 5). However, as 
mentioned above, seeding rates greater than 250 thousand seeds 
ha–1 were likely to represent an unnecessary cost for HY due to 
the low probability of expected yield increase (Fig. 4B). For the 
HY environment, the model portrayed that late planting dates 
(after 18 November, DOY = 322) resulted in lower yields relative 
to earlier dates regardless of the seeding rate level (Fig. 5). Yield 
reduction due to late planting (15%) was greater for the lower 
seeding rate (≤100 thousand seeds ha–1) relative to the other 
seeding rates (7%) (Fig. 5). The DOY was not a significant fac-
tor for MY and LY environments, but seeding rate was a critical 
factor. For MY, the use of lower seeding rates (≤100 thousand 
seeds ha–1) represented a yield decrease of about 18% compared 
with higher seeding rates (Fig. 5). At LY, a linear increase in yield 
was documented with the increase in seeding rate from 200 to 
360 thousand seeds ha–1 (yield gain = 23%) (Fig. 5). Overall, 
these results indicate that a limited number of management 
practices (seeding rate and planting date) can represent the main 
effects on soybean yield response across yield environments.

DIscUssIOn

Modifying seeding rate by yield environment could represent 
an opportunity to increase soybean profitability. Since a large 
database with a satisfactory degree of variability was utilized, 
the hierarchical modeling and Bayesian inference represented a 
powerful statistical approach (Kyveryga et al., 2013; Kyveryga 
and Blackmer, 2014) to obtain credible values of soybean yield 
response to seeding rates. This type of statistical approach 
includes the most recent improvements to analyze complex 
datasets (Cressie et al., 2009; Gelman et al., 2004; Gelman and 
Hill, 2007). At the regional-level, a low probability of increas-
ing yield was recorded for seeding rates above 330 thousand 
seed ha–1. For the entire database, a high probability of the 
yield plateau was obtained in the seeding rate range from 170 to 
320 thousand seeds ha–1. The current findings are in agreement 
with several studies published around the globe (De Bruin and 
Pedersen, 2008; Epler and Staggenborg, 2008; Lee et al., 2008; 
Cox et al., 2010; Cox and Cherney, 2011; Luca and Hungría, 
2014; Luca et al., 2014; Thompson et al., 2015; Ferreira et al., 
2016). Furthermore, conditional inference trees revealed that 
seeding rate presented more influence than maturity group and 
row spacing across yield environments.

Advances in precision agriculture technologies are allow-
ing growers to use site-specific management (Shanahan et al., 
2004; McBratney et al., 2005; Khosla et al., 2008; Gebbers 
and Adamchuk, 2010) such as VRS prescriptions on-the-go to 
optimize yields and input costs (Shanahan et al., 2004; Hörbe 

Fig. 5. Conditional inference tree across the 15 site-years evaluated. Boxplots in the bottom of the figure represent the soybean seed 
yield. In each boxplot, central rectangle extends the first to the third quartile. The solid line inside the rectangle represent the mean yield 
(numerical value is shown at the boxplot bottom). The vertical lines above and below the rectangle denote the maximum and minimum, 
respectively. Circles represent outliers. The criterion for the independence test was based on univariate p-values (α = 0.05). Global model 
RMSE = 0.56 Mg ha–1, Cross validation RMSE = 0.68 Mg ha–1. HY, high-yielding environment; MY, medium-yielding environment; LY, low-
yielding environment; DOY, day of the year.
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et al., 2013; Butzen, 2016; Smidt et al., 2016). Yield-seeding rate 
response models across yield environments have been recently 
documented for some major crops, such as corn (Hörbe et al., 
2013; Assefa et al., 2016; Schwalbert et al., 2018) and canola 
(Brasica napus L. ‘Canola’) (Assefa et al., 2017). Theoretical 
models recently published for corn, revealed that increasing 
seeding rate at LY should result in flat or negative yield response 
(Assefa et al., 2016); while at greater yield environments, a 
greater number of seeds per unit area benefitted yields. Overall, 
for VRS in corn the optimum seeding rate should follow the 
order HY > MY > LY environments (Hörbe et al., 2013; Assefa 
et al., 2016; Schwalbert et al., 2018). For canola, yield-to-plant 
density relationship showed a smaller effect for HY (>2.5 Mg 
ha–1) and MY (1.5–2.5 Mg ha–1) environments, but a quadratic 
model as the best fit for the LY (<1.5 Mg ha–1) environment 
(Assefa et al., 2017). For soybean, due to lack of a clear relation-
ship between productivity level, fields are often seeded at a single 
rate (Smidt et al., 2016). The current study helps to provide a 
science-based foundation for the yield-seeding rate response for 
soybean, with the optimum seeding rate following the order LY 
> MY > HY environments. In agreement, Smidt et al. (2016) 
found similar responses for soybean seed yield to seeding rate 
when a yield-seeding rate model was obtained within their data-
sets. These outcomes are similar to the response presented in 
canola (Assefa et al., 2017), but opposite of that for corn (Hörbe 
et al., 2013; Assefa et al., 2016; Schwalbert et al., 2018).

A few hypotheses can be postulated for the soybean yield-
seeding rate response at the LY environment. One of them 
(i) involves the reduced “reproductive” ability at plant-level to 
compensate for low final stands with more pods and seeds per 
plant such that yields depend on individual production per 
plant (i.e., poor ability of the plants to compensate for the lack 
of resources). One possible but less likely factor is that this con-
dition can be aggravated by self-thinning of plants during the 
growing season due to factors limiting growth. In other words, 
a LY environment impairs the plants ability to grow faster and 
reduces inter- and intra-specific competition. The potential 
results are shorter plants, with reduced canopy coverage, and 
lower attainable yield. Another important hypothesis (ii) is 
increased risk of stand failure at LY environments, limiting 
stand establishment requiring increased seeding rates to com-
pensate for the lower germination and emergence efficiency in 
those production environments.

In soybean, the compensation mechanism is activated by 
red/far-red light ratios within the canopy during early stages, 
increasing the dry mass partitioning to branches and conse-
quently, benefiting the pod production per plant (Board, 2000; 
Carpenter and Board, 1997; Cox et al., 2010; Kasperbauer, 
1987; Norsworthy and Shipe, 2005; Weber et al., 1966). 
Overall, plants compensate by developing more seeds per 
plant with fewer plants. The opposite response occurs at supra-
optimal plant densities (Luca and Hungría, 2014; Corassa et 
al., 2018). Thus, based on the first hypothesis, it is probable 
that such yield compensation is strongly manifested at HY 
environments due to a greater availability of resources, while at 
LY environments, the reproductive ability of the plant (e.g., less 
seeds per plant) is limited, increasing the need of increased seed-
ing rate, more plants, to improve yields.

Recent studies performed at high-yielding environments in 
Brazil showed that soybean was able to maintain yields even 
under low densities (Luca et al., 2014; Werner et al., 2016). A 
reduction in the number of plants by 75% resulted in a yield 
decrease of 16%, but in two out of three growing seasons yield 
losses did not occur (Luca et al., 2014). Similarly, a recent study 
documented that at lower seeding rates (88 thousand seeds 
ha–1), soybean showed a potential to quadruple both photosyn-
thesis and biological nitrogen fixation, resulting in similar yield 
per unit area than when greater seeding rates were evaluated 
(362 thousand seeds ha–1) (Luca and Hungría, 2014). Studies 
with low densities attaining the yield plateau were also found 
for the United States (Thompson et al., 2015).

The second relevant hypothesis to be considered is the greater 
risk of stand failure at LY environments; thus, more seed is 
required to attain a satisfactory stand. Several field and grow-
ing season factors, not assessed in this current study, might be 
related to the poor emergence, germination, establishment, or 
plant survivability at LY relative to HY environments. Potential 
factors such as soil temperature and moisture, compaction, and 
fertility (Butzen, 2016; Smidt et al., 2016; Sivarajan et al., 2018), 
as well as early-season plant diseases and weed pressure (Gaspar 
and Conley, 2014; Thompson et al., 2015; Butzen, 2016) are 
among those related to the stand establishment challenges that 
could be greater concern in the LY environments. Thus, future 
research should be pursued to better understand the soil, plant, 
weather and other factors behind the higher seeding rate need 
at LY relative to HY environments across regions and to provide 
more precise data layers to VRS prescription on soybean (Smidt 
et al., 2016).

Overall, our findings showed an opportunity for within-
field VRS prescriptions across yield environments. Due to the 
low probability of increased yield with seeding rates above 330 
thousand seeds ha–1 for modern soybean cultivars, main oppor-
tunities behind VRS in soybean are based on reducing seeding 
rate in the VRS prescription for HY environments, without 
penalizing yields, and in some occasions, slightly increased 
seeding rates above current levels for LY environments may 
enhance yields. Additionally, conditional inference tree models 
reveled that planting date was a factor that interacted with seed 
yield response to seeding rate, with increasing optimum seed-
ing rates with late planting. Lastly, adjustments in seeding rates 
to achieve desired final stand densities should be assumed for 
environments with high risk of stand losses.

cOncLUsIOn
To the extent of our knowledge, this is the first assessment 

of a large dataset of soybean seed yield response to seed-
ing rate in southern Brazil. The hierarchical modeling and 
Bayesian inference statistical approach were implemented to 
derive that seeding rate can be optimized differently at vary-
ing yield environments. The most probable optimum seeding 
rate should follow the trend LY > MY > HY environments. 
Overall, seeding rate could be reduced by 18% at HY relative 
to LY environments, without penalizing yields (an opportunity 
for seed savings). There may also be instances where growers 
should slightly increase seeding rates above current levels for 
LY environments. Overall, a low probability of yield increase 
was reported when seeding rates were above 330 thousand seeds 
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ha–1 regardless of yield environments. Also, conditional infer-
ence tree models showed that planting date interacted with seed 
yield response to seeding rate, with increasing seeding rate as a 
potential strategy to mitigate the negative planting delay effects 
on attainable yield. This study provides a science-based foun-
dation for improving profits by adopting VRS technology for 
soybean for specific production conditions.

Future research studies should investigate the physiological 
mechanisms underpinning the yield to seeding rate response 
related to the yield environments, with the primary role of 
improving the understanding of the main factors (soil × plants 
× weather) causing the differential optimum seeding rate 
response for soybean.
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