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Genotype × environment interaction, adaptability, and stability of soybean 1 

genotypes in a new production region of Brazil 2 

 3 

Abstract 4 

Soybean yield is strongly influenced by environmental conditions, making the 5 

understanding of genotype × environment (G×E) interaction essential for accurate 6 

cultivar recommendation. This study aimed to evaluate the adaptability and stability of 7 

soybean genotypes for grain yield in the northern region of Rio de Janeiro State, Brazil, 8 

a promising area for soybean expansion. Eight genotypes were evaluated in a randomized 9 

complete block design with four replications across five environments, defined by the 10 

combination of locations and growing seasons (2019/2020 and 2020/2021), in the 11 

municipalities of Campos dos Goytacazes and Macaé. Adaptability and stability were 12 

assessed based on the REML/BLUP approach. A significant and predominant G×E 13 

interaction was detected, accounting for most of the variation in grain yield and indicating 14 

differential genotype responses across environments. The genotypes 95R95IPRO, BMX 15 

COMPACTA IPRO, and TMG7061IPRO showed superior performance, combining high 16 

grain yield, adaptability, and stability, as identified by the HMRPGV method. Consistency 17 

among the predicted genotypic values free of interaction (μ + g), HMGV (stability and 18 

yield), and RPGV (adaptability) further supported the superior performance of 19 

95R95IPRO and BMX COMPACTA IPRO. These results highlight the potential of these 20 

genotypes for cultivation in the target region and reinforce the importance of mixed-21 

model approaches in soybean breeding programs. 22 

 23 

24 



Introduction 25 

 Soybean (Glycine max (L.) Merrill) is one of the most important crops worldwide, 26 

with Brazil currently ranking as the leading global producer. Its production plays a pivotal 27 

role in the national economy, as evidenced by the 2024/2025 growing season, in which 28 

soybean occupied 46.1 million hectares and produced 147.7 million tons, accounting for 29 

approximately 49.6% of the total grain production in the country (Conab, 2025). 30 

 Globally, soybean is highly valued as a source of protein and vegetable oil. The 31 

grains exhibit high nutritional quality, with protein content ranging from 38 to 42% and 32 

oil content between 18 and 22%, in addition to containing essential amino acids and 33 

unsaturated fatty acids (James; Yang 2016; Patil et al.; 2018; Zhang et al. 2018).  34 

 The increasing global demand for soybean has driven the expansion of cultivation 35 

into new agricultural frontiers in Brazil (Rocha et al. 2022). In this context, recent studies 36 

have identified the northern and northwestern regions of Rio de Janeiro State as promising 37 

areas for soybean production, with more than 300 thousand hectares considered suitable 38 

for mechanized cropping systems (Zilli et al., 2021; Zilli et al., 2022). 39 

 However, the performance of soybean genotypes is strongly influenced by 40 

edaphoclimatic conditions, resulting in significant genotype × environment (G×E) 41 

interaction (Possobom et al., 2020; Cruz et al., 2021). Therefore, evaluating genotype 42 

performance across environments is essential for the identification of broadly adapted and 43 

stable cultivars. 44 

 Several statistical approaches have been proposed to assess G×E interaction, 45 

adaptability, and stability. Among them, mixed models based on restricted maximum 46 

likelihood and best linear unbiased prediction (REML/BLUP) stand out due to their high 47 

accuracy in predicting genotypic values (Resende, 2016; Olivoto et al., 2017). These 48 



methods have been widely applied in soybean breeding programs (Gonçalves et al., 2020; 49 

Carvalho et al., 2021; Costa et al., 2025).  50 

 Despite the recent expansion of soybean cultivation into new regions, studies 51 

addressing the adaptability, stability, and yield performance of soybean genotypes under 52 

the specific edaphoclimatic conditions of Rio de Janeiro State remain scarce. This gap 53 

highlights the need for research to support genotype recommendation and production 54 

strategies in this emerging production region. 55 

 Therefore, this study aimed to evaluate the genotype × environment interaction, 56 

as well as the adaptability, stability, and grain yield performance of soybean genotypes 57 

grown under the edaphoclimatic conditions of northern Rio de Janeiro State, Brazil, using 58 

mixed models (REML/BLUP). 59 

 60 

Materials and methods 61 

Genetic material 62 

Genetic material evaluated in this study consisted of commercial soybean cultivars 63 

(Table 1). These genotypes were selected based on their previously demonstrated superior 64 

agronomic performance in Brazilian regions with edaphoclimatic conditions analogous 65 

to those observed in the present study. 66 

 67 

 68 

 69 

 70 

 71 

 72 

 73 



Table 1. Characteristics of soybean genotypes evaluated in the study 74 

Genotypes RMG¹ Growth habit Trait² 

55I57RSF IPRO 

(BMX ZEUS IPRO) 5.5 Indeterminate Intacta RR2 PRO 

M5917IPRO 5.9 Indeterminate Intacta RR2 PRO 

95R95IPRO 5.9 Indeterminate Intacta RR2 PRO 

TMG7061IPRO 6.1 Indeterminate Intacta RR2 PRO 

BRS 544RR 6.2 Indeterminate RR 

63I64RSF IPRO 

(BMX GARRA IPRO) 6.3 Indeterminate Intacta RR2 PRO 

65I65RSF IPRO 

(BMX COMPACTA IPRO) 6.5 Indeterminate Intacta RR2 PRO 

BRS 7780IPRO 7.7 Semi-determinate Intacta RR2 PRO 

¹RMG = Relative Maturity Group.  75 

²Genetically Modified Trait = Intacta RR2 PRO – insect resistance and tolerance to 76 

glyphosate herbicide; RR – tolerance to glyphosate herbicide (Roundup Ready soybean). 77 

 78 

Experimental sites and growing conditions 79 

The study was conducted in the northern region of Rio de Janeiro State, Brazil, on 80 

commercial farms located in the municipalities of Macaé and Campos dos Goytacazes. 81 

Yield performance was evaluated through multi-environment trials carried out across five 82 

experimental environments during the 2019/2020 and 2020/2021 growing seasons (Table 83 

2). 84 

Meteorological data for both growing seasons, as well as the physicochemical 85 

properties of the soils at the five experimental sites, are provided in Supplementary Tables 86 

1 and 2, respectively. 87 

 88 



Table 2. Climatic and soil characterization of the experimental environments across the 89 

2019/2020 and 2020/2021 growing seasons. 90 

Code 
Growing 
seasons 

Sowing 
date 

Rainfall 
(mm) 

Temp. 
(˚C) 

Geographical 
coordinates 

Alt. 
(m asl) 

Soil 
class 

E1 2020/2021 05/11/2020 774 26,9 
21°43'41" S 
41°12'41" W 

7 
Fluvic 

cambisol 

E2 2020/2021 28/10/2020 699 26,4 
21°45'41" S 
41°15'22" W 

8 
Fluvic 

cambisol 

E3 2020/2021 30/10/2020 976 26,1 
21°33'47" S 
41°18'52" W 

48 
Yellow 
latosol 

E4 2019/2020 30/10/2019 1434 25,5 
22°17'15" S 
41°55'33" W 

13 
Haplic 
gleysol 

E5 2020/2021 23/10/2020 1203 26,0 
22°17'15" S 
41°54'01" W 

11 
Haplic 
gleysol 

E = Environment; Temp. = Temperature average; Alt. = Altitude; E1 = Farm Abadia, 91 

Campos dos Goytacazes, E2 = Farm Ayrizes, Campos dos Goytacazes, E3 = Farm 92 

Guandu, Campos dos Goytacazes; E4 and E5 = Farm Primus, Macaé. 93 

 94 

Experimental design and crop management 95 

The experiments were conducted using a randomized complete block design with 96 

four replications. Each experimental plot consisted of five 5-m-long rows spaced 0.5 m 97 

apart. The three central rows were considered as the harvestable area (4.5 m2), excluding 98 

1.0 m at each end of the rows to minimize border effects. Sowing was performed at a 99 

density of 16 seeds per linear meter, corresponding to an estimated plant population of 100 

320,000 plants ha-1. 101 

The soil was prepared using conventional tillage (plowing and harrowing). The 102 

seeds were co-inoculated with Bradyrhizobium strains (a mix of strains SEMIA 5079 and 103 

BR 29) was applied at a rate of five doses per hectare, ensuring 1.5 to 2 million cells per 104 

soybean seed, and 100 mL ha-1 at concentration 108 of Azospirillum brasilense (strains 105 

AbV-5 and AbV-6). The inoculants were applied directly to the seeds, moments before 106 

sowing, following the technical recommendations and sowing was carried out 107 

immediately after inoculation. Planting fertilization consisted of a mixture of 100 kg ha-1 108 

of P2O5 and 80 kg ha-1 of K2O, using single superphosphate and potassium chloride as 109 



sources, along with 50 kg ha-1 of FTE BR-12 as a source of micronutrients. Potassium 110 

was applied half at sowing and half approximately 30 days after plant emergence, in 111 

alignment with agronomic guidelines (Sediyama et al., 2015). All crop management 112 

practices were undertaken according to crop requirements, following (Seixas et al. 2020). 113 

Harvesting was carried out at full maturity (R8 stage), defined as the point at 114 

which approximately 95% of the pods had reached their mature color. Plants from the 115 

harvestable area of each plot were mechanically threshed, and grain weight was 116 

determined using a precision balance. Grain yield (GY), corresponding to the grain yield 117 

of plants after harvest and processing, with grain weights adjusted to 13% moisture and 118 

the value extrapolated to kg ha-1. 119 

 120 

Genetic and statistical analyses 121 

The grain yield data were analyzed using the Selegen REML/BLUP software 122 

(Resende, 2016). The variance components estimates and the genotypic values was 123 

obtained via REML/BLUP methodology, used the following linear mixed model: 124 

y = Xr + Zg + Wi + e 125 

where y is the vector of data, r is effects of blocks within different environments (assumed 126 

as fixed) summed to the general mean, g ~ N(0, Iσg2) is the vector of genotypic effects, i 127 

~ N(0, Iσp2) is the vector of the G × E interaction effects, and e ~ N(0, Iσ2) is the vector 128 

of errors or residuals. X, Z, and W are the incidence matrices for these effects. 129 

The significance of the random effects was evaluated by deviance analysis using 130 

the Likelihood Ratio Test (LRT), assuming a χ² distribution for the test statistic (Resende, 131 

2016). 132 



The estimated components included genotypic variance (̂ߪ௚2), variance of the G×E 133 

interaction (̂ߪ௚e2 ), residual variance (̂ߪ௘2) and phenotypic variance (̂ߪ௣2). Based on these 134 

components, the genetic parameters were obtained using the following estimators: 135 

genotype mean-based heritability 136 

ĥ2 = σ̂g2σ̂g2 + σ̂ge2e + σ̂e2re 137 

selective accuracy 138 SA = √ĥ2 139 

and the genotypic correlation of genotype performance across environments 140 

 141 

r̂ge2 = σ̂g2σ̂g2 + σ̂ge2  142 

where e is the number of environments and r is the number of replications. 143 

Selection for yield, adaptability, and stability was based on the following 144 

equations: 145 

harmonic mean of genotypic values (HMGV), ranks genotypes by yield and stability 146 

 147 HMGV = ݊∑ 1GV௜௝௡௝=1  148 

relative performance of genotypic values (RPGV), selects genotypes for greater 149 

genotypic adaptability 150 

RPGV =  1݊ ∑ GV௜௝A௝
௡

௝=1  151 

harmonic mean of the relative performance of genotypic values (HMRPGV), 152 

simultaneously evaluates the grain yield, stability, and adaptability of soybean genotypes 153 



HMRPGV =  ݊∑ 1RPGV௜௝௡௝=1   154 

where, n is the number of environments in which genotype i was evaluated; GVij is the 155 

genotypic value (BLUP) of genotype i in environment j and Aj is the average grain yield 156 

in environment j.  157 

 158 

Results and Discussion 159 

The genotype effect was not statistically significant (Table 3), indicating the 160 

absence of consistent differences among the overall means of the evaluated materials. 161 

This finding may be attributed to the use of commercial cultivars, which generally have 162 

a similar genetic base and exhibit high yield potential, thereby limiting the extent of 163 

variability among them. On the other hand, the genotype-by-environment (G×E) 164 

interaction showed significant effects (p<0.01), indicating differential responses of 165 

soybean genotypes across environments. Similar significant interactions have been 166 

reported in previous soybeans studies (Carneiro et al., 2019; Albuquerque et al., 2022). 167 

The significant effect of G×E interaction suggests that grain yield varies among 168 

genotypes, leading to potential shifts in ranking across evaluated environments. This 169 

highlights the importance of selecting superior genotypes specific to environmental 170 

conditions rather than relying solely on average performance. Thus, this interaction 171 

influences genotype selection during breeding program stages and cultivar 172 

recommendations. 173 

Grain yield is a polygenic quantitative property, meaning itis governed by multiple 174 

genes with minor effects and strongly influenced by the environment factors (Mbuma et 175 

al. 2022). In this study, phenotypic variance of grain yield was predominantly explained 176 

by the G×E interaction, contributing approximately 80% to the phenotypic expression. 177 



The variance components of the interaction surpassed the genotypic variance component, 178 

emphasizing the greater influence of the interaction on the total variance. This finding 179 

aligns with similar estimates in soybean studies (Albuquerque et al., 2022). 180 

The mean genotype heritability coefficient was 0.03 for GY (Table 3), indicating 181 

that GY exhibited low heritability and was strongly influenced by environmental factors 182 

and genotype-by-environment (G × E) interactions in its phenotypic expression. Selection 183 

accuracy is a parameter associated with reliability in the evaluation and prediction of 184 

genotypes, as it measures the correlation between the genotypic values predicted from 185 

experimental data and the true genotypic values. In this study, the accuracy was 0.18, 186 

which is considered low. This low value can be mainly attributed to the high G×E 187 

interaction observed, indicating a strong influence of the environment on genotype 188 

performance and reduced consistency of genotypic expression across environments. The 189 

experimental coefficient of variation (CVe) is one of the most widely accepted methods 190 

for evaluating experimental precision. In this study, the CVe was 10.76%, a value within 191 

the acceptable range for soybean experiments and lower than those reported under 192 

different edaphoclimatic conditions (Torres et al., 2018; Moitinho, 2021). 193 

As regards the CVg/CVe ratio, an ideal scenario would present high values, 194 

indicating a greater genetic variability. In this study, however, the ratio was low, denoting 195 

reduced genetic variability, with most of the phenotypic variation attributed to 196 

environmental factors. Gonçalves et al. (2020) examined 16 soybean genotypes in eight 197 

environments and also found a relative coefficient lower than 1.0, indicating a stronger 198 

interaction of the grain yield trait with environmental variations. 199 

 The genotypic correlation between environments (rge = 0.01) was very low, 200 

indicating a lack of consistency in genotype performance across environments. This result 201 

suggests that genotypes exhibited different responses depending on environmental 202 



conditions, with a likely occurrence of changes in ranking between environments. Such 203 

behavior characterizes the predominance of complex genotype × environment 204 

interactions (Costa et al., 2015), in which the relative performance of genotypes is not 205 

maintained. This scenario makes it difficult to accurately classify and recommend 206 

superior cultivars (Olivoto et al., 2019), as genotype performance becomes environment-207 

specific rather than stable across conditions. 208 

 209 

Table 3. Deviance analysis, chi-square test (χ2), estimation of variance components, 210 

and genetic parameters for grain yield in eight soybean genotypes evaluated in five 211 

environments in the municipalities of Campos dos Goytacazes and Macaé in the years 212 

2019, 2020, and 2021. 213 

Effect Deviance (1) 
LRT 

(Chi-squared) (2) 

Genotype (G) 1924.79 0.00ns 

Genotype × environment interaction (G × E) 2045.72 120.93** 

Complete 1924.79   

Variance components and genetic parameters 

Genotypic variance (̂ߪ௚2) 3726.70 

Variance of G × E interaction (̂ߪ௚e2 ) 518077.23 

Environmental variance (̂ߪ௘2)) 124612.87 

Phenotypic variance (̂ߪ௣2)  646416.80 

genotype mean-based heritability (ℎ̂2) 0.032 

Selection accuracy (SA) 0.18 

Coefficient of determination of the G × E (R2) 0.80 

Genotypic correlation between environments (̂ݎ௚௘2 ) 0.01 

Coefficient of genotypic variation (CVg) 1.86 

Coefficient of experimental variation (CVe) 10.76 

Relative coefficient of variation (CVg/Cve) 0.17 

Overall mean (μ): kg ha-1 3281.15 
(1) Deviance of the model adjusted for this effect. (2) LRT, likelihood ratio test. 214 

** and * Significant by the Chi-square test at p<0.01 and p<0.05, respectively. 215 

 216 

Genotypic values for grain yield 217 

Table 4 showed the ranking of genotypic values for grain yield in five cultivation 218 

environments, with an average yield of 3281.15 kg ha-1. The standout genotypes, namely 219 



95R95IPRO, M5917IPRO, BMX COMPACTA IPRO, and BRS 7780IPRO, exhibited 220 

higher grain yields (3294.97, 3286.56, 3285.74, and 3285.32 kg ha-1, respectively), 221 

displaying the highest genotypic values for the environment without G×E interaction 222 

effect (µ+g). When utilizing genotypic values (µ+g) for ranking, they can be extrapolated 223 

to environments different from those of evaluation, as this estimate does not account for 224 

the effect of G×E interaction (Maia et al. 2009; Gonçalves et al. 2014). Consequently, a 225 

consistent response is anticipated across diverse environments. 226 

The genetic gain, represented by the difference between the genotypic value of 227 

the genotype and the general average, was more expressive for the genotype 95R95IPRO, 228 

with 13.82 kg ha⁻¹. The new average, resulting from the addition of this gain to the general 229 

average, reinforces the productive potential of this genotype. Most genotypes presented 230 

a new average higher than the general average, except for BRS 544RR, indicating its 231 

lower suitability for high-yield environments.  232 

The predicted genotypic values without considering the genotype × environment 233 

interaction (µ + g) indicate the average performance of the genotypes in non-specific 234 

environments. The genotypes 95R95IPRO, M5917IPRO, BMX COMPACTA IPRO, 235 

BRS 7780IPRO and TMG7061IPRO stood out with values higher than the general 236 

average of 3281.15 kg ha⁻¹. These results suggest that these genotypes have a high genetic 237 

potential for grain yield, regardless of environmental variations.  238 

The genetic gain reached up to 13.82 kg ha-1 for genotype 95R95IPRO, resulting 239 

in a new mean of 3294.97 kg ha-1 for grain yield. All genotypes selected based on the new 240 

mean maintained the same ranking as those chosen by the interaction-free genotypic 241 

value (µ + g). Of the evaluated genotypes, 87.5% exhibited a new mean exceeding the 242 

overall mean, except for genotype BRS 544RR, which showed a lower grain yield 243 

(3259.41 kg ha-1). 244 



When incorporating the genotype × environment interaction (µ + g + gem), a 245 

change in the predicted values was observed, reflecting the influence of the environments 246 

on the expression of grain yield. The genotypes 95R95IPRO, M5917IPRO, BMX 247 

COMPACTA IPRO, BRS 7780IPRO and TMG7061IPRO remained the most productive, 248 

indicating stability and broad adaptability. On the other hand, genotypes such as BMX 249 

ZEUS IPRO and BRS 544RR presented lower values, suggesting sensitivity to 250 

environmental variations.  251 

By applying the mean genotypic value in the environments (µ + g + gem), where 252 

the genotype and environment interaction is considered, the ranking of the best genotypes 253 

aligned with those selected based on the highest genotypic values free from interaction 254 

(µ + g). This emphasis is particularly noteworthy for five genotypes: 95R95IPRO, 255 

M5917IPRO, BMX COMPACTA IPRO, BRS 7780IPRO, and TMG 7061IPRO, all 256 

surpassing the average grain yield (Table 4). The top five genotypes selected in all 257 

environments, considering the mean genotypic value of the environments, exceeded the 258 

national average soybean yield in the 2023/2024 harvest, which stood at 3202 kg ha-1 259 

(Conab, 2025). This demonstrates the viability of the selection strategy using this method. 260 

While the two selection methods are similar in terms of ranking, the predicted values are 261 

always higher for the mean of the environments.  262 

 263 

 264 

 265 

 266 

 267 



Table 4. Ranking and predicted genotypic values free from interaction with environments 268 

for the grain yield in eight soybean genotypes evaluated in five environments in the 269 

municipalities of Campos dos Goytacazes and Macaé in the years 2019, 2020, and 2021. 270 

Rank Genotypes g µ + g Gain1  New mean µ + g + gem 

1 95R95IPRO 13.82 3294.97 13.82 3294.97 3679.30 

2 M5917IPRO 5.41 3286.56 9.62 3290.77 3437.02 

3 BMX COMPACTA IPRO 4.59 3285.74 7.94 3289.09 3413.36 

4 BRS 7780IPRO 4.17 3285.32 7.00 3288.15 3401.31 

5 TMG7061IPRO 4.02 3285.17 6.40 3287.56 3396.96 

6 BMX GARRA IPRO -3.32 3277.83 4.78 3285.93 3185.45 

7 BMX ZEUS IPRO -6.95 3274.20 3.11 3284.26 3081.05 

8 BRS 544RR -21.75 3259.41 0.00 3281.15 2654.78 

Mean: 3281.15 kg ha-1 
1 genetic gain (kg ha-1); g: additive genetic effect; µ + g: predicted genotypic value (free 271 

from interaction); µ + g + gem: mean genotypic value across environments. 272 

 273 

The analysis of genotypic values with and without interaction provides valuable 274 

information for genetic improvement programs. Genotypes with high performance and 275 

stability, such as those mentioned above, are ideal candidates for large-scale 276 

recommendations. However, the presence of significant interaction highlights the 277 

importance of considering specific environments in genotype selection, aiming to 278 

maximize yield under particular conditions. An alternative method for genotype selection 279 

involves considering performance specific to each location. This is achieved by analyzing 280 

the predicted genotypic values in each environment (µ + g + ge). It becomes apparent that 281 

there is a shift in the ranking of the best genotypes depending on the cultivation site, 282 

illustrating the impact of the G × E interaction. 283 

Examining the predicted genotypic values for grain yield across all environments 284 

reveals that the BRS 7780IPRO genotype excelled as the top performer in environments 285 

E2 (Ayrizes), E3 (Guandu), and E4 (Primus 2019/2020) (Figure 1). Genotype 286 

95R95IPRO exhibited outstanding performance among the top three selected genotypes 287 



in Campos dos Goytacazes (Abadia) and in the two environments in Macaé. 288 

Additionally, it featured prominently in the ranking based on the average yield across all 289 

environments, as represented by the interaction-free genotypic value (µ + g). 290 

In a study conducted with soybeans in the northern region of Rio de Janeiro, Zilli 291 

et al. (2022) assessed 54 soybean cultivars across five harvests. Cultivars BRS 7780IPRO 292 

and 95R95IPRO exhibited grain yields surpassing 6000 kg ha-1. In the same 293 

investigation, during 11 evaluations in the region, genotype 95R95IPRO demonstrated 294 

an average yield of 3743 kg ha-1, a performance closely aligned with those estimated by 295 

the methodology of genotypic values. The results from these cultivars indicated a certain 296 

adaptation to the region's conditions, resulting in grain yields surpassing the current 297 

national average. When the G × E interaction is considered (µ + g + gem), it is advisable 298 

to cultivate these genotypes in areas demonstrating the same pattern of genotype and 299 

environment interaction used in this experimental network. 300 

The gains in grain yield - genotypes marked with triangles were used to estimate 301 

selection gain in each environment - for the three best genotypes in each location (Figure 302 

1), relative to the respective location averages, are 18, 21, 9, 10, and 17% for the 303 

environments of Abadia, Ayrizes, Guandu, Primus 2019/2020, and Primus 2020/2021, 304 

respectively. Conversely, the lowest grain yields were observed in the municipality of 305 

Campos dos Goytacazes: 2608 kg ha-1 (Abadia), 2031 kg ha-1 (Ayrizes), and 1344 kg ha-306 

1 (Guandu). 307 

Across the tested environments, the highest grain yields occurred in the 308 

municipality of Macaé, with an average yield of 5638 kg ha-1 (2019/2020 growing 309 

season) and 4782 kg ha-1 (2020/2021 harvest), respectively. All genotypes (except BRS 310 

544RR in the 2020/2021 harvest) in Macaé achieved grain yields exceeding the national 311 

average for the 2020/2021 harvest, which stood at 3526 kg ha-1. Genotype BRS 312 



7780IPRO exhibited the highest grain yield (6263 kg ha-1) in Primus 2019/2020. In 313 

contrast, M5917IPRO had the lowest production performance, yielding 1002 kg ha-1 in 314 

the Guandu location (E3), in Campos dos Goytacazes. 315 

The variations in yield across environments may be attributed to the climatic and 316 

soil peculiarities of each location (Supplementary tables 1 and 2). It is observed that the 317 

cumulative volume of rainfall on all farms throughout the harvests theoretically met the 318 

soybean's water requirements. These farm precipitation values are above the minimum 319 

total water requirement of the soybean crop, which varies between 450 and 800 mm cycle-320 

1 depending on climatic conditions, crop management, and cycle duration (Neumaier et 321 

al. 2020). 322 

However, there was a marked difference in rainfall distribution between locations, 323 

with Macaé experiencing better distribution compared to Campos dos Goytacazes. 324 

Temperature data indicated generally higher maximum values (average of 31.2 ºC) in 325 

Campos compared to Macaé (average of 30.0 ºC) (Supplementary table 1). These values 326 

are within the acceptable standard and, preliminarily, demonstrate no adverse effects on 327 

crop development. 328 

 329 

 330 

 331 

 332 

 333 

 334 

 335 

 336 

 337 



Figure 1. Predicted genotypic values for grain yield (kg ha-1) of eight soybean cultivars 338 

evaluated in five environments. 339 

340 
E1: Abadia farm, Campos dos Goytacazes, 2020/2021 growing season; E2: Ayrizes Farm, 341 

Campos dos Goytacazes, 2020/2021 growing season; E3: Guandu farm, Campos dos 342 

Goytacazes, 2020/2021 growing season; E4: Primus farm, Macaé, 2019/2020 growing 343 

season; E5: Primus farm, Macaé, 2020/2021 growing season. The dashed line represents 344 

the overall mean across environments. Blue symbols indicate genotypes with 345 

performance above the overall mean, while the orange symbol indicates below-average 346 

performance. Genotypes marked with triangles were used to estimate selection gain in 347 

each environment. 348 

 349 



Adaptability and stability 350 

Table 5 presents the performance of genotypes concerning stability (HMGV), 351 

genotypic adaptability (RPGV and RPGVµ), and simultaneous stability and adaptability 352 

(HMRPGV and HMRPGVµ) for the soybean grain yield trait across the study 353 

environments. As defined by Breda et al. (2025), stability refers to a genotype's ability to 354 

remain highly predictable even in the face of environmental variations, while adaptability 355 

is understood as its capacity to capitalize on environmental changes. 356 

The harmonic mean of genotypic values (HMGV) classifies genotypes based on 357 

both yield and stability values. Consequently, a higher HMGV value is associated with 358 

lower standard deviation in genotypic performance between environments (Gonçalves et 359 

al. 2014). Applying this criterion, the most notable genotypes are 95R95IPRO, BMX 360 

COMPACTA IPRO, TMG7061IPRO, BMX ZEUS IPRO, and BRS 7780IPRO. Four out 361 

of these five genotypes are among the top performers identified through the combined 362 

analysis of genotypic values (excluding M5917IPRO), indicating a degree of consensus 363 

between these assessment methodologies. 364 

The relative performance of genotypic values (RPGV) estimates adaptability 365 

across different environments, expressing genotypic values as a ratio of the overall mean 366 

for each location. Using this approach, the most outstanding genotypes—95R95IPRO, 367 

BMX COMPACTA IPRO, TMG7061IPRO, and BRS 7780IPRO—demonstrate the 368 

capacity to respond to improvements in environmental conditions. Notably, these three 369 

prominent genotypes recommended by HMGV align with those identified by RPGV. 370 

Genotypes 95R95IPRO, BMX COMPACTA IPRO, and TMG7061IPRO 371 

demonstrated outstanding performance in simultaneous selection for grain yield, 372 

stability, and adaptability, securing the top three positions. The results of HMGV, RPGV, 373 

and HMRPGV reveal that two of the three best-performing genotypes also ranked highest 374 



in yield based on the average across the environments associated with the predicted 375 

genotypic value (Table 5). The rankings of these genotypes remained consistent across 376 

interaction-free predicted genotypic value (μ + g) and HMRPGV methodologies, 377 

aligning with the rankings reported by Gonçalves et al. (2020) for various commercial 378 

soybean lines and cultivars. According to Cruz et al. (2021), this consistency is linked to 379 

the selection of genotypes with greater stability and adaptability across the tested 380 

environments simultaneously, indicating high productivity, adaptive contribution, and 381 

predictability across the five environments of the northern region of Rio de Janeiro. The 382 

observed maintenance of the ranking of genotypes in the three methodologies suggests a 383 

degree of agreement between these approaches. 384 

The top three genotypes identified by the HMRPGVµ criterion (HMRPGV 385 

multiplied by the overall mean across all locations) exhibited grain yields of 3641 kg ha-386 

1 (95R95IPRO), 3434 kg ha-1 (BMX COMPACTA IPRO), and 3394 kg ha-1 387 

(TMG7061IPRO), surpassing the overall mean (3281 kg ha-1) by 11%, 5%, and 3%, 388 

respectively. These genotypes fall within the Maturity Groups classification (5.8 to 7.0), 389 

which has been adapting to the study region (Batista et al. 2020; Zilli et al. 2022; Souza 390 

Filho et al. 2023) and more recently with the implementation of the Climate Risk Zoning 391 

(Zarc) for soybean, which defines the most appropriate sowing periods for the crop and 392 

those associated with lower probabilities of losses due to climatic risk, among other 393 

factors. Gonçalves et al. (2020) assessed the adaptability and stability of soybean grain 394 

yield through a mixed REML/BLUP model across two harvests and eight environments. 395 

Their findings showed consistency with our study concerning the selection via HMRPGV 396 

and predicted genetic gains, with agreement in ranking the best genotypes. Gains relative 397 

to the mean were more pronounced than those observed in the current study. 398 

The HMRPGV methodology, which considers genotype effects as random, offers 399 



the advantage of handling unbalanced data, heterogeneity of variances, and varying 400 

numbers of environments for selection (Resende et al. 2007). Ensuring stability across 401 

cultivation years is essential for new genetic materials and current cultivars, ensuring 402 

genetic gains and contributing as genetic sources for breeding programs. 403 

  404 



Table 5. Genotypic stability (HMGV), adaptability (RPGV and RPGVμ), stability, and adaptability of genotypic values (HMRPGV and 

HMRPGVμ) for grain yield (kg ha–1) in eight soybean genotypes evaluated in five environments in the municipalities of Campos dos Goytacazes 

and Macaé in 2019, 2020, and 2021. 

Genotype HMGV Genotype RPGV RPGVμ Genotype HMRPGV HMRPGVμ 

95R95IPRO 2726.33 95R95IPRO 1.12 3659.04 95R95IPRO 1.11 3641.65 

BMX COMPACTA IPRO 2636.24 BMX COMPACTA IPRO 1.05 3459.00 BMX COMPACTA IPRO 1.05 3434.08 

TMG7061IPRO 2597.38 TMG7061IPRO 1.04 3408.10 TMG7061IPRO 1.03 3394.78 

BMX ZEUS IPRO 2392.27 BRS 7780IPRO 1.04 3403.15 M5917IPRO 0.98 3210.54 

BRS 7780IPRO 2356.29 M5917IPRO 1.01 3321.94 BMX GARRA IPRO 0.94 3093.17 

BMX GARRA IPRO 2329.79 BMX ZEUS IPRO 0.97 3173.87 BMX ZEUS IPRO 0.94 3074.30 

M5917IPRO 2291.84 BMX GARRA IPRO 0.96 3154.79 BRS 7780IPRO 0.93 3039.20 

BRS 544RR 1968.59 BRS 544RR 0.81 2669.32 BRS 544RR 0.74 2442.64 

HMGV: harmonic mean of genotypic values; RPGV: relative performance of genotypic values; RPGVμ: relative performance of genotypic values 
for grain yield; HMRPGV: harmonic mean of the relative performance of genotypic values; HMRPGVμ: harmonic mean of the relative 
performance of genotypic values for grain yield. 
 



Conclusion 439 

The G x E variation found in this study highlights the importance of considering 440 

environmental specificities in the selection and recommendation of cultivars.  441 

The genotypes 95R95IPRO, M5917IPRO, BMX COMPACTA IPRO, BRS 442 

7780IPRO and TMG 7061IPRO stood out for presenting average yields above the general 443 

average (3281.15 kg ha⁻¹) and consistent performance in multiple environments. These 444 

genotypes demonstrated potential to be recommended in breeding programs aiming at 445 

broad adaptability.  446 

The analysis of predicted genotypic values, both free and considering the 447 

interaction with the environment, revealed changes in the ranking of genotypes, 448 

evidencing the need to use methods that evaluate the stability and adaptability of 449 

genotypes for different environmental conditions.  450 

The results obtained reinforce the importance of considering the G × E interaction 451 

in soybean genetic improvement programs. Genotype selection must be carried out based 452 

on analyses that consider both the average performance and the stability and adaptability 453 

of the genotypes to different cultivation environments.  454 
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