
Pesq. agropec. bras., Brasília, v.60, e03939, 2025
DOI: 10.1590/S1678-3921.pab2025.v60.03939

This is an open-access article distributed under the 
Creative Commons Attribution 4.0 International License

ISSN 1678-3921
Journal homepage: www.embrapa.br/pab

For manuscript submission and journal contents, 
access: www.scielo.br/pab

Eduarda Donadel Port 
Universidade Regional do Noroeste do Rio 
Grande do Sul, Ijuí, RS, Brazil. 
E-mail: eduardaport@gmail.com

Ivan Ricardo Carvalho( ) 
Universidade Regional do Noroeste do Rio 
Grande do Sul, Ijuí, RS, Brazil. 
E-mail: carvalhoirc@gmail.com

Christiane de Fátima Colet 
Universidade Regional do Noroeste do Rio 
Grande do Sul, Ijuí, RS, Brazil. 
E-mail: chriscolet@gmail.com

Murilo Vieira Loro 
Universidade Federal de Santa Maria, Santa 
Maria, RS, Brazil. E-mail: muriloloro@gmail.com

Leonardo Cesar Pradebon 
Universidade Regional do Noroeste do Rio 
Grande do Sul, Ijuí, RS, Brazil. 
E-mail: leonardopradebon@gmail.com

Jaqueline Piesanti Sangiovo 
Universidade Regional do Noroeste do Rio 
Grande do Sul, Ijuí, RS, Brazil. 
E-mail: jpsangiovo@gmail.com

José Antonio Gonzalez da Silva 
Universidade Regional do Noroeste do Rio 
Grande do Sul, Ijuí, RS, Brazil. 
E-mail: jose.gonzales@unijui.edu.br

Willyan Júnior Adorian Bandeira 
Universidade Regional do Noroeste do Rio 
Grande do Sul, Ijuí, RS, Brazil. 
E-mail: bandeira.wjab@gmail.com

 Corresponding author

Received
October 18, 2024

Accepted
April 17, 2025

How to cite
PORT, E.D.; CARVALHO, I.R.; COLET, 
C. de F.; LORO, M.V.; PRADEBON, 
L.C.; SANGIOVO, J.P.; SILVA, J.A.G. da; 
BANDEIRA, W.J.A. Relationships between 
meteorological variables and the productive 
performance of soybean lines. Pesquisa 
Agropecuária Brasileira, v.60, e03939, 2025. 
DOI: https://doi.org/10.1590/S1678-3921.
pab2025.v60.03939.

Crop Science/ Original Article

Relationships between 
meteorological variables and 
the productive performance 
of soybean lines
Abstract ‒ The objective of this work was to identify the relationships between 
meteorological variables capable of predicting the productive performance of 
soybean lines using stepwise regression and unsupervised machine learning. 
The used experimental design was of augmented blocks with interspersed 
controls. The following regular and irregular treatments were evaluated, 
respectively: 3 F4 lines (87.5% homozygous), 138 F5 lines (93.75% homozygous), 
and 88 F8 lines (99.22 homozygous) of soybean, totaling 230 segregating lines; 
and four commercial cultivars in three replicates, totaling 242 experimental 
units. The weather data were obtained from the NASA POWER and 
SISDAGRO platforms. Positive linear associations were observed between 
maximum temperature and vapor pressure deficit and vapor saturation 
pressure curve (r = 0.9), as well as a negative correlation between relative 
humidity and potential evapotranspiration (r = -0.7). These associations had a 
direct influence on the dynamics of soil water storage capacity and modulated 
all other correlations between meteorological variables. Stepwise regression 
and unsupervised machine learning are effective in identifying relationships 
between meteorological variables that predict the productive performance of 
soybean lines.

Index terms: Glycine max, correlation, genetic breeding, Kohonen, stepwise.

Relações entre variáveis meteorológicas e o 
desempenho produtivo de linhagens de soja
Resumo ‒ O objetivo deste trabalho foi identificar as relações entre variáveis 
meteorológicas capazes de predizer o desempenho produtivo de linhagens 
de soja, com uso da regressão stepwise e do aprendizado de máquina não 
supervisionado. O delineamento experimental utilizado foi o de blocos 
aumentados com controles intercalares. Os seguintes tratamentos regulares 
e irregulares foram avaliados, respectivamente: 3 linhagens F4 (87,5% 
homozigotas), 138 linhagens F5 (93,75% homozigotas) e 88 linhagens F8 
(99,22 homozigotas) de soja, totalizando 230 linhagens segregantes; e quatro 
cultivares, com três repetições, totalizando 242 unidades experimentais. 
Os dados meteorológicos foram obtidos das plataformas Nasa Power e 
Sisdagro. Foram observadas associações lineares positivas entre temperatura 
máxima e déficit de pressão de vapor e curva de pressão de saturação de 
vapor (r = 0,9), bem como correlação negativa entre umidade relativa e 
evapotranspiração potencial (r = -0,7). Estas associações influenciaram 
diretamente a dinâmica da capacidade de armazenamento de água no solo 
e modularam todas as outras correlações entre as variáveis meteorológicas. 
A regressão stepwise e o aprendizado de máquina não supervisionado são 
eficazes na identificação de relações entre variáveis meteorológicas que 
predizem o desempenho produtivo de linhagens de soja.

Termos para indexação: Glycine max, correlação, melhoramento genético, 
Kohonen, stepwise.
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Introduction

Soybean [Glycine max (L.) Merr.] is an important 
global commodity due to its high nutritional value 
and wide use (Loro et al., 2021). The agronomic 
performance of this crop is determined by genetic 
and environmental effects, as well as by genotype x 
environment interactions (Cruz et al., 2014). The main 
elements responsible for these interactions are abiotic 
factors such as climate, with notable impacts caused 
by thermal variations and water deficit (Gava et al., 
2015; Silva et al., 2018; Cavalcante et al., 2020).

In addition to a constant search for an increased 
productivity and quality in breeding programs, it is 
also essential to select progenies, lines, populations, 
and cultivars that are resilient to the environments 
to which the crops are most adapted. For this, it is 
necessary to understand the relationships between 
the agronomic performance of genotypes and 
meteorological variables. For soybean, several studies 
have shown such associations between the yield 
components of the crop and weather or soil variables 
(Gusso et al., 2017; Reis et al., 2020; Von Bloh et al., 
2023). Dellagostin et al. (2021), for example, reported 
interrelationships between soybean performance and 
the magnitude of maximum, minimum, and mean 
air temperatures, as well as of relative humidity, 
radiation, and precipitation. This allows genotypes 
to be evaluated based on the variables that determine 
productivity during genetic improvement, making the 
process more efficient (Barbosa et al., 2021).

Once the aforementioned associations are determined, 
it is also key to develop techniques capable of predicting 
the productive potential of genotypes. New genotypes 
should exhibit the agronomic ideotype, with an adequate 
plant height, biomass, resilience to diseases and insect 
pests, and grain quality and productivity. However, 
fewer environmental resources should be used for this, 
ensuring that there are adequate direct and indirect 
relationships with mainly climatic and meteorological 
attributes (Bigolin & Talamini, 2024).

The relationships between meteorological variables 
can be evaluated using different methodologies. 
Linear correlation coefficients are numerical values 
that define the behavior of two possibly associated 
variables, although they do not always have a real 
biological significance (Cargnelutti Filho et al., 2016). 
In contrast, when fitting a model based on a stepwise 
regression, only significant predictor variables are 

used for the dependent variable (Suarez et al., 2023), 
making it possible to estimate biological processes 
more assertively. Furthermore, machine-learning 
techniques can reveal trait patterns in genotypes, 
especially under adverse conditions (Bustos-Korts 
et al., 2022). In this case, self-organizing maps, 
defined as a two-dimensional unsupervised neural 
network, assign synaptic weights to neurons, with 
each data sample being mapped to the neuron that best 
represents it (Santos et al., 2019). Biometric models 
are prioritized in genetic improvement programs to 
elucidate meteorological interrelationships and apply 
them to selection, linking the best genotypes with 
relationships and variables to be considered in the 
process (Kehl et al., 2022; Loro et al., 2022).

The objective of this work was to identify the 
relationships between meteorological variables capable 
of predicting the productive performance of soybean 
lines using stepwise regression and unsupervised 
machine learning.

Materials and Methods

The study was carried out from December 2021 to 
May 2022 at the farm school of Universidade Regional 
do Noroeste do Rio Grande do Sul, located in the 
municipality of Augusto Pestana, in the state of Rio 
Grande do Sul, Brazil (28°26’25’’S, 54°00’07’’W). 
The climate is type Cfa according to Köppen’s 
classification, characterized as subtropical with a hot 
summer, an average temperature above 22°C, and the 
occurrence of frosts at negative temperatures (<0°C) 
during the cold season (Dubreuil et al., 2018). The soil 
in the experimental area is classified as a Latossolo 
Vermelho distroférico (Santos et al., 2018), equivalent 
to an Oxisol.

The experiment was conducted in an augmented 
block design with interspersed controls, with regular 
and irregular treatments. The regular treatments 
comprised 3 F4 (87.5% homozygous), 138 F5 (93.75% 
homozygous), and 88 F8 (99.22% homozygous) soybean 
lines, totaling 230 segregating lines. The irregular 
treatments consisted of cultivars BRS 284, BMX 
Valente 6968 RSF RR, BMX Raio 50I52 RSF IPRO, 
and M 5710 I2X45, as a control, in three replicates, 
totaling 242 experimental units. The experimental 
units (total area of 4.5 m2) consisted of two 5.0 m rows, 
with a spacing of 0.45 m per row.
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Sowing took place in the second half of November 
2021, using 12 seeds per linear meter. Base fertilization 
consisted of 300 kg ha-1 of an organomineral fertilizer 
with an N-P-K ratio of 20-05-20. The control of insect 
pests and diseases was preventive through scheduled 
applications of chemical fungicides and insecticides 
every 15 days after stage V4 (Fehr & Caviness, 1977), 
aiming to minimize biotic effects on the results of the 
experiment.

The following meteorological data were obtained 
from the NASA POWER platform of National 
Aeronautics and Space Administration (NASA, 2022): 
mean air temperature (°C), minimum air temperature 
(°C), maximum air temperature (°C), precipitation 
(mm), relative humidity (%), incident radiation (MJ 
per m2 per day), accumulation of growing degree-days 
(ºC day), light hour (hours), dew point, extraterrestrial 
radiation (MJ per m2 per day), long-wave radiation (MJ 
per m2 per day), slope of the saturation vapor pressure 
(kPa °C-1), and vapor pressure deficit (kPa). Other 
variables were obtained from the Sistema de Suporte 
à Decisão na Agropecuária (SISDAGRO) database of 
Instituto Nacional de Meteorologia (INMET, 2022), 
as follows: potential evapotranspiration (mm), real 
evapotranspiration (mm), reference evapotranspiration 
(mm), wind speed (m s-1), soil water storage (mm), 
and water deficit (mm). All data were analyzed for 
normality and homogeneity of variances using the 
Shapiro-Wilk and Bartlett tests, respectively.

The agronomic variables were measured in five 
randomly selected plants per experimental unit based 
on the following criteria: level of heterozygosity (12.5, 
6.25, and 0.78%); source of the F2 population (IRC001, 
IRC002, IRC004, IRC005, IRC007, IRC008, IRC011, IRC012, 
IRC013, IRC016, IRC017, IRC023, IRC025, IRC026, IRC028, 
IRC031, IRC032, IRC033, IRC034, IRC038, IRC039, IRC040, 
IRC042, IRC044, IRC045, and IRC050); number of plants 
per linear meter, by counting the number of established 
plants in one linear meter, defined using a measuring 
tape; number of seeds per plant (unit), by threshing 
manually and individually the collected plants and 
measuring the total number of seeds in their pods; and 
seed weight per plant (grams), by weighing the seeds 
of each plant on a scale.

Afterwards, descriptive analyzes were computed 
to determine the following parameters: coefficient of 
variation (%), maximum and minimum values, mean, 
median, sample standard deviation, standard error of 

the mean, and confidence interval. Pearson’s linear 
correlation coefficients were estimated with significance 
based on the t-test, at 5% probability. Subsequently, 
the stepwise multiple regression predictive model was 
used, considering the variables seed weight per plant 
and number of seeds per plant as dependent variables 
and all others as explanatory variables of the statistical 
model, based on the principle of selecting predictive 
meteorological variables by defining which of these are 
determining for the phenotypic manifestation of the 
agronomic ideotype. The use of the stepwise selection 
method allows inferring which independent variables 
show the greatest influence on a dependent variable, 
in order to discard those with a lower relevance (Alves 
et al., 2013). This method allows evaluating the model 
with each inclusion and exclusion of variables (Ribon 
et al., 2014).

The unsupervised machine learning method was used 
to build lineage patterns through agronomic attributes 
via the Kohonen map technique in a hexagonal topology, 
which defines the central tendencies and gathers them 
into centroids that contain the information expressed 
in each neuron obtained through the measurements of 
the variables (Sá et al., 2022). All analyzes were carried 
out in the R software using the readxl, metan, ggplot2, 
rio, cowplot, dly, pvclust, ape, and kohonen packages 
(R Core Team, 2023).

Results and Discussion

The maximum temperature during the experimental 
period varied between 30 and 40°C, with a peak 
between January and February (Figure 1 and Table 1). 
The ideal growing temperature for soybean is between 
20 and 30°C, with minimum temperatures above 13°C 
during flowering, considering that high temperatures 
and humidity can affect grain quality at maturation, 
while a low humidity can cause mechanical damage 
(Tecnologias…, 2013). Throughout the cycle, the water 
deficit was accentuated between March and May, 
which can affect the critical stages of grain filling (R1 
to R8). Moreover, precipitation was insufficient for 
water storage, only meeting the needs of the crop.

Strong Pearson’s linear correlations were observed 
between meteorological factors (Table 2). Maximum 
temperature was negatively correlated with relative 
humidity, explaining the shape of the curve of 
saturation vapor, vapor pressure deficit, light hour, 
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accumulation of growing degree-days, and minimum 
air temperature. Minimum temperature had positive 
effects on the shape of the curve of saturation 
vapor, accumulation of growing degree-days, long-
wave radiation, and dew point, but negative effects 
on relative humidity. Relative humidity showed a 
negative correlation with potential evapotranspiration, 
reference evapotranspiration, vapor pressure deficit, 
light hour, and incidence radiation. These results are 
in alignment with those of Silva et al. (2021), who 
concluded that the thermal stimulus, although directly 
influenced by solar radiation, also depends on factors 
such as relative humidity.

Dew point showed a positive trend with long-wave 
radiation (Table 2). In addition, long-wave radiation 

exhibited a positive linear correlation with the shape 
of the curve of saturation vapor and accumulation of 
growing degree-days. Incident radiation positively 
influenced vapor pressure deficit and light hour. Reis 
et al. (2020) found that relative humidity regulates 
temperatures by absorbing infrared radiation, which 
increases atmospheric water demand and reduces 
soil moisture. In the present study, linear associations 
were maintained even when sowing was carried out 
at a non-preferred time (December) for soybean crops 
in Southern Brazil. According to Cargnelutti Filho 
et al. (2016), high-magnitude positive correlations 
indicate that, as a certain character increases or 
decreases, the expression of another is influenced in 
the same proportion.

Figure 1. Descriptive analysis of temperature, evapotranspiration, and water supply from December 2021 to May 2022.
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The accumulation of growing degree-days showed 
a positive correlation with the shape of the curve of 
saturation vapor, vapor pressure deficit, and light hour 
(Table 2). The accumulation of growing degree-days 
is linked to the leaf area index of plants, which may 
result in an increase or decrease in leaf area (Teixeira 
et al., 2015). The number of light hours revealed a 
positive effect when related to the shape of the curve 
of saturation vapor and vapor pressure deficit. Vapor 
pressure deficit had a positive influence on potential 
evapotranspiration, reference evapotranspiration, and 
the shape of the curve of saturation vapor.

Reference evapotranspiration correlated positively 
with potential evapotranspiration, but negatively with 
soil water storage (Table 2). Furthermore, potential 
evapotranspiration showed a positive correlation with 
vapor pressure deficit, whereas soil water storage 
expressed a negative correlation with water deficit. 
Although the number of seeds per plant had a positive 

effect on seed weight per plant, as expected, no 
strong linear association was observed between yield 
components and weather variables.

According to the linear correlation, the number 
of seeds per plant is correlated with the increase in 
seed weight per plant. Based on the stepwise multiple 
regression, seed weight per plant is determined by 
the meteorological factors maximum air temperature, 
precipitation, and vapor pressure deficit, with a 
negative influence of the last two (Table 3). Therefore, 
the ideal scenario would be an increase in precipitation 
and vapor pressure deficit to minimize the effects 
of maximum air temperature. For number of seeds 
per plant, the prediction model revealed that the 
determining meteorological attributes are maximum 
temperature, precipitation, wind speed, light hour, vapor 
pressure deficit, extraterrestrial radiation, reference 
evapotranspiration, and potential evapotranspiration.

Table 1. Descriptive analysis of meteorological factors obtained from December 2021 to May 2022 as to their influence on 
the productive performance of soybean (Glycine max) lines.

Variable(1) CV Maximum Mean Median Minimum SD SEM CI

SWS 72.342 51.198 24.774 18.351 0.522 17.922 1.425 2.816

DEF 112.699 7.593 1.725 0.993 0.000 1.944 0.154 0.305

EVP C 55.925 8.280 3.596 3.395 0.398 2.011 0.160 0.316

Real EVP 50.391 4.865 1.871 1.683 0.314 0.943 0.075 0.148

REF EVP 46.543 8.633 4.476 4.824 0.598 2.083 0.165 0.327

GDD 29.537 22.790 14.468 14.880 4.155 4.273 0.340 0.671

LH 7.892 13.809 12.698 12.933 10.772 1.002 0.079 0.157

DPO 23.107 21.940 15.592 15.840 3.830 3.603 0.286 0.566

PREC 247.576 63.970 3.454 0.265 0.000 8.552 0.680 1.343

INC RAD 37.826 33.610 21.743 22.990 1.990 8.224 0.654 1.292

LW RAD 10.642 464.770 384.472 386.485 273.010 40.916 3.255 6.429

EXR 17.457 43.722 37.218 39.532 23.687 6.497 0.516 1.020

SVP 21.921 0.282 0.187 0.187 0.096 0.041 0.003 0.006

Tmax 16.419 40.690 31.664 32.270 16.400 5.199 0.413 0.817

Tmean 17.961 32.975 24.430 24.880 12.735 4.388 0.349 0.689

Tmin 24.079 25.650 17.196 17.505 5.260 4.140 0.329 0.650

RH 18.397 92.310 65.570 64.090 41.000 12.063 0.959 1.895

VPD 46.671 3.262 1.615 1.531 0.106 0.754 0.060 0.118

WS 32.974 2.430 1.189 1.120 0.510 0.392 0.031 0.061
(1)SWS, soil water storage (mm); DEF, water deficit (mm); EVP C, potential evapotranspiration (mm); Real EVP, real evapotranspiration (mm); REF EVP, 
reference evapotranspiration (mm); GDD, accumulation of growing degree-days (ºC day); LH, light hour (hours); DPO, dew point; PREC, precipitation 
(mm); INC RAD, incident radiation (MJ per m2 per day); LW RAD, long-wave radiation (MJ per m2 per day); EXR, extraterrestrial radiation (MJ per 
m2 per day); SVP, slope of the saturation vapor pressure curve (kPa °C-1); Tmax, maximum temperature (°C); Tmean, mean temperature (°C); Tmin, 
minimum temperature (°C); RH, relative humidity (%); VPD, vapor pressure deficit (kPa); and WS, wind speed (meters per second). CV, coefficient of 
variation; SD, standard deviation; SEM, standard error of the mean; and CI, confidence interval.



Pesq. agropec. bras., Brasília, v.60, e03939, 2025
DOI: 10.1590/S1678-3921.pab2025.v60.03939

6 of 10 E.D. Port et al.

The populations of the studied lines were grouped 
into 25 centroids in a hexagonal topology based on 
similarity via unsupervised machine learning, taking 
into account population characteristics, heterozygosity, 
number of plants per linear meter, number of seeds per 
plant, and seed weight per plant (Figure 2). Santos et al. 
(2019) observed that the hexagonal topology allows for 
better arrangements of neurons and, consequently, for 
a greater efficiency in unveil patterns. This is reflected 
in the identification of genotypes that responded 
favorably to the meteorological variables adjusted by 
stepwise regression (Table 3).

Among the similar characteristics used to classify 
the lines into a same group (Figure 2), heterozygosity 
was a determining factor for centroids 1, 4, 6, 8, 11, 
13, 15, 16, 17, 19, 20, and 24, while population had a 
high influence on centroids 5, 6, 7, 8, 9, 12, 13, 16, 17, 
20, 22, 24, and 25. However, as the distance between 
these groupings was not the same and lines with a 
high productive potential may have different levels of 
heterozygosity and come from different populations, 
but still be grouped together, it can be inferred 
that these variables were not in fact explanatory. 
Conversely, the variable plants per linear meter 
weighted the clustering in centroids 6, 9, 11, 16, and 
21, being more specific than heterozygosity and 
population. Likewise, number of seeds per plant and 
seed weight per plant were of major importance for 
centroids 2 and 4.

Considering the obtained clusters, the greatest 
distances were assigned to centroids 4, 5, 3, and 2 
(Figure 3). With the exception of centroid 3, none of 

Table 2. Estimates of Pearson’s linear correlation between 
meteorological factors and soybean (Glycine max) 
productivity components(1).

First variable Second variable Correlation coefficient(2)

Tmax Tmin r = 0.8*

Tmax RH r = -0.8*

Tmax GDD r = 1*

Tmax LH r = 0.7*

Tmax VPD r = 0.9*

Tmax SVP r = 0.9*

Tmin DPO r = 0.8*

Tmin LW RAD r = 0.9*

Tmin GDD r = 0.9*

Tmin SVP r = 0.9*

RH INC RAD r = -0.8*

RH LH r = -0.7*

RH VPD r = -0.9*

RH REF EVP r = -0.7*

RH EVP C r = -0.7*

DPO LW RAD r = 0.9*

LW RAD GDD r = 0.7*

LW RAD SVP r = 0.8*

INC RAD LH r = 0.7*

INC RAD VPD r = 0.7*

GDD LH r = 0.7*

GDD VPD r = 0.8*

GDD SVP r = 1*

LH VPD r = 0.7*

LH SVP r = 0.7*

VPD SVP r = 0.8*

VPD REF EVP r = 0.7*

VPD EVP C r = 0.7*

REF EVP EVP C r = 0.8*

REF EVP SWS r = -0.8*

EVP C DEF r = 0.9*

SWS DEF r = -0.7*

NSP SWP r = 1.0*

(1)Tmax, maximum temperature (ºC); Tmin, minimum temperature 
(ºC); RH, relative humidity (%); DPO, dew point; LW RAD, long-wave 
radiation (MJ per m2 per day); INC RAD, incident radiation (MJ per m2 
per day); GDD, accumulation of growing degree-days (ºC per day); LH, 
light hour (hours); VPD, vapor pressure deficit (kPa); REF EVP, reference 
evapotranspiration (mm); EVP C, potential evapotranspiration (mm); 
SWS, soil water storage (mm); NSP, number of seeds per plant (units); 
SVP, slope of the saturation vapor pressure curve (kPa ºC-1); DEF, water 
deficit (mm); and SWP, seed weight per plant (g). (2)Pearson’s linear 
correlation coefficients significant by the t-test, at 5% probability.

Table 3. Predictive model based on multiple linear regression 
(stepwise) for the dependent variables seed weight per plant 
(SWP) and number of seeds per plant (NSP) of soybean 
(Glycine max) lines(1).

Character dependent on the seed weight per plant of the lines (Y = SWP)
Y = -1.29104 + 0.629 (Tmax) - 0.093 (PREC) - 4.337 (VPD)

Character dependent on the number of seeds per plant of the lines (Y = NSP)
Y = 828.9547 + 3.148 (Tmax) - 0.555 (PREC) - 11.032 (WS) - 118.817 

(LH) + 18.638 (EXR) - 26.912 (VPD) + 9.976 (REF EVP) - 9.781 (EVP C)
(1)Tmax, maximum temperature (°C); PREC, precipitation (mm); VPD, 
vapor pressure deficit (kPa); WS, wind speed (meters per second); LH, 
light hour (hours); EXR, extraterrestrial radiation (MJ per m2 per day); 
REF EVP, reference evapotranspiration (mm); and EVP C, potential 
evapotranspiration (mm). Significance based on the t-test, at 5% 
probability.
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the others clustered a line with more than 14 g of seed 
weight per plant. Moreover, the most productive line 
was L85 in centroid 3, with 18.85 g per plant, while 

L849, in centroid 2, produced only 3.57 g per plant. 
This shows that the centroids with the greatest distance 
grouped together lines with a low productive potential 

Figure 2. Kohonen map using 25 centroids based on five variables measured in 230 segregating soybean (Glycine max) 
lines. HET, heterozygosity; PLM, plants per linear meter; SWP, seed weight per plant; POP, population; and NSP, number 
of seeds per plant.

Figure 3. Distance between 25 centroids based on the variables heterozygosity, plants per linear meter, seed weight per 
plant, population, and number of seeds per plant, measured in 230 segregating soybean (Glycine max) lines. G1 to G25, 
formed groups.
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and, therefore, with a lower resilience to challenging 
environmental conditions.

The top-performing lineages were found at centroids 
22 (L14 from IRC034), 6 (L122 from IRC034), 10 (L859 
from IRC012; L2, L165, and L169 from IRC017; L176 
from IRC001; L7 from IRC031; L232 from IRC040; and 
L869 from IRC017), and 16 (L10 from IRC002). These 
lines showed similar distances, with values for number 
of seeds per plant varying from 156 to 337 units and 
seed weight per plant from 29.34 to 52.54 g (Figure 3). 
Therefore, these genotypes presented the greatest 
ability to adapt to adverse climatic conditions (Bustos-
Korts et al., 2022).

Understanding that number of seeds per plant is 
influenced by meteorological variables, as maximum 
temperature, precipitation, and wind speed, can guide 
decisions about genotype selection. Furthermore, 
identifying factors, such as air temperature, 
precipitation, and vapor pressure deficit, as determinants 
of grain weight can help adjust management practices, 
including irrigation and choice of planting period, 
aiming to optimize crop productivity.

Conclusions

1. Stepwise regression and unsupervised machine 
learning are effective in identifying relationships 
between meteorological variables that predict the 
productive performance of soybean (Glycine max) 
lines.

2. Air temperature, precipitation, and vapor 
pressure deficit are determining factors for soybean 
grain weight.

3. Maximum air temperature, precipitation, wind 
speed, light hour, vapor pressure deficit, extraterrestrial 
radiation, reference evapotranspiration, and potential 
evapotranspiration are determining factors for the 
expression of number of seeds per plant.
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