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ABSTRACT. Deep soil fertility management is decisive for the productive potential of soybean because it 
expands the volume of soil effectively explored by roots and reduces physical and chemical constraints to plant 
growth. This study aimed to quantify the relative contribution of soil physicochemical attributes, sampled from 
0 to 200 cm depth, to the prediction of soybean yield in high-performance fields from the Brazilian Soybean 
Strategic Committee (CESB). A Random Forest classification model was fitted and evaluated using out-of-bag 
(OOB) error, class purity–based metrics, SHAP values for model interpretation, and partial dependence curves 
combined with a purity metric across yield classes. The model showed adequate predictive performance (OOB 
error ≈ 17.5%), and five predictors were consistently important across yield classes and depths: clay content, 
cation exchange capacity (CEC), phosphorus, pH and copper. We conclude that management decisions targeted 
at high yields should consider sufficiency levels by depth layer, integrating liming, gypsum application, 
fertilization and decompaction practices that maximize the volume of soil that can be effectively explored by 
roots and the extension of the ideally exploitable profile. The results reinforce the need for deep soil diagnosis, 
with sampling beyond the traditional 0–20 and 20–40 cm layers, and demonstrate the potential of machine-
learning approaches to integrate large volumes of soil data and support more accurate, yield-oriented 
management recommendations. 
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INTRODUCTION 
 

Soybean yield is limited by edaphic constraints 
throughout the soil profile, while soil management on 
Brazilian farms is mostly restricted to depths of up to 
40 cm. It is still not fully clarified which deep soil 
physicochemical attributes explain yield variability 
(Frene et al., 2024; Alves et al., 2025). 

At the same time, modern cultivars demand 
more nutrients to sustain higher yield ceilings. Modern 
genotypes remove 15–23% (Filippi et al., 2021) and 11–
45% (Esper Neto et al., 2021) more nutrients than most 
reference values described in official fertilizer 
recommendation systems (Bender et al., 2015). The 
importance of managing the soil profile is therefore 
crucial, especially for high nutrient-demanding crops, 

in which soil structure can be decisive for maximizing 
yield (Oliveira et al., 2024; Silva et al., 2025). 

Studies such as those by Caires and Guimarães 
(2018) and Bossolani et al. (2021) offer more up-to-date 
approaches and help mitigate concerns about the use of 
high rates of soil amendments. Proper management of 
cover crops is essential to maximize water infiltration 
and lime percolation, increasing porosity through root 
channels and root decomposition at depth, thereby 
favoring nutrient incorporation in deeper layers 
(Crusciol et al., 2019; Silva et al., 2022; Bartosiewicz et 
al., 2025). Currently, the average soybean yield in Brazil 
is 3,180 kg ha⁻¹ (CONAB, 2024), whereas the average 
productive potential could reach 5,460 kg ha⁻¹ (Marin et 
al., 2022), which represents approximately 71% more 
than the current national mean.  

Reports from the Brazilian Soybean Strategic 
Committee (CESB) document fields achieving yields of 
5,400 to 8,400 kg ha⁻¹, and show that the main 
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difference between these areas and the rest of the 
country lies in deep soil management. These fields 
present soils free of aluminum toxicity, with adequate 
Ca, Mg and P levels at depth, as well as nodules at 140 
cm and roots reaching 200 cm depth (CESB champion 
2022/2023 – 8,061.6 kg ha⁻¹) (CESB, 2023). This 
evidences that the larger the volume of soil explored by 
roots, the higher the yield, a principle that applies not 
only to soybean but to all crops. 

Despite the accumulated evidence on the 
benefits of deep soil management, there is still a lack of 
information regarding the relative importance of deep 
soil attributes that can support targeted management 
strategies. Machine-learning (ML) models have been 
used with predictive purposes in several contexts, such 
as yield and climate forecasting, but it is still necessary 
to detail deep soil characteristics that explain within-
field yield variability (von Bloh et al., 2023; Berveglieri 
et al., 2024). The objective of this study was to 
determine the relative importance of soil physical and 
chemical variables down to 200 cm depth for predicting 
soybean yield. 

 
MATERIALS AND METHODS 

 
Data collection 

The soil profile data used in this study were 
obtained from publicly available champion case reports 
from the Brazilian Soybean Strategic Committee (CESB, 
2024). These reports are audited by three independent 
and specialized organizations, ensuring the reliability 
and transparency of the results generated within the 
scope of the CESB Challenge. 

The reports were downloaded from the CESB 
website, and all data were manually extracted with 
double-checking to ensure accuracy. The dataset covers 
the 2017/18 to 2023/24 growing seasons and comprises 
34 soil profiles, each sampled at 11 depths (10, 20, 40, 
60, 80, 100, 120, 140, 160, 180 and 200 cm), totaling 374 
layers. Soybean yields ranged from 5,400 to 8,400 kg 
ha⁻¹. For analysis, the profiles were stratified into three 
yield classes: 5,400–6,300; 6,300–7,200; and 7,200–8,400 
kg ha⁻¹, with 8, 17 and 9 profiles (equivalent to 88, 187 
and 99 layers), respectively. These values also represent 
the number of observations considered in the database 
for each yield class. 

The variables collected are described in Table 1. 
Variable selection was based on the availability of data 
for all evaluated depths. We chose to prioritize 
chemical and some physicochemical variables (such as 
clay content) because they are routinely determined in 
soil fertility analyses, which favors reproducibility and 
comparability with other studies. In addition, part of 
the effects of physical properties is indirectly captured 
by clay content, which strongly influences water 
retention, hydraulic conductivity and nutrient 

availability. Studies such as those by Gazolla-Neto et al. 
(2016) and Cox et al. (2003) also adopted clay as a 
representative texture variable, avoiding the redundant 
inclusion of other physical fractions when the goal was 
to identify key attributes related to yield. 

 
Table 1. Variables used for soil profile analysis and for the predictive 
study of soybean yield. 

Abbreviation Description Unit 

Arg Clay % 

V Base saturation % 

pH Hydrogen potential CaCl2 

M.O Organic matter g dm⁻³ 

CEC Cation exchange capacity mmolc dm⁻³ 

K Potassium mmolc dm⁻³ 

Ca Calcium mmolc dm⁻³ 

Mg Magnesium mmolc dm⁻³ 

Al Aluminum mmolc dm⁻³ 

P Phosphorus mg dm⁻³ 

S Sulfur mg dm⁻³ 

B Boron mg dm⁻³ 

Fe Iron mg dm⁻³ 

Cu Copper mg dm⁻³ 

Mn Manganese mg dm⁻³ 

Zn Zinc mg dm⁻³ 

 
Data analysis 

To predict the three soybean yield classes, a 
Random Forest classification model was fitted using the 
variables in Table 1 as predictors. The data were split 
into training and testing sets in a 70% and 30% 
proportion, respectively, using the createDataPartition 
function from the caret package (Kuhn, 2008). 
Hyperparameter tuning was performed by 5-fold cross-
validation. The final model was fitted with 500 trees 
and mtry = 9, which defines the number of predictor 
variables randomly sampled at each split. As a measure 
of lack of fit, we reported the out-of-bag (OOB) error. 

Model performance was evaluated based on 
accuracy and the confusion matrix obtained from the 
classifications of the test set, using the confusion Matrix 
function from the caret package (Kuhn, 2008). We 
computed the overall accuracy with 95% confidence 
interval, sensitivity, specificity, class-wise balanced 
accuracy, the p-value for comparison with the no-
information rate, and the misclassification error (%). 

From the confusion matrix, the test 
misclassification error was calculated for each yield 
class, defined as the complement of the proportion of 
correctly classified samples within that class, according 
to: 
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Equation 1. 

 𝐸𝑟𝑟𝑜𝑟(𝑡𝑒𝑠𝑡) =  1 − 
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑝𝑒𝑟 𝑐𝑙𝑎𝑠𝑠 

𝑇𝑜𝑡𝑎𝑙 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑝𝑒𝑟 𝑐𝑙𝑎𝑠𝑠
 

 
This indicator expresses the fraction of 

misclassified samples relative to the total number of 
observations belonging to each class, allowing the 
quantification of the class-specific error rate. 

The relative importance of the variables was 
assessed using two metrics: the mean decrease in Gini 
index and the mean SHapley Additive exPlanations 
(SHAP) value for each variable. Both metrics were 
converted to percentages to facilitate interpretation 
(Lundberg & Lee, 2017). While the Gini index provides 
a global measure of how much each predictor 
contributes to reducing node impurity across the forest, 
SHAP values provide a local and additive 
interpretation of the contribution of each predictor to 
individual model predictions. 

Because the Random Forest model was fitted as 
a multiclass classifier, SHAP values were interpreted in 
relation to the predicted probability of each yield class 
(Lundberg & Lee, 2017). For observation i, the SHAP 
value of predictor j for yield class k, denoted by ij(k), is 
defined as the weighted average of the marginal 
contributions of j over all possible subsets of predictors 
S: 

 
Equation 2. 

 

 Φ𝑖𝑗
(𝐾)

= ∑
|𝑆|! (|𝐹| − |𝑆| − 1)!

|𝐹|!
S⊆F∖{j}

[𝑓𝑆𝑢{𝑗}
(𝑘)

(𝑥𝑖,𝑆𝑢{𝑗}) − 𝑓𝑆
(𝑘)

(𝑥𝑖,𝑆)] 

 
Where F is the set of all predictors, S is a subset 

of predictors that does not include j, 𝑓𝑠
(𝑘)

(𝑥𝑖,𝑆) 

represents the expected model prediction for class k 
when only the predictors in S are considered and the 
remaining predictors are marginalized out, and the 
term in brackets represents the marginal contribution of 
predictor j when it is added to subset S. Thus, the 
prediction for class k can be decomposed as: 

 
Equation 3. 

𝑓(𝑘)(𝑥𝑖) = Φ0
(𝑘)

+ ∑ Φij
(k)

𝑝

𝑗=1

 

 

Where 𝛷0
𝑘 is the baseline prediction for class k, 

and 𝛷𝑖𝑗
(𝑘)

 represents the contribution of predictor j to 

shifting the prediction of observation i away from this 
baseline. 

SHAP values are per-variable attributions that 
decompose the model prediction into the additive 
contributions of each predictor. These values were 
displayed in a beeswarm plot to show their directional 
effect, depicting the contribution of high and low 
values of each variable to the predicted probability of 

each class. Point color reflects the actual value of the 
variable (high/low) in the sampled data, allowing one 
to visualize simultaneously which variables influence 
the prediction and in which direction. 

For variables showing agreement between Gini 
and SHAP metrics and importance values above the 
6.25% cutoff (1/16), partial dependence plots (PDPs) 
were generated by yield class, using class purity as the 
response. Shaded bands representing the 10–90% 
quantiles highlight the sampled regions for each class, 
while the rug at the bottom represents the density of 
observed values. 

Purity was used as a measure of confidence in 
the predictions, defined as: 
 
Equation 4. 

𝑃𝑢𝑟𝑖𝑡𝑦(𝑥) =
1

𝑛
∑ ∑ 𝑝̂𝑖𝑘

𝑘

𝑘=1

𝑛

𝑖=1

(𝑥)2 

 
Where 𝑝̂𝑖𝑘(𝑥)  is the predicted probability for 

class k for observation i when the variable of interest is 
fixed at value x, while all other variables remain at their 
observed values. The term x therefore represents the 
specific value assumed by the variable under analysis 
in the PDP, varying along a grid of values within the 
observed domain. In these curves, only the variable of 
interest is changed, and the output corresponds to the 
mean purity associated with each value of x. All 
analyses were performed in R version 4.5.1 (R Core 
Team, 2025). 

 
RESULTS AND DISCUSSION 

 
The confusion matrix shows that the model 

achieved an accuracy of 86.49%, which is sufficient to 
capture a substantial portion of the data variation and 
to identify which variables have the greatest impact on 
the predictions. Sensitivity (true positive rate) ranged 
from 69 to 96%, whereas specificity (true negative rate) 
ranged from 83 to 98% across yield classes, and the out-
of-bag (OOB) predictive error was 17.49% (Table 2). 

The overall test error was 13.51%, indicating 
high predictive ability and good generalization of the 
model to the test set. The higher error rates observed in 
the upper yield classes (5.26, 14.29, and 17.24%) may be 
associated with overlapping soil physicochemical 
characteristics among groups and with the increasing 
complexity of fertility gradients as yield rises. These 
results reinforce the robustness of the Random Forest 
model for classifying productive environments, with 
performance consistent with the natural complexity of 
soil attributes that determine soybean yield. 

Given that the final model included 16 
predictor variables, the expected importance value for 
each of them, under an assumption of equal 
contribution, would be 1/16, i.e., 6.25%. Thus, any 
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variable with relative importance below this threshold 
can be classified as having low relevance within the 
context of the fitted model. This approach provides an 
objective criterion to discriminate variables with 
marginal contribution to the predictive capacity of the 
model, avoiding overinterpretation of effects associated 
with attributes that exert little influence on yield. 

 
Table 2. Training and test confusion matrices for soil profile (0–200 
cm) classification using the Random Forest model. 
 

Training set 

Observed yield class (kg ha⁻¹) 5.400-6.300 6.300-7.200 7.200-8.400 

5.400-6.300 45 15 2 

6.300-7.200 2 122 7 

7.200-8.400 2 18 50 

Test set 

Observed yield class (kg ha⁻¹) 5.400-6.300 6.300-7.200 7.200-8.400 

5.400-6.300 18 1 0 

6.300-7.200 4 54 5 

7.200-8.400 4 1 24 

Sensitivity 0,69 0,96 0,82 

Specificity 0,98 0,83 0,93 

Balanced Accuracy 0,84 0,90 0,88 

Overall accuracy 0,8649 (IC: 0,787 – 0,922) 

Out-of-bag error 17,49 (%) 

p-value [Acc > NIR] 1,28e-15 

Class error 5.400–6.300 (Test) 5,26 (%) 

Class error 6.300–7.200 (Test) 14,29 (%) 

Class error 7.200–8.400 (Test) 17,24 (%) 

Overall error (Test) 13,51 (%) 

 

Using this cutoff (6.25% or 1/16), both Gini and 
SHAP metrics highlighted the predictors that were 
most relevant for the model. Clay (Gini 13.29%; SHAP 
14.44%), cation exchange capacity – CEC (11.89%; 
18.41%), P (10.69%; 9.89%), pH (8.18%; 11.05%) and Cu 
(6.95%; 8.88%) exceeded the threshold in both 
measures, identifying them as variables that 
meaningfully affect the confidence of the predictions. 
The remaining variables showed importance values 
below 6.25% in at least one of the metrics and were 
therefore classified as having low relevance. The 
satisfactory performance of the model (out-of-bag error 
of 17.49%) provides a solid basis for trusting the set of 
predictor variables identified (Table 3). 

The simultaneous selection of clay, CEC, P, pH, 
and Cu indicates that the separation among yield 
classes did not depend on a single isolated attribute, 
but rather on the integration of water and nutrient 
retention capacity, chemical availability, and favorable 
conditions for root development throughout the soil 
profile. This interpretation is consistent with studies 
showing that soybean yield responds to the interaction 
among chemical, physical, and biological soil attributes 

at different depths, and not only to the conditions of the 
surface layer (Müller et al., 2021; Barbosa et al., 2025). 

In highly weathered tropical soils, this 
integration is particularly important because acidity, 
low P availability, and the restricted distribution of 
exchangeable bases at depth can limit root growth and 
reduce the soil volume effectively explored by plants 
(Moraes et al., 2023; Oliveira et al., 2024). 

 
Table 3. Relative importance of soil variables (0–200 cm depth) for 
predicting soybean yield classes using the Random Forest model. 
 

Predictor  Gini SHAP Gini (%) SHAP (%) 

Arg 21,78 0,06 13,29 14,44 

CEC 19,49 0,07 11,89 18,41 

P 17,52 0,04 10,69 9,89 

pH 13,41 0,04 8,18 11,05 

Cu 11,39 0,04 6,95 8,88 

B 10,20 0,02 6,22 4,06 

S 9,43 0,01 5,75 2,82 

Mg 9,40 0,03 5,74 6,54 

Zn 8,92 0,03 5,44 6,31 

Fe 8,38 0,02 5,12 4,58 

V 7,42 0,01 4,53 2,81 

K 7,31 0,01 4,46 2,75 

M.O. 6,75 0,01 4,12 2,45 

Mn 5,92 0,01 3,61 2,08 

Ca 5,16 0,01 3,15 2,25 

Al 1,43 0,00 0,87 0,70 

Total 163,886 0,4 100 100 

Out-of-bag (%) 17,49% 

 
Clay stood out with high importance (13.29%; 

14.44%) because it is directly related to soil water and 
nutrient retention (Table 3). Soils with higher clay and 
organic matter contents tend to have greater water-
holding capacity and higher cation exchange capacity – 
CEC (11.89%; 18.41%), which allows greater retention 
of cations, favoring root development and nutrient 
uptake (Teixeira et al., 2017). This relationship was also 
highlighted by Vitantonio-Mazzini et al. (2020), who 
observed that the interaction between water availability 
and soil physicochemical characteristics was decisive 
for maximizing soybean yield. 

This retention capacity, combined with a more 
uniform distribution of nutrients throughout the soil 
profile, promotes deeper root development. It is worth 
noting that the CEC of organic matter has a higher 
magnitude than that of clay in many tropical soils, since 
most of these soils are derived from kaolinite, which 
has low CEC (Raij, 2011). 

Therefore, the joint importance of clay and CEC 
should be interpreted as an indication that high-yield 
environments depend not only on the chemical 
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capacity to retain nutrients, but also on physical 
conditions that allow greater root exploration at depth, 
as deeper chemical correction can favor root growth 
and crop yield in highly weathered soils (Moraes et al., 
2023). 

Phosphorus showed high importance (10.69%; 
9.89%), indicating that, even at depth, it exerts a direct 
influence on yield. This finding corroborates studies 
showing a strong association between available P and 
soybean yield, even below the surface layer (Esper Neto 
et al., 2021; Gazolla-Neto et al., 2016). In areas with 
higher P levels at depth, yield tends to be greater, 
possibly due to the larger soil volume explored by roots 
and the maintenance of P uptake during periods of 
water deficit. Sawchik and Mallarino (2008) further 
demonstrated that the spatial variability of P and K is 
closely related to field-level yield, which makes deep 
nutrient management even more relevant. 

Soil pH, by influencing nutrient availability, 
also had a marked importance (8.18%; 11.05%) for 
soybean yield (Table 3). Malavolta (1979) describes in 
detail the interaction among nutrients at different pH 
levels, emphasizing that when pH is outside the 
optimum range for the crop, plant uptake is limited 
even if nutrients are present in the soil. In this study, 
pH variability proved important for discriminating 
yield levels, which is reflected in the high importance 
assigned to this variable. 

The high relevance of Cu (6.95%; 8.88%) 
underscores the importance of micronutrients. Copper 
is critical for soybean physiological performance 
because it directly participates in photosynthesis and 
respiration, which ultimately affects yield components 
(Moreira & Moraes, 2019). According to Barik and 
Chandel (2001), copper applications of up to 5 kg ha⁻¹ 
increase nodulation, leaf area, dry matter and yield, 
and doses around 2.5 kg ha⁻¹ can also enhance P 
uptake. 

The joint presence of P, pH, and Cu among the 
most important variables reinforces that high yield 
depends not only on the total amount of nutrients in 
the soil, but also on their effective availability in the 
root environment. Soil pH acts as a central regulator of 
the solubility, adsorption, and availability of several 
nutrients, although its effects depend simultaneously 
on soil properties and plant response (Barrow & 
Hartemink, 2023).  

For P, this relationship is especially relevant in 
highly weathered tropical soils, where its availability is 
strongly controlled by adsorption and precipitation 
processes involving soil mineral constituents (Penn & 
Camberato, 2019; Hanyabui et al., 2020). In addition, 
the relevance of Cu is consistent with its role in soybean 
physiological processes and with its availability being 
conditioned by attributes such as organic matter and 
clay content (Moreira & Moraes, 2019). Thus, these 

attributes should be interpreted in an integrated 
manner, since changes in soil acidity can modify 
phosphorus availability, micronutrient availability, and 
nutrient uptake efficiency by plants. 

Organic matter is a key component of soil, 
influencing structure, water retention and CEC. Its 
decomposition stimulates microbial activity and 
gradually releases nutrients, increasing soil fertility 
over time, including phosphorus, for which it can 
account for 20–80% of the total pool (Rosa et al., 2018; 
Batista et al., 2018). In addition, Cu dynamics is 
strongly modulated by organic matter through the 
action of humic and fulvic acids (Moreira & Moraes, 
2019). In the present study, however, organic matter 
showed low importance (4.12%; 2.45%) because it is 
largely concentrated in the upper soil layers; when the 
entire 0–200 cm profile is considered, its effect is 
diluted and overshadowed by variables that are present 
and vary throughout the whole profile (Table 3). 

The spread of the predictors in the beeswarm 
plot reflects the magnitude of their contribution to the 
model predictions and highlights the role of CEC, pH, 
clay, P and Cu (Figure 1) (Lundberg & Lee, 2017). The 
color gradient suggests biologically meaningful 
patterns: higher pH values (yellow points) tend to shift 
contributions towards positive regions, which is 
consistent with reduced acidity and improved 
availability of nutrients such as P (Havlin et al., 2014; 
Weil & Brady, 2017). Another clear example is clay 
content, where intermediate levels contribute 
positively, whereas very high levels tend to contribute 
negatively due to their effect on structural properties 
such as reduced macroporosity, aeration and 
infiltration, greater P sorption and micronutrient 
unavailability under heavy liming (Sposito, 2008; 
Fageria, 2009). 

 For P and Cu, a bilateral effect is observed, 
suggesting an optimal response within intermediate 
ranges. The remaining predictors, within the sampling 
range of this study, were not sufficiently informative to 
improve the classification of soil profiles. 
 
Figure 1. SHAP values of soil variables in the model predictions. 
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To analyze how soil attributes affect the 
confidence of yield-class predictions, partial 
dependence plots (PDPs) were generated for the mean 
purity of the predicted probabilities as a function of 
CEC, clay, P, pH and Cu (Figure 2A–E). High purity 
values indicate that the probability mass is 
concentrated in a single class, whereas lower values 
reflect greater uncertainty in classification. 

Low CEC values increase purity for the low 
and medium yield classes, while the highest yield class 
is associated with intermediate-to-high CEC values, 
reaching a stable plateau at the upper end of the range 
(Figure 2A). 

The purity of the lowest yield class tends to 
stabilize at clay contents above approximately 35%, 
indicating that higher clay levels are associated with a 
more favorable environment for medium yield levels, 
up to a saturation point at which purity decreases for 
all classes (Figure 2B). 

For P, a rapid increase in purity is observed for 
the medium and high yield classes at low to moderate 
concentrations, followed by a plateau with a slight 
downward trend. The lowest yield class shows little 
gain in purity, suggesting that correcting P from 
deficient to adequate levels is decisive for achieving 
higher yields (Figure 2C). As pH is increased towards 
the optimum range, the purity of the medium and high 
yield classes also increases (Figure 2D). 

 
Figure 2. Partial effects of soil variables on class probability purity for 
soybean yield classes. 
 

 

At low Cu levels, the separation between yield 
classes is small; as Cu increases, the medium yield class 
shows higher purity, whereas the high yield class 
maintains an intermediate, more stable level (Figure 
2E). 

Taken together, the PDPs provide a practical 
guide for improving high-yield systems: (i) remove 
base-related chemical limitations (raise pH and 
consequently mitigate Al³⁺ toxicity); (ii) correct acute P 
and Cu deficiencies up to adequate ranges, considering 
deep management and profile building; and (iii) 
preserve or recover soil structure through practices 
such as no-tillage and aggregate formation, so that high 
clay content does not become a physical constraint 
(Minato et al., 2023; Oliveira et al., 2024). 

The occurrence of plateaus for CEC, P and Cu 
reinforces the concept of sufficiency levels and efficient 
input allocation, whereby doses above the adequate 
range do not increase the probability of belonging to 
the highest yield classes, whereas a corrected profile 
expands the exploitable soil volume for water and 
nutrients. 

This plateau behavior also indicates that the 
results should not be interpreted as a recommendation 
for indiscriminate increases in fertilizer or soil 
amendment rates, but rather as evidence that high-
yield systems require the balanced correction of 
multiple limitations throughout the soil profile, 
especially because chemical improvement at depth can 
favor root growth and the use of water and nutrients in 
subsurface layers (Moraes et al., 2023; Oliveira et al., 
2024). 

This indicates that management strategies 
should consider not only the tilled layer but also the 
deeper profile, enabling high nutrient levels at different 
depths while avoiding toxicity and improving nutrient 
use efficiency, especially in terms of P availability and 
the maintenance of soil physical structure and water-
holding capacity. Such an approach is supported by 
evidence that vertical and horizontal spatial variability 
directly influences input use efficiency and yield 
stability (Esper Neto et al., 2021; Cox et al., 2003). 
 
CONCLUSION 

 
Over the 0–200 cm profile, clay, CEC, P, pH and 

Cu stood out as the most consistent predictors of 
soybean yield. The largest increases in the probability 
of belonging to the highest yield classes were observed 
in soils with clay contents between 30 and 60%, CEC 
between 40 and 110 mmol dm⁻³, available P above 20 
mg dm⁻³, pH between 5.3 and 6.2, and Cu between 0.5 
and 1 mg dm⁻³. Outside these ranges, a gradual 
reduction in prediction purity was observed, resulting 
in a higher probability of allocation to lower yield 
classes. These findings show that improving the 
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chemical and structural conditions of the deep soil 
profile is directly associated with shifting environments 
towards higher yield levels. 
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