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Abstract: The spatial and temporal variability of soil chemical properties introduces uncertainty in agricultural 
management. Understanding these variations supports decisions on fertilization, soil correction, and monitoring. The study 
aims to quantify the spatial and temporal variability of soil chemical attributes and identify their possible causes through 
space-time geostatistical modeling applied to pH, phosphorus, potassium, calcium, magnesium, and organic matter data in 
a soybean area monitored from 2010 to 2022. Different spatio-temporal semivariogram models were considered, with 
emphasis on the sum-metric and simple sum-metric models. Geostatistical models were used to characterize the purely 
spatial, purely temporal, and joint spatio-temporal components; the wave model was fitted to the temporal structure, and 
the Mate rn model (k = 0.3) to the joint component. Temporal dependence ranged from one to six years and was stronger 
than spatial dependence, which showed a limited range. Canonical correlation analysis revealed associations with 
precipitation and mean temperature. The joint component showed limited interaction between temporal and spatial effects. 
The results indicate higher temporal sensitivity of soil chemical properties and relative spatial stability. The results support 
the definition of sampling strategies, site-specific management, and time-based interventions grounded in quantitative 
evidence. 
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Introduction 
  
Soil fertility is a key factor for soybean productivity, and soil analysis is essential for effective management (Bernardi et al., 
2017). Chemical attributes vary across space and time, influencing crop performance (Resende and Coelho, 2014). In 
soybean systems, understanding this variability supports targeted fertilizer use and yield optimization (Noetzold et al., 
2019). 
Space-time geostatistics enables integrated evaluation of soil variation, modeling dependence structures across both 
dimensions (Viana et al., 2019). These models estimate parameters from observed data collected in space and time and 
capture correlations that are not detected by isolated spatial or temporal analyses (De Bastiani et al., 2017; Montero et al., 
2015). 
In commercial soybean fields under continuous cultivation, soil chemical attributes are influenced by management, soil 
conditions, and interannual climate variability (Judijanto et al., 2024). Among these factors, climate plays a decisive role in 
the temporal dynamics of soil fertility, as changes in rainfall and temperature influence nutrient cycling, biological activity, 
and solute mobility within the soil profile (Daunoras et al., 2024). 
Canonical correlation analysis (CCA) allows joint evaluation of soil attributes and climatic variables, identifying linear 
associations between both sets (Hair et al., 2009; Silva et al., 2022). When combined with space-time modeling, it helps 
determine whether observed variability can be partially linked to climate fluctuations. 
Studies that jointly address the spatial and temporal dimensions of soil properties are still limited. When the temporal 
component is considered, it is common to compare spatial analyses conducted in different years. Yang et al. (2021), for 
example, evaluated soil carbon and nitrogen using classical geostatistics for 1980 and 2010 to assess changes related to 
environmental and management conditions. Zhuo et al. (2019) also applied spatial geostatistics across multiple years to 
describe the evolution of soil properties and analyzed micronutrient availability (Cu, Zn, Fe, Mn) in five sub-basins in Beijing 
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from 2007 to 2017 in relation to soil chemical attributes. Although such approaches provide temporal comparisons, they do 
not explicitly model the joint spatio-temporal dependence structure. 
According to Viana et al. (2019), interest in space-time analysis has grown across scientific fields due to its ability to capture 
interactions between spatial and temporal processes. In agriculture, this approach offers a framework to describe how soil 
attributes evolve over time while accounting for their spatial distribution. By explicitly modeling both components, space-
time geostatistics provides insight into temporal trends, seasonal dynamics, and spatial stability, supporting decision-
making in precision management. 
Recent studies, such as Maltauro et al. (2025), applied separable space-time covariance structures to characterize soybean 
yield variability, reinforcing the potential of this approach to improve the understanding of crop–soil interactions. In this 
context, applying space-time geostatistics to soil chemical attributes can contribute to defining sampling strategies and 
management zones with a temporal perspective. 
The objective of this study was to quantify the spatial and temporal variability of soil chemical attributes in a no-tillage 
soybean area using space-time geostatistical models to identify the contribution of each component and the factors 
associated with this variability. 
 
Results and Discussion 
 
Sample space-time semivariograms analysis 
The space–time semivariograms (Figures 1 and 2) indicate only a modest rise with spatial lag, most evident at short 
distances. This points to a small spatial range: nearby points are correlated, whereas at larger separations variability is 
effectively random, consistent with a stable spatial structure.  
Along the temporal axis (also in Figures 1 and 2), semivariance increases with time lag, showing that the chemical attributes 
become less similar as the interval grows. The temporal effect is stronger than the spatial one and is particularly marked for 
calcium and pH (Figures 1A and 1B). Phosphorus exhibits a gradual rise that levels off at roughly half the total temporal 
extent (Figure 2A). For magnesium and organic matter (Figures 2B and 2C), the increase is milder and concentrated in the 
initial time lags. 
 
 
Analysis of the adjusted models and their parameters 
The sample space-time semivariograms were adjusted by different spatial-temporal geostatistical models.  The best fits 
were obtained with the sum-metric model for phosphorus (Figure 3A) and magnesium (Figure 3B), and with the simple 
sum-metric model for organic matter (Figure 3C), calcium (Figure 4A), and pH (Figure 4B). As noted by Heuvelink et al. 
(2012), these models help reduce uncertainty and allow separate interpretation of spatial, temporal, and joint components, 
though parameter estimation can be challenging given the number of parameters (Snepvangers et al., 2003). Prior work 
supports the effectiveness of models that incorporate spatial, temporal, and space–time terms for stochastic processes 
(Cesare et al., 2001; Snepvangers et al., 2003; Kilibarda et al., 2015; Monteiro et al., 2017).  
These results show the importance of considering space-time variability beyond the purely spatial and temporal 
components for a more accurate adjustment of the model and, consequently, for obtaining more accurate results. The spatial-
temporal models used in this study are formed by the purely spatial, purely temporal, and spatial-temporal components 
(joint). For each of these components, it is necessary to adjust by means of geostatistical models that best represent their 
behavior.  
 

 
Figure 1. Sample space-time semivariogram for: (A) Calcium; (B) pH. A steeper increase in the semivariogram is observed 
along the temporal axis than along the spatial axis, indicating greater variability and range of this component for both soil 
chemical elements. 
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Figure 2. Sample space-time semivariogram for: (A) phosphorus; (B) magnesium; (C) organic matter. Phosphorus shows a 
gradual temporal increase and strong dependence, while magnesium and organic matter display smoother and more stable 
behavior. All three attributes exhibit short spatial ranges, indicating limited spatial continuity. 

 
Figure 3. Fitted space–time models for (A) phosphorus, (B) magnesium, and (C) organic matter using the sum-metric and 

simple sum-metric approaches. The fitted surfaces show good agreement with the experimental data, separating spatial, 

temporal, and joint components. 
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Figure 4. Fitted simple sum-metric models for (A) calcium and (B) pH. The fitted surfaces show good agreement with the 

experimental data, separating spatial, temporal, and joint components. 

Table 1. Spatio-temporal geostatistical parameters for the purely spatial component. 

  Phosphorus Magnesium Calcium pH Organic Matter 

Model Gaussian Matérn k=2 Wave Spherical Exponential 

Nugget (𝜑̂1) 5.0 0.13 0.93 0.08 13.95 

Partial Sill (𝜑̂2) 4.01 0.14 0.44 0.05 5.01 

Sill (φ̂1 + φ̂2) 9.01 0.27 1.37 0.13 18.96 

Range (m) 178 580 158 229 30 

RNE 0.55 (md) 0.48 (md) 0.68 (md) 0.61 (md) 0.74 (md) 

RNE: ( φ̂1/(φ̂1 + φ̂2) relative nugget effect; md: moderate degree. 
 

Table 2. Spatio-temporal geostatistical parameters for the purely temporal component. 

  Phosphorus Magnesium Calcium pH Organic Matter 

Model Wave Wave Wave Wave Wave 

Nugget (φ̂1) 7.0 0.08 0.93 0.08 13.95 

Partial Sill (φ̂2) 30.73 0.08 2.78 0.23 28.41 

Sill (φ̂1 + φ̂2) 37.73 0.16 3.71 0.31 42.36 

Range (year) 5 2 5 6 1 

RNE 0.18 (sd) 0.50 (md) 0.25 (sd) 0.25 (sd) 0.33 (md) 

RNE: ( φ̂1/(φ̂1 + φ̂2) relative nugget effect; md: moderate degree; sd: strong degree. 

 

Analysis of the purely spatial component 
When adjusting the purely spatial structure, it is observed that there is no specific model that best fits the spatial component 
of space-time semivariograms; Gaussian, exponential, wave, spherical, and Mate rn models were selected as appropriate 
(Table 1). These models are usually used in studies describing the spatial dependence structure in soil chemical attributes 
(Dalposso et al., 2019; Guedes et al., 2020; Dal'Canton et al., 2023; Lorbieski et al., 2023; Maltauro et al., 2023). Fitted 
parameters indicate mostly moderate spatial dependence with ranges <230 m—i.e., <¼ of the maximum interpoint distance 
(~1,766 m)— this is an indication of how variability is restricted near regions within the field. Magnesium is the exception, 
with a range of ~590 m, suggesting broader spatial continuity relative to other attributes. 
Another aspect to be considered in relation to spatial variability is its pattern over time. Across time lags (Figures 5–6), the 
spatial pattern is stable: semivariograms rise steeply at short distances and plateau early, regardless of temporal separation. 
This indicates a persistently small spatial range over the monitoring period. In other words, there is a rapid initial increase 
of variance of these semivariograms, quickly reaching a level that indicates a reduced radius of spatial dependence, 
regardless of the time distance between the samples. 
Despite the common pattern, pH and calcium (Figures 5A–B) show higher contributions at the longest temporal lags 
(represented in the graphs with colors close to yellow)—i.e., larger sill–nugget differences— indicating an increase in the 
variability of samples separated by longer distances in time. This behavior indicates an increase in spatial variability over 
the years, caused by differences in sample values over time, however, as the range has changed little in different time lags, 
the increase in variability was restricted to regions near the sampling points. For phosphorus, magnesium, and organic 
matter (Figures 6A–C), contributions do not increase with time lag, indicating stability or minor temporal change.  
Overall, the attributes exhibit short-range spatial dependence and localized variation; This behavior reveals an apparent 
randomness in spatial variability patterns in this area that may be associated with events with effects located within the 
field that affect the spatial distribution of these attributes on a local scale.  
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Figure 5. Sample semivariograms separated by temporal lags; A: pH, B: calcium. The lag considers the samples used 
according to the time interval between them. The number in the sequence indicates the time interval that separates the 
samples: lag0 includes all samples, lag1 includes all samples separated by one year, and so on. The curves remain similar 
across time lags, indicating stable short spatial ranges, while larger time intervals show higher variance levels, suggesting 
increasing temporal variability restricted to local areas. 
 

Table 3. Variances of the canonical pairs U and V and the correlation between them. 

Canonical Pairs Variance % Variance 
% Accumulated 
Variance 

Canonical  
Correlation 

U1V1 0.995 62.97 62.97 0.997 
U2V2 0.585 37.02 100.00 0.765 

 
Table 4. Significance test of canonical pairs. 
Canonical 
Function 

Canonical Pairs λ de Wilks Chi-Square 
chi-square 
density 

df p-Valor 

1 (U1V1) 0.002 24.678 18.307 10 0.006* 
2 (U2V2) 0.415 3.517 9.487 4 0.475 

 
 

Table 5. Canonical Loadings for the First Canonical Function (U1V1). 
Independent Variables  
Variables Canonical Loadings 
Average daily precipitation -0.80 
Average daily temperature 0.11 
 Dependent Variables  
Variables Canonical Loadings 
Phosphorus 0.39 
Organic Matter 0.33 
Calcium 0.41 
pH 0.08 
Magnesium 0.23 

 
 
A related study in the same area (Lorbieski et al., 2023) identified zones with similar characteristics from spatial variability 
patterns and reported that, although soil chemical attributes varied, the variation was confined to a range that did not affect 
productivity. This likely reflects site management under technical supervision typical of a commercial field. Consistent with 
this, Kayad et al. (2021) note that both management and environmental factors shape spatial and temporal variability; 
Freddi et al. (2006) point to management as the primary driver; and Khan et al. (2020) show that well-implemented 
practices can mitigate such variability. 
Other studies support these findings. Klic et al. (2012) showed that soil preparation in cultivated areas alters properties and 
tends toward homogenization relative to uncultivated sites. Liu et al. (2009) likewise reported reduced spatial variability of 
soil chemical properties in an irrigated rice system after two decades of improved management. These results align with 
Carvalho et al. (2003), who argue that spatial variability reflects both intrinsic controls (parent material, texture) and 
extrinsic drivers linked to management (e.g., fertilization, liming). 
 
Analysis of the purely temporal component 
As for the temporal component, the wave model provided the best fit (Table 2). The sample space–time semivariograms 
(Figures 1–2) show periodic behavior along the temporal axis, and the wave model captures this non-monotonic, oscillatory 
pattern (Andriotti, 2009; Chile s and Delfiner, 2012). The model is also widely used for climate-related variables (Isaaks and 
Srivastava, 1989; Cressie, 2015; Gamero et al., 2020). Because temporal variability in soil chemistry is largely climate-driven  
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Figure 6. Sample semivariograms separated by temporal lags; A: phosphorus, B: magnesium; C: organic matter. The lag 
considers the samples used according to the time interval between them. The number in the sequence indicates the time 
interval that separates the samples: lag0 includes all samples, lag1 includes all samples separated by one year, and so on. 
The consistent curve patterns and early plateaus across lags indicate spatial stability and minimal change in variability 
through time. 
 

Table 6. Spatio-temporal geostatistical parameters for the spatio-temporal component (joint). 

  Phosphorus Magnesium Calcium pH Organic Matter 

Model Matérn k=0.3 Exponential Exponential Matérn k=0.3 Matérn k=0.3 

Nugget (φ̂1) 95.66 0.30 0.93 0.08 13.95 

Partial Sill (φ̂2) 73.91 0.01 1.49 0.08 25.76 

Sill (φ̂1 + φ̂2) 169.57 0.31 2.42 0.16 39.71 

Range (m) 3915 1962 964 1447 149 

RNE 0.56 (md) 0.96 (wd) 0.38 (md) 0.50 (md) 0.35 (md) 

StAnis 0.10 0.11 3.66 0.63 3.38 
RNE: ( φ̂1/(φ̂1 + φ̂2) relative nugget effect; md: moderate degree; wd: weak degree; StAni: spatio-
temporal anisotropy. 

 

(Heuvelink and van Egmond, 2010; Basso et al., 2012; Liu et al., 2016), these features justify the superior fit of the wave 
model to the temporal structure. 
The temporal patterns seen in the experimental semivariograms (Figures 1–2) and fitted models (Figures 3–4) are 
consistent with the model parameters (Table 2). The purely temporal component shows moderate to strong dependence, 
with temporal ranges of 1–6 years. Phosphorus, calcium, and pH exhibit the highest dependence and longest ranges—about 
6 years for pH and 5 years for phosphorus and calcium—indicating gradual changes that persist across multiple years. The 
remaining attributes display shorter ranges and weaker dependence, suggesting less temporal correlation and more year-
to-year variability. 
This temporal behavior is consistent with prior work showing that soil chemical attributes are generally not temporally 
stable (Gavioli et al., 2016; Cammarano et al., 2020). Several studies report year-to-year changes: Ferraz et al. (2012) found 
interannual variation in soil phosphorus and potassium; Cox et al. (2003) observed that soil fertility varied annually across 
fields; and Liu et al. (2009) documented increases in organic carbon, total nitrogen, and available phosphorus, along with a 
marked decline in available potassium, linked to imbalanced N–P–K fertilization. 
Heuvelink and Egmond (2010) argue that rainfall can produce greater temporal than spatial variation because it tends to 
affect the whole field while changing markedly over time. To examine this, we related climatic variables to soil chemical 
attributes using canonical correlation analysis (CCA). The CCA results (Table 3; Figure 7) indicate that the first canonical  
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Figure 7. Biplot of the canonical correlation between climatic variables and soil chemical attributes. Precipitation shows a 
strong negative association with soil attributes, while temperature has a weaker positive relationship, indicating that rainfall 
is the main climatic driver of soil chemical variability. 
 

 
Figure 8. Map of soil organic matter content between the years 2010 and 2022. It shows more pronounced year-to-year 
variations than the other soil chemical attributes, indicating that changes in organic matter are mainly the result of specific 
annual events, either climatic or management-related. 
 

 
Figure 9. Map of soil calcium content between the years 2010 and 2022. Lower concentrations are observed between 2015–
2017 and higher values from 2020–2022, corresponding to liming cycles and the longer temporal ranges identified in the 
model. 
 
pair (U1–V1) explains 99.5% of variance in its dependent canonical variate, representing about 63% of the total variance 
considered in the analysis. The second pair (U2–V2) accounts for 0.585, or roughly 37% of the total. The canonical 
correlation for the first pair is 0.997, indicating a very strong association between the canonical functions; the second pair 
is also strong but lower. 
According to the significance tests (Table 4), only the first canonical pair (U1–V1) was significant (p < 0.05). This indicates 
that variation in the soil-attribute set, for this pair, is explained primarily by the climate set rather than random error. The 
higher Wilk λ for the second pair (U2–V2) suggests its result is more likely accidental under this model. Therefore, 
interpretation is restricted to U1–V1. 
Table 5 shows that daily mean precipitation has the largest loading among the climatic variables for U1–V1, with a negative 
sign—i.e., higher precipitation is associated with lower values of the soil chemical attributes. Mean daily temperature has a 
positive loading but a smaller magnitude, indicating a weaker, direct association with the soil attribute set. 
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Figure 10. Soil pH map between the years 2010 and 2022. Lower values are observed between 2015–2017 and higher ones 
between 2020–2022, showing that the pH distribution mirrors the calcium pattern and confirms the positive correlation 
and shared temporal trend associated with soil acidity correction practices. 
 

 
Figure 11. Map of soil phosphorus content between the years 2010 and 2022. A persistent high-concentration zone appears 
in the central-western region, with a slight gradual increase over the years, consistent with the low solubility and mobility 
of phosphorus in soil. 
 
Calcium, phosphorus, and organic matter show the strongest association with daily mean precipitation (Table 5): higher 
precipitation is linked to lower values of these attributes. Mean daily temperature also relates to the soil set but weaklier. 
This pattern appears in the CCA biplot (Figure 7): precipitation vectors oppose the soil-attribute vectors (inverse 
relationship), while temperature aligns in the same general direction (direct but weaker association), consistent with a 
smaller and possibly incidental effect. 
Intense rainfall accelerates nutrient loss via leaching and surface runoff, affecting multiple soil chemicals. In irrigated maize, 
nitrate leaching increases late in the crop cycle (Silva et al., 2009). Simulated storms have shown losses up to 60 kg ha⁻¹ of 
potassium from surface layers (Rosolem et al., 2006), and greater precipitation enhances calcium and magnesium leaching, 
contributing to acidification (Gelybo  et al., 2018). Under varied management systems, heavy-rainfall simulations also drive 
N, P, and K losses through runoff (Melo et al., 2024). Rising temperatures, in turn, can intensify organic matter 
mineralization: soils with higher organic C exposed to warmer conditions released more CO₂ over time, indicating 
accelerated decomposition and increased availability of soil substrates (Yu et al., 2022). 
Intense rainfall increases nutrient losses via leaching and surface runoff, affecting multiple soil elements. In irrigated maize, 
nitrate leaching rises late in the crop cycle (Silva et al., 2009). Simulated storms have shown losses up to 60 kg ha⁻¹ of 
potassium from surface layers (Rosolem et al., 2006), and greater precipitation enhances calcium and magnesium leaching, 
contributing to acidification (Gelybo  et al., 2018). Under different management systems, heavy-rainfall simulations also 
drive N, P, and K losses through runoff (Melo et al., 2024). Rising temperatures can intensify organic-matter mineralization: 
soils richer in organic carbon exposed to warmer conditions released more CO₂ over time, indicating accelerated 
decomposition and greater substrate availability (Yu et al., 2022). 
In summary, climate explains a substantial share of the variability in soil chemical attributes, but not all of it; management 
practices, cultivar characteristics, and other site factors also contribute. This aligns with Basso et al. (2012), who argue that 
temporal variability is driven mainly by non-stationary drivers such as climate and yearly crop choices. 
 
Space-time component (joint) 
The joint space–time component was best fitted by Mate rn models with k = 0.3 (Table 6). Such a small smoothness 
parameter implies a relatively irregular process with rapid variation at short lags (Minasny and McBratney, 2007). Spatial–
temporal model parameters (Table 6) show weak to moderate dependence across the soil chemical attributes, evidencing 
interaction between spatial and temporal components. Phosphorus and pH show the strongest space–time interaction 
(moderate dependence) and comparatively larger ranges than the other attributes. 
Another relevant aspect related to the joint variability is the space-time anisotropy (Table 6). The values below 1 attributed 
to phosphorus, magnesium and pH suggest a more robust temporal correlation in the interaction between the levels of these 
soil chemical attributes. On the other hand, calcium and organic matter exhibit values higher than 1, indicating a more 
pronounced spatial correlation in this context of interaction (Gasch et al., 2015). 
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Figure 12. Map of soil magnesium content between the years 2010 and 2022. The maps reveal a gradual decline in 
magnesium levels throughout the study period, with decreasing concentrations after 2015. 
 
 
Analysis of the different soil chemical attributes 
By conducting a specific analysis for each soil chemical attribute, we found that organic matter, although showing moderate 
dependence across all evaluated components, also exhibited limited ranges in each of them (Tables 1, 2, and 6). In other 
words, autocorrelation among the observed values is confined to periods close to the observation year, given the one-year 
temporal window. This suggests that, overall, variability in this soil attribute is mostly random across the study area, with a 
stronger temporal component. This is clearer in Figure 8, which shows more abrupt year-to-year contrasts and less smooth 
change than the other chemical attributes analyzed. In sum, the values appear to be driven by year-specific events affecting 
this attribute. 
Among the main factors contributing to the variability of soil organic matter are soil management and climatic conditions. 
Several studies in literature support this view. Liu et al. (2020) reported that the variability of organic soil matter is sensitive 
to human practices such as organic fertilization and land use changes. Similarly, Hu et al. (2018) found that both natural 
factors, including climate and topography, and human activities, such as land use and fertilization, influence its spatial 
distribution. According to Shi et al. (2019), dynamic human activities over short periods—such as land use, fertilization, soil 
preparation, and cropping systems—have a strong impact on the dynamics of soil organic matter. 
Calcium, phosphorus, and pH showed the highest degrees of temporal dependence, along with moderate spatial dependence 
and limited space–time interaction across attributes (Tables 1, 2, and 6). Although pH is often reported to vary little (Amado 
et al., 2009; Ou et al., 2017), we observed the opposite. A likely explanation is its linkage to calcium: calcium amendments 
(e.g., liming) neutralize acidity and raise pH, so increases in calcium tend to increase pH (Pauletti et al., 2014). This 
relationship is evident in the maps (Figures 9 and 10), which it is possible to see lower values for both calcium and pH in 
2015–2017 and higher values in 2020–2022. The same pattern appears in the sample and fitted semivariograms (Figures 1 
and 4) and in the model parameters (Tables 1, 2, and 6). 
Regarding phosphorus, a key property noted by Shen et al. (2011) is its low solubility and mobility in soil. The strong 
temporal dependence observed here may reflect this property, implying slow dispersion over time. Figure 11 supports this 
pattern: a high-concentration zone in the central-western portion of the area persists across years, with a slight, gradual 
increase over time. 
Magnesium showed moderate spatial and temporal dependence; spatially, it showed a great dependence radius, among all 
attributes. In Figure 12, a gradual decline in magnesium over the study years is evident, and from 2015 onward the pattern 
becomes clearer, with values decreasing from north to south across the area. 
Similar patterns have been reported in the literature. Stipek et al. (2004) documented spatial and temporal variation in soil 
magnesium, noting low spatial variability but moderate to strong spatial dependence and little temporal change. They 
concluded that, despite shifts in spatial variability, the mean and median remain stable, indicating consistent nutrient levels 
over time. 
 
Materials and Methods 
 
Area of study 
The study used data on soil chemical attributes, including calcium (Ca) (cmolc dm⁻³), phosphorus (P) (mg dm⁻³), organic 
matter (OM) (g dm⁻³), pH (CaCl₂), and magnesium (Mg) (cmolc dm⁻³), collected before soybean sowing over nine crop years 
(2010–2022). Sampling was conducted in a 167.35-hectare commercial area in Cascavel, Parana , Brazil (24.95° S, 53.37° W) 
at an average elevation of 650 m (Figure 13). The soil is classified as a Typical Dystroferric Red Latosol with a clayey texture 
(Santos et al., 2018). According to the Ko ppen classification, the region has a mesothermal, super-humid temperate climate 
(Cfa), with a mean annual temperature of 21 °C (Aparecido et al., 2016) and average precipitation of about 1,800 mm 
(Cattane o et al., 2016). 
Climatic anomalies varied during the study period. Extreme rainfall events linked to the 2015–2016 El Nin o were recorded 
in Parana  (Montanher et al., 2023), and monthly precipitation in Cascavel showed significant correlation with the Oceanic 
Nin o Index (ONI), indicating sensitivity to ENSO events (Pedron et al., 2023). Conversely, La Nin a episodes were associated 
with below-average rainfall and severe droughts in southern Brazil (Grimm et al., 2020), confirming the influence of ENSO 
cycles on precipitation variability in the region. 
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Figure 13. Representation of the plot with the sampling points (Flat coordinate system, UTM projection, zone 22 South, 
SIRGAS 2000 datum). 
 
The sampling design included 102 points distributed by the lattice plus close pairs method (Figure 13), providing uniform 
spatial coverage (Maltauro et al., 2023). The layout comprised a regular grid with 141 m spacing between points, 
complemented by additional pairs at 75 and 50 m to capture finer-scale variability. All points were georeferenced using GPS 
with the WGS84 datum and UTM projection (Maltauro et al., 2025). 
No data were collected in 2011, 2017, 2018, and 2020. The area is managed under no-tillage with annual rotation between 
soybean and off-season maize, and soil correction is performed as needed based on annual analyses and thematic maps. 
 
Spatial-temporal geostatistical analysis 
The spatial–temporal variability of soil variables was analyzed using the space–time semivariogram derived from Equation 
1 and its corresponding fitted geostatistical model. The estimated space–time semivariance function, γ̂st(𝐡, μ), is a 
generalization of the classical spatial formulation proposed by Matheron (1989) (Eq. 1; Montero et al., 2015): 
 

 γ̂st(𝐡, μ)  =
1

N(𝐡,u)
∑ [Z(𝐬𝐢, ti) − Z(𝐬𝐣, tj)]

2N(𝐡,u)
i=1 , Eq. 1 

 
where 𝑍(𝑠𝑖 , 𝑡𝑖) and 𝑍(𝑠𝑗 , 𝑡𝑗)are pairs of observed values of the georeferenced variable in space and time, separated by an 

omnidirectional spatial lag 𝒉 = 𝒔𝑖 − 𝒔𝑗 , with 𝒔𝑖 , 𝒔𝑗 ∈ 𝐷 ⊂ ℝ2, and a temporal lag 𝑢 = 𝑡𝑖 − 𝑡𝑗, with 𝑡𝑖, 𝑡𝑗 ∈ 𝑇 ⊂ ℝ. 𝑁(𝒉, 𝑢) 

represents the number of data pairs separated by the space–time lag (𝒉, 𝑢). 
In this framework, semivariograms were computed for different time intervals. The estimation of the space–time 
semivariogram (Eq. 1) combines spatial and temporal distances (Matheron, 1989). The semivariance is considered purely 
spatial when temporal distance equals zero (𝒉, 0) (Figure 14A), purely temporal when spatial distance equals zero (0, 𝑢) 
(Figure 14B), and space–time when both distances differ from zero (Figure 14C) (Montero et al., 2015). 
To model space–time dependence, five semivariance models were evaluated Initially we have the sum model 𝛾𝑠𝑜(𝒉, 𝑢) (Eq. 
2) and the sum–product model 𝛾𝑠𝑝(𝒉, 𝑢) (Eq. 3), both represented as a sum or product of purely spatial 𝛾𝑠(𝒉) and purely 

temporal 𝛾𝑡(𝑢) components. The metric model 𝛾𝑚(𝒉, 𝑢) (Eq. 4) combines spatial, temporal, and space–time distances 

through an anisotropy correction that equates spatial and temporal units, using the metric √∥ 𝒉 ∥2+ 𝑐2 ∣ 𝑢 ∣2in the 
stationary case, where c is the anisotropy correction factor. Finally, the simple sum–metric 𝛾𝑠𝑚(𝒉, 𝑢) (Eq. 5) and sum–metric 
𝛾𝑠𝑠𝑚(𝒉, 𝑢) (Eq. 6) models combine the sum and metric formulations. The distinction between them lies in whether the 
nugget effect (nug) is assigned the same value across all components (spatial, temporal, and space–time) during model 
fitting (Montero et al., 2015; Viana et al., 2019). 
 
 

γso(𝐡, u) = γs(𝐡) + γt(u), (𝐡, μ) ∈  𝐃 X T ; Eq. 2 
γsp(𝐡, u) = (k1sillt + k2)γs(𝐡) + (k1sills + k3)γt(u) − k1γs(𝐡)γt(u),

(𝐡, μ) ∈ 𝐃 X T ; 

Eq. 3 

γm(𝐡, u) = γst (√‖𝐡‖2 + c2|u|2) , (𝐡, μ) ∈  𝐃 X T;  Eq. 4 

γsm(𝐡, u) = γs(𝐡) + γt(u) + γst (√‖𝐡‖2 + c2|u|2) , (𝐡, μ) ∈  𝐃 X T;  Eq. 5 

γssm(𝐡, u) = nug + γs(𝐡) + γt(u) + γst (√‖𝐡‖2 + c2|u|2)  (𝐡, μ) ∈  𝐃 X T ; Eq. 6 

 
in which γs(. ) γt(. ) , and γst(. ) are respectively the purely spatial, purely temporal and joint semivariance functions; sills is 
the level parameter of γs(. ) and sillt is the level parameter γt(. )of ; the parameter  𝑘  is the proportionality coefficient among 
the semi variance functions, k1 ≥ 0, k2 ≥ 0 e k3 ≥ 0  are constant that ensure the validity of γsp, and the estimation of their 

values is described by Viana et al.  (2019). The space-time anisotropy correction factor c is used to merge distance in space 
with distance in time. The nug parameter is the value for the nugget effect that will be considered in all components (spatial, 
temporal and space-time) of the simple sum-metric model.    
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Figure 14. Combination of space-time distances; in the examples, the following were considered: (A) purely spatial: 
considering spatial distance with X and temporal distance with 0 years (X, 0); (B) purely temporal: considering spatial 
distance with 0 and temporal distance with T (0, T); (C) space-time: considering spatial distance with X and temporal 
distance with T (X, T). The figure visually illustrates the conceptual basis of the space–time semivariogram (Equation 1), 
showing how the spatial, temporal, and joint components are interconnected in modeling the dependence among soil 
observations over time and across the studied area. 
 
The parameters of the geostatistical models were estimated using the ordinary least squares (OLS) method. Model 
performance was evaluated through the mean square error (MSE) statistic, and the model with the lowest MSE was selected 
as the best fit. This approach is commonly applied to assess interpolation accuracy, where lower MSE values indicate higher 
predictive precision (Viana et al., 2019). 
The purely spatial, purely temporal, and space–time components of each semivariance model were fitted using one-
dimensional isotropic semivariograms (Viana et al., 2019). The models applied included the exponential, Gaussian, Mate rn, 
and wave models (Isaaks and Srivastava, 1989; Uribe-Opazo et al., 2012; Cressie, 2015). 
To better understand the behavior of the soil chemical attributes analyzed, thematic maps were generated for all study years. 
According to Uribe-Opazo et al. (2023), such maps support improved field management, enabling the delineation of 
management zones and localized input application, among other uses. Data interpolation and map generation were 
performed using the ordinary space–time kriging (STOK) method (Eq. 7), whose equations are analogous to those of 
standard kriging (Viana et al., 2019): 
 
 

Ẑ′(𝐬0, t0) = ∑ λiZ
′(𝐬i, ti)

{i:𝐬i ,tiϵ𝐒0}

 

 

Eq. 7 

where 𝑺0denotes the set of sampling points within the search neighborhood of the prediction location, 𝑍̂′(𝒔0, 𝑡0) is the 
predicted value at an unsampled location and time, 𝑍′(𝒔𝑖 , 𝑡𝑖) are the observed neighboring values, and 𝜆𝑖are the 
corresponding space–time kriging weights (Varouchakis, 2018). 
All model fitting and space–time analyses were performed in R (R Core Team, 2024) using the gstat (Pebesma, 2004) and 
spacetime (Pebesma, 2012) packages. 
 
Analysis of the relationship between climate variables and chemical attributes of the soil 
 
To assess the linear relationships and degrees of association between climatic variables and soil chemical attributes, a 
canonical correlation analysis (CCA) was performed. Canonical correlation is a multivariate statistical method that evaluates 
the relationship between two variable sets by identifying linear combinations within each set that maximize their mutual 
correlation. In essence, it reveals global patterns of association between the sets, indicating how they relate as a whole (Hair 
et al., 2009). 
This analysis aimed to examine the associations between the climatic variables—mean daily precipitation (mm) and average 
daily temperature (°C)—and the soil chemical attributes: calcium (cmolc dm⁻³), phosphorus (mg dm⁻³), organic matter (g 
dm⁻³), pH, and magnesium (cmolc dm⁻³). The criterion for retaining canonical pairs was based on Wilks’ lambda and the 
significance test (p < 0.05) (Hair et al., 2009). 
Climatic data were obtained from the NASA Langley Research Center’s POWER Project, funded by the NASA Earth 
Science/Applied Science Program. Data were freely available online and covered, for each crop season, the period from 
August of one year to August of the following year—the month in which soil sampling was conducted. 
 
Conclusion 
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The chemical attributes of the soil exhibited greater variability over time than across space, as indicated by the fitted 
geostatistical models, in which the temporal component showed higher contribution, range, and degree of dependence. This 
pattern may be associated with climatic anomalies during the study period, such as variations in rainfall in the Cascavel 
region. Spatial dependence was restricted to short distances, with variability increasing as the sampling points became 
farther apart. The management practices adopted in the area, including no-tillage, annual rotation between soybean and off-
season maize, and soil correction based on annual technical evaluations, likely contributed to the spatial stabilization of soil 
attributes over time. Overall, the short ranges and moderate dependencies observed indicate local spatial variability 
primarily influenced by management practices, while temporal patterns reflect both residual management effects and 
responses to climatic conditions. Although of smaller magnitude, the space–time interaction suggests that variability cannot 
be fully explained when spatial and temporal components are analyzed independently. 
The results demonstrate that space–time geostatistics is an effective tool for analyzing the joint spatial and temporal 
variability of soil attributes. This approach enables the identification of stable patterns that support site-specific 
management, optimize input use, and reduce losses from processes such as leaching. 
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