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Abstract 20 

Soil information at regional scales remains limited in Africa despite its importance for sustainable 21 

agricultural management, food security and land degradation assessment. Existing digital soil 22 

mapping approaches commonly model soil properties as independent depth layers and apply 23 

depth harmonisation after prediction, limiting their capacity to characterise changes in soil 24 

condition. Here, we present Integrated Soil Profile Mapping, a digital soil mapping framework that 25 

incorporates vertical profile information directly into prediction through an energy-minimisation 26 

approach. Integrated Soil Profile Mapping represents soil profiles as continuous three-27 

dimensional systems and analytically derives harmonised depth-specific soil estimates. The 28 

framework was applied to seven soil properties including clay, pH, cation exchange capacity, soil 29 

organic carbon, total nitrogen, phosphorus and potassium using the Soils4Africa dataset across 30 

agricultural lands in Eswatini, Lesotho, Namibia and South Africa. Comparison with iSDAsoil 31 

revealed contrasting regional patterns in soil condition. Soil organic carbon increased by 86–130% 32 

(effect size = 1.10–1.40 SD), while subsoil total nitrogen increased by 46% (effect size = 1.41 SD). 33 

In contrast, topsoil pH declined by 7.4% (effect size = −1.96 SD), indicating substantial changes in 34 

soil biogeochemical condition. These patterns are consistent with differences in agricultural 35 

management and regional policy contexts, although attribution requires further investigation. The 36 

findings demonstrate the potential of vertically integrated soil mapping to characterise regional 37 

soil condition and provide a basis for monitoring environmental change, assessing soil resilience 38 

and supporting depth-driven sustainable land management across data-limited regions. 39 

Keywords: Environmental Change; Food Security: Soil Information Systems; Soil Resilience 40 
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1. Introduction 41 

Soil information at regional scales is fundamental to agricultural sustainability, food security and 42 

land management, yet Africa remains one of the most data-sparse regions globally for 43 

harmonised, quantitative soil information (Dewitte et al., 2013). The Soils4Africa project 44 

addresses this gap by providing a harmonised continental soil information system for agricultural 45 

lands, comprising approximately 20,000 observations distributed across Africa and designed to 46 

support repeated soil monitoring. Its spatially representative sampling framework builds on 47 

established approaches including the European Union Land Use Land Cover Area Frame Survey 48 

(LUCAS), the Land Degradation Surveillance Framework and the Africa Soil Information Service 49 

(Ballin et al., 2023; Leenaars et al., 2014). The hierarchical probability-based design enables 50 

statistical representation across heterogeneous environmental conditions and provides an 51 

important foundation for regional assessment of soil condition and its change (Kempen et al., 52 

2021). 53 

Despite its continental scale, the sampling design presents a key challenge for digital soil 54 

mapping. Soil observations are reported for only two broad depth intervals (0–20 and 20–50 cm), 55 

providing limited vertical resolution for reconstructing continuous soil profiles or deriving 56 

standardised depth intervals such as those used by GlobalSoilMap (Arrouays et al., 2014). This 57 

constrains the direct application of mass-preserving spline approaches, which generally require 58 

multiple observations at finer vertical resolution to characterise continuous depth distributions 59 

(Ponce-Hernandez et al., 1986). Consequently, conventional digital soil mapping (DSM) workflows 60 

face a structural limitation when harmonising sparse, broad-depth observations while preserving 61 

their vertical relationships. 62 
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Most DSM frameworks treat depth intervals as independent prediction targets, using spatial 63 

covariates derived from remote sensing, terrain and climate as primary predictors (McBratney et 64 

al., 2003). Vertical continuity is consequently often reconstructed after prediction through spline-65 

based harmonization (Bishop et al., 1999; Malone et al., 2009; Ponce-Hernandez et al., 1986). 66 

While effective where observations provide sufficient vertical resolution, this separation of 67 

prediction and depth harmonisation can introduce additional uncertainty when profiles are sparse 68 

or coarsely discretised (Ma et al., 2021). 69 

An alternative perspective is to treat soil predictions as a continuous vertical system rather than a 70 

collection of independent depth layers (Sharififar et al., 2026). Under this view, soil properties vary 71 

with depth according to pedogenic processes and can be represented through continuous depth 72 

functions (Kempen et al., 2011). Incorporating these profile-scale relationships directly within the 73 

modelling framework provides a means of maintaining vertical coherence between horizons while 74 

reducing reliance on post hoc harmonisation procedures. 75 

The aim of this study was to develop an analytically solvable and vertically constrained DSM 76 

framework for mapping seven soil properties across agricultural lands in Eswatini, Lesotho, 77 

Namibia and South Africa. The framework prioritises vertical profile structure as an organising 78 

principle in soil prediction, complementing spatial covariates with profile-scale constraints to 79 

produce depth-consistent soil maps. Specifically, the objectives were to (i) develop a vertically 80 

coherent profile-mapping framework using Soils4Africa observations based on an energy-81 

minimisation principle, (ii) evaluate its predictive performance and depth-harmonisation 82 

capability, and (iii) assess regional differences in soil condition between the resulting estimates 83 

and the iSDAsoil product. We hypothesised that the two soil information products would exhibit 84 
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systematic differences in estimated soil condition due to differences in their underlying 85 

observations, modelling frameworks, sampling periods and the agricultural and environmental 86 

contexts represented by each dataset. 87 

2. Materials and methods 88 

2.1 Sites 89 

Agricultural land occupies 292,478 km² across Eswatini, Lesotho, Namibia and South Africa, 90 

representing approximately 14% of the total land area (2,085,419 km²) defined by the Soils4Africa 91 

land use delineation (Fig. 1a). The region spans a strong environmental gradient, including the 92 

tropical–subtropical conditions of the Caprivi Strip (Zambezi Province, Namibia), Mediterranean 93 

climates of the Western Cape (South Africa), semi-arid savannah systems in Eswatini and high-94 

elevation temperate environments in Lesotho. Agricultural zones were highly fragmented and 95 

separated by major physiographic and ecological barriers, including the Namib and Kalahari 96 

deserts, the Succulent Karoo and Nama Karoo biomes, the Drakensberg and Cape Fold mountain 97 

ranges (Mucina and Rutherford, 2024), as well as extensive protected areas, mining regions and 98 

rapidly expanding urban centres. This strong heterogeneity in climate, lithology, topography and 99 
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land use makes the region a robust testbed for evaluating soil mapping frameworks across 100 

multiple environmental regimes.  101 

 102 
Fig. 1 The agriculture area within Namibia, South Africa, Lesotho and Eswatini (a) and example regions due to the sparse agricultural 103 
land between the large land mass (b) 104 

The study modelled the whole area of agriculture land within the four nations, but example maps 105 

of four regions were given due to the diversity and spatial patchiness. Specific locations included 106 

Eswatini, Lesotho, Limpopo Province in South Africa and Kavango Province in Namibia (Fig. 1b). 107 

Specific soil property were selected within the example areas for the maps due to intrinsic 108 

relationships within the soil system.   109 

2.2 Soil data 110 

2.2.1 Soils4Africa 111 

At the highest level, primary sampling units (PSUs) were defined by aggregating 100 m resolution 112 

agricultural land pixels into non-overlapping 2 × 2 km grid cells. Each PSU contained between 1 113 

and 400 pixels classified as agricultural land. Within each PSU, agricultural pixels constituted the 114 
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secondary sampling units (SSUs), which were further subdivided into 5 × 5 m tertiary sampling 115 

units (TSUs). A total of 5,000 PSUs were randomly selected, with allocation proportional to the 116 

extent of agricultural land in each country. Within each selected PSU, four SSUs were randomly 117 

chosen, and within each SSU, one TSU was selected, resulting in a total of 20,000 sampling 118 

locations. Backup locations were defined at each hierarchical level to ensure feasibility during 119 

field implementation (Kempen et al., 2021). 120 

At each TSU, a composite soil sample was collected from four subsampling points arranged in a Y-121 

shaped configuration, following the standardised field protocol described by Huising and Mesele 122 

(2022). This design ensured spatial representativeness at the local scale while maintaining 123 

consistency across the continental survey.  124 

In the four countries of interest, during the year 2023, 1,614 samples (Table. 1) were obtained with 125 

a sampling density of 0.001 samples per km2 throughout the agricultural land. Seven soil 126 

properties were selected for their influence on soil fertility and relationship to each other (Table. 127 

1) including clay (g kg-1), pH, cation exchange capacity (CEC; cmolc kg-1), soil organic carbon (SOC; 128 

g kg-1) total nitrogen (N; g kg-1), phosphorus (P; g kg-1) and potassium (K; g kg-1).  129 

Table. 1 Summary statistics of Soils4Africa sampled data showing the mean, range, skewness and Kurtosis  130 

 Mean Range Skewness Kurtosis 

Clay (g kg-1) 316 10.0 – 690 -0.08 -1.12 

pH 6.06 4.40 – 8.32 0.56 0.10 

CEC (cmolc kg-1) 15.2 2.09 – 52.7 1.19 0.91 

SOC (g kg-1) 13.9 1.30 – 54.6 1.36 1.79 

N (g kg-1) 1.18 0.94 – 3.60 0.94 0.40 
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P (g kg-1) 15.3 2.49 – 104 2.74 11.7 

K (g kg-1) 190 21.2 – 692 1.35 1.75 

 131 

2.2.2 iSDAsoil 132 

The Information Service for Data-Driven Agriculture (iSDAsoil) is a continental-scale African soil 133 

dataset developed to support data-driven agricultural applications through high-resolution digital 134 

soil mapping (Miller et al., 2021). The product was generated using ensemble machine-learning 135 

approaches trained on more than 70,000 soil observations compiled from government agencies, 136 

research institutions and non-governmental organizations across Africa. iSDAsoil was selected for 137 

comparison because it provides predictions for the same soil properties and equivalent depth 138 

intervals used within the Soils4Africa dataset, allowing direct comparison at a similar spatial 139 

support. 140 

With the exception of effective cation exchange capacity (eCEC), all soil properties were either 141 

obtained directly or considered transferable between datasets. To estimate CEC comparably, 142 

exchangeable acidity predictions from Soils4Africa were added to the eCEC values from iSDAsoil 143 

rather than applying a pedotransfer function. This approach was chosen because most 144 

pedotransfer functions are calibrated for specific pedological conditions, whereas the study 145 

region spans multiple climatic gradients and soil-forming environments.  146 

The iSDAsoil dataset was used as a baseline to determine if the soil condition has changed since 147 

the creation of iSDAsoil and the Soils4Africa measurements. Since the temporal distribution of soil 148 

samples in the iSDAsoil were obtained from different time periods, it was only used as a 149 

benchmark if the soil condition was changing and therefore, no temporal analysis was conducted. 150 
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2.3 Digital soil mapping theory 151 

2.3.1 Integrated Soil Profile Mapping 152 

Integrated Soil Profile Mapping (ISPM) is a DSM framework that explicitly incorporates vertical 153 

pedogenic structure into the predictive process. Unlike conventional DSM approaches that treat 154 

soil observations as independent depth intervals, ISPM represents the soil column as a 155 

continuous profile. The framework is governed by two primary principles. Firstly, a voxel integration 156 

fit for each prediction (pixel). This supplies continuous vertical constraints to the profile, allows for 157 

physically plausible depth predictions and allows for direct harmonisation. Second, a depth-158 

support transformation, which redistributes the values from the profile scale to the horizon scale. 159 

Together, the voxel integral and depth-support transformation link the predictions to observable 160 

pedogenic behaviour.  161 

During the predictions, the framework integrates vertical contextual information directly into the 162 

modelling domain by enforcing continuity of soil properties with depth, rather than relying solely 163 

on horizontal spatial covariates and post hoc depth harmonisation. In doing so, ISPM shifts the 164 

primary source of structural information from spatial dependency alone toward three-dimensional 165 

profile organisation. The energy-minimisation function governs how profile support is redistributed 166 

through depth under constrained assumptions. Essentially, it finds the path that needs the least 167 

energy to transition from one horizon value to the next (Flynn et al., 2026). 168 

Within this formulation, soil horizons are derived from a single continuous profile representation 169 

rather than from independent models for each depth interval. Horizon estimates are obtained by 170 

integrating the profile representation over the specified target depths, allowing depth-specific 171 
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values to emerge directly from the profile-support system. This produces a vertically coherent and 172 

internally consistent multi-output model, in which a single model can simultaneously resolve 173 

multiple horizons. Since the profile is analytically defined at each pixel, depth-specific estimates 174 

can be obtained for any location and any depth within the sampled interval.  175 

2.3.2 Voxel profile energy  176 

Several approaches can be used to incorporate vertical information into DSM methodologies, 177 

including spline functions and deep-learning methods. Under the ISPM framework, horizons are 178 

not independent layers but emerge from the continuous redistribution of the profile. Let the 179 

predicted voxel-scale soil property field be defined as: 180 

𝑓(𝑣, 𝑧) 181 

where 𝑣 represents the spatial pixel value, which include location (𝑥, 𝑦) and 𝑧 represents depth. 182 

The function 𝑓(𝑣, 𝑧) therefore describes the predicted soil property value at every location at every 183 

depth. 184 

The continuous soil property for the profile is calculated by integrating the voxel predictions 185 

through depth, which is a modification from gridded equal-area splines (Flynn et al., 2024): 186 

𝐹(𝑧) =  ∫ 𝑓(𝑣, 𝑧̃)𝑑𝑧̃
𝑧

0

 187 

where 𝐹(𝑧) represents the continuous soil property up to depth (z), and 𝑧̃ represents the depth 188 

coordinates used for transforming voxel predictions into target depth intervals. Depending on the 189 

algorithm used, 𝐹(𝑧) can represent the cumulative soil property or the mean soil property for the 190 

profile. However, this does not change the fundamental theory of ISPM. 191 
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The depth-support transformation is derived under an energy-minimisation principle, where the 192 

optimal profile configuration represents the minimum-energy redistribution of soil properties 193 

through depth. This redistribution can be interpreted through a source–sink relationship: 194 

𝜕𝐸

𝜕𝑧
= ∑ 𝑆𝑜𝑢𝑟𝑐𝑒 − ∑ 𝑆𝑖𝑛𝑘 195 

where sources represent continuous soil property information entering a depth interval and sinks 196 

represent the distribution allocated to the extracted horizon or target depth interval. In this 197 

formulation, the source–sink balance is represented by the antiderivative of the depth-support 198 

function. Therefore, profile transitions continuously through depth rather than being represented 199 

as independent horizon averages. 200 

The volumetric profile support between two depth boundaries is then calculated as: 201 

𝑉̅ℎ = ∑[𝐹(𝑧𝑏𝑜𝑡𝑡𝑜𝑚) − 𝐹(𝑧𝑡𝑜𝑝)]
𝑥,𝑦

 

𝑥,𝑦

 202 

where 𝑉̄ℎ represents the cumulative profile energy contained within from the top of the profile (𝑧𝑡𝑜𝑝) 203 

to the bottom (𝑧𝑏𝑜𝑡𝑡𝑜𝑚).  204 

In this study, predictions were conducted using the Random Forest algorithm (Breiman, 2001); 205 

therefore, 𝐹(𝑧) represents the weighted means of the soil property to 50 cm. To extract the 206 

distribution of soil properties at the horizon support (ℎ̅𝑗), the same formula is applied with different 207 

depth intervals:  208 

ℎ̅𝑗 = ∑[𝐹(𝑧𝑚𝑎𝑥) − 𝐹(𝑧1)]𝑥,𝑦 

𝑥,𝑦

, 209 
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where 𝑧𝑚𝑎𝑥 is the depth of the profile and 𝑧1 is the width of the depth interval of interest. For 210 

example, the 20-50 cm depth interval 𝑧1 = 30 cm. Therefore, the resulting horizon estimate 211 

represents the integrated vertical redistribution of the soil property through the profile rather than 212 

a simple average of independent voxel predictions. If 𝐹(𝑧) represents the cumulative soil property, 213 

the equation is simply normalised (e.g., 𝑧𝑚𝑎𝑥 − 𝑧1). Importantly, the source-sink antiderivative 214 

representation equates to the original integral where the only unknown is 𝑧̃.  215 

When only a limited number of sampled horizons are available, such as the two depth intervals 216 

used in Soils4Africa and iSDAsoil, the profile is only weakly constrained by observations. 217 

Consequently, the definition of 𝑧̃ becomes essential because it governs the redistribution of the 218 

soil property and the reconstruction of the continuous profile between the two depth intervals. 219 

2.3.3 Depth support change 220 

The depth-support transformation function 𝑧̃ must satisfy at least three conditions to conform with 221 

the ISPM framework (Flynn et al., 2026): 222 

1. the soil property must maintain continuity through the profile,  223 

2. singularities (e.g., zero or infinity) and boundary overlap must be avoided (e.g., 𝑧1 = 𝑧max),  224 

3. and the resulting antiderivative must contain a logarithmic term to preserve continuous 225 

mass-conservation during support redistribution.  226 

Under these constraints, a physics-informed spline transformation (Flynn et al., 2026) was 227 

modified for a two horizon system to fulfil the requirements defined as: 228 

𝑧̃ =  
𝑧1(𝑧𝑚𝑎𝑥 + 𝑧1)

𝑧𝑚𝑎𝑥(𝑧𝑚𝑎𝑥 − 𝑧1)
. 229 
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The transformation collapses the depth-support function into a ratio-based form in which 𝑧̃ 230 

becomes the only unknown support variable requiring a solution excluding the predictions. This 231 

substantially reduces computational complexity when implemented in Google Earth Engine (GEE; 232 

(Gorelick et al., 2017), while allowing continuous support redistribution across unsampled 233 

depths. 234 

The transformation is symmetric: 235 

𝑧̃(𝑧1, 𝑧𝑚𝑎𝑥) =  𝑧̃(𝑧𝑚𝑎𝑥, 𝑧1)  236 

meaning that the redistribution of soil properties is independent of the order of the input horizons. 237 

This allows the order to be reversed to account for processes such as capillary and downward 238 

movement such as leaching. The source-sink and symmetric nature generalises the framework by 239 

allowing other depth intervals to be extracted besides the original sampling intervals.  240 

The antiderivative with respect to 𝑧𝑚𝑎𝑥, representing the structural boundary conditions 241 

controlling the redistribution term and is defined as: 242 

𝐹(𝑧𝑚𝑎𝑥) = −𝑧𝑚𝑎𝑥 + 𝑧1𝑙𝑛 |
𝑧𝑚𝑎𝑥

(𝑧𝑚𝑎𝑥 − 𝑧1)2
| + 𝐶 243 

This term governs the structural geometry of the properties and controls how horizon boundaries 244 

transition, while preserving continuous mass-preservation. The logarithmic component prevents 245 

singularity formation as the upper and lower depth supports approach one another, ensuring 246 

smooth redistribution across the profile. 247 

The corresponding antiderivative with respect to 𝑧1 represents the profile property potential 248 

extracting the sink term is: 249 

https://earthengine.google.com/?utm_source=chatgpt.com
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𝐹(𝑧1) =  
𝑧1

2

2𝑧𝑚𝑎𝑥
− 2𝑧1 − 2𝑧𝑚𝑎𝑥ln|𝑧𝑚𝑎𝑥 − 𝑧1| + 𝐶 250 

This linear-quadratic function defines how properties are redistributed between horizons. The 251 

logarithmic component controls the distribution with short depth boundaries, while the quadratic 252 

component becomes increasingly important with wider horizons.  253 

Within this formulation, soil horizons are obtained by integrating the continuous voxel prediction 254 

field over the target depth interval. The depth transformation (𝑧̃) controls the redistribution of 255 

profile support between depth boundaries, allowing horizon values to be derived from the 256 

cumulative profile integral rather than predicted as independent layers. 257 

2.3.4 Uncertainties 258 

Monte Carlo prediction variance was propagated through the profile-support transformation using 259 

the same integration framework as the predictions themselves rather than a delta-method 260 

approximation. This ensured that uncertainty remained independent of the predictions and 261 

facilitated direct comparison between products. 262 

The voxel-scale variance field was defined as: 263 

𝜎2(𝑣, 𝑧) 264 

and integrated through the profile as: 265 

𝑈(𝑧) = ∫ 𝜎2
𝑧

0

(𝑣, 𝑧̃) 𝑑𝑧̃ 267 

where 𝑈(𝑧) represents the cumulative variance support through the profile. 266 
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The horizon-scale variance was then obtained from the support transition between depth 268 

boundaries: 269 

𝑈̄ℎ = 𝑈(𝑧bottom) − 𝑈(𝑧top) 270 

and converted to standard deviation to maintain consistency with iSDAsoil uncertainty standards: 271 

𝜎ℎ = √𝑈̄ℎ 272 

Since cumulative variance was propagated conservatively throughout the profile, the resulting 273 

uncertainty estimates represent upper-bound or worst-case uncertainty scenarios. This was 274 

intentional to avoid artificially compressed or misleadingly low uncertainty estimates. 275 

2.4 Evaluation 276 

2.4.1 Spatial trends 277 

To evaluate whether the imposed constraints improved vertical consistency across the study 278 

region, the relationship between topsoil and subsoil predictions was assessed. This was done for 279 

each soil property and soil properties on the example sites to determine any soil co-trends in the 280 

S4A predictions. A generalised additive model (GAM) was fit using residual maximum likelihood 281 

(REML) as the objective function between the topsoil and subsoil intervals, with the spatial 282 

component represented as a smooth Gaussian process: 283 

𝑦𝑖 = 𝑓(𝑧) + 𝑠(𝑥, 𝑦) + 𝜀𝑖 284 

Where 𝑓(𝑧) represents the soil property relationship between horizons or properties, 𝑠(𝑥, 𝑦) 285 

represents the spatial surface (longitude and latitude) and 𝜀𝑖 represents residual variation. The 286 

ideal outcome is that the ISPM framework strengthens the intrinsic relationship between topsoil 287 
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and subsoil properties while reducing the contribution of spatial autocorrelation. Under this 288 

condition, the imposed variational profile constraints would account for noise associated with 289 

heterogeneous environmental conditions across the study region. Consequently, the remaining 290 

relationship between horizons would be driven primarily by the harmonised values themselves, 291 

with only mild nonlinearity arising from pedogenic processes.  292 

The effective degrees of freedom (edf) were used to assess the complexity of the smoothed 293 

coordinates, with values approaching one indicating an approximately linear relationship. 294 

Residual spatial autocorrelation was subsequently evaluated to determine whether spatial 295 

structure remained after accounting for both the depth-support relationship and the fitted spatial 296 

trend.  297 

2.4.2 Evaluation metrics 298 

Evaluation of the ISPM framework was performed on the final predictive surfaces after profile-299 

support function into the target topsoil and subsoil intervals. Since ISPM operates on continuous 300 

voxel-scale profile fields prior to horizon extraction, evaluation statistics must be calculated on 301 

the transformed horizon predictions rather than on intermediate voxel states. A randomly 70:30 302 

training–evaluation split was used for each soil property resulting in 1,130 training and 484 303 

evaluation observations. 304 

Evaluation statistics included Pearson’s coefficient of determination (𝑅2), Lin’s concordance 305 

correlation coefficient (CCC; Lin, 1989), root mean squared error (RMSE), ratio of performance to 306 

interquartile distance (RPIQ) and bias. These metrics were selected because Random Forest 307 

models typically exhibit low variance and high predictive precision (Hastie et al., 2009), attributes 308 
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that can be preserved during the integration. Collectively, these statistics quantify both predictive 309 

agreement and the extent the model may introduce systematic bias between horizons. 310 

2.5 Comparison 311 

2.5.1 Difference in mean 312 

A spatial Welch–Satterthwaite t-test with 10 Monte Carlo iterations (5,000 samples per iteration) 313 

was used to compare predictions from S4A and iSDAsoil over agricultural lands. Each iteration was 314 

independently resampled for each dataset, and degrees of freedom were adjusted using the 315 

Welch–Satterthwaite approximation with the nominal sample size 𝑛 replaced by the effective 316 

sample size 𝑛eff, accounting for spatial autocorrelation. 317 

An assumption was made that approximately 10% of randomly sampled observations were 318 

spatially independent. While conservative, this reflects the fact that random sampling does not 319 

guarantee separation beyond the range of spatial dependence. Consequently, the effective 320 

sample size was used to reduce redundancy in the variance structure and to avoid inflation of Type 321 

I error due to spatial autocorrelation (Satterthwaite, 1946). This adjustment results in modified 322 

degrees of freedom (rather than the standard 𝑁 − 1), providing a more realistic representation of 323 

independent information content. 324 

2.5.2 Spatial trend 325 

To evaluate spatial co-trends, each dataset was independently modelled as a function of spatial 326 

location fitting a GAM with the same parameters described in Section 2.4. The resulting fitted 327 

spatial trend surfaces were extracted and correlation quantified (R2) to identify similarities in the 328 
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spatial distribution between products. The correlation between S4A and iSDAsoil was conducted 329 

after fitting each surface separately to the Gaussian process smoothed coordinates. 330 

This approach compares large-scale spatial trends rather than raw observations, thereby reducing 331 

sensitivity to fine-scale noise and spatially correlated sampling artefacts. Residual spatial 332 

autocorrelation was assessed using the residuals from the GAM model and a global Moran’s 𝐼 to 333 

evaluate whether remaining spatial structure persisted after smoothing.  334 

2.6 Implementation 335 

For clarity, the implementation of the framework was divided into three sequential components 336 

(Fig. 2), corresponding to each critical step taken.  337 

A. Profile prediction 338 

Voxel-scale profile predictions were generated using a Random Forest regression model with 100 339 

trees and GEE’s default parameters (bag fraction = 0.5, variables per split = √(number of 340 

covariates) and unlimited maximum nodes). The training dataset combined soil observations from 341 

the 0–20 cm and 20–50 cm depth intervals. This creates weighted mean profile level predictions 342 

as Random Forest takes the weighted means when multiple samples are present at the same 343 

location. Predictions were produced over agricultural areas  using all 64 Google AlphaEarth (Brown 344 

et al., 2025) embeddings as covariates at a 90 m spatial resolution. Although specific regions were 345 

shown as examples due to the patchy sparse landcover data to show greater detail, statistics were 346 

conducted on the whole region. Therefore, predictions and uncertainties of S4A of the entire region 347 

can be found in Appendix A-B and Appendix C-D for topsoil and subsoil, respectively. 348 

B. Depth-support transformation 349 
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Predicted mean profile voxel surfaces were transformed into horizon-specific depth intervals (0–350 

20 cm and 20–50 cm) using the linear–quadratic depth-support transformation and its analytical 351 

integral formulation implemented in GEE. Once the continuous profile prediction surface was 352 

generated, 𝑧̃ was solved directly on the raster image to derive horizon-scale predictions. To 353 

account for uncertainty, profile prediction surfaces were generated using 10 Monte Carlo 354 

iterations, from which the mean and variance were calculated prior to solving for 𝑧̃. The same 355 

depth-support function was then applied to the variance surface to obtain cumulative profile 356 

variance, with standard deviation used as the uncertainty metric. 357 

All profile-support transformations were performed directly on the raster prediction surfaces 358 

rather than at the point-observation level. While this approach enables efficient implementation 359 

within GEE, it introduces an additional computational step during post-processing of large raster 360 

datasets, which may represent a limitation for very large mapping domains. 361 

C. Evaluation and comparison 362 

Model outputs were evaluated separately for topsoil and subsoil horizons with two complementary 363 

comparisons being performed: 364 

1. Mean differences (linear comparison): Differences in mean values between S4A and 365 

iSDAsoil were assessed using a spatially corrected Welch’s t-test.  366 

2. Spatial co-trend similarity (nonlinear comparison): Differences in spatial distributions 367 

were evaluated through a GAM fit with smoothed coordinates through a Gaussian process.  368 

This dual approach provides both a linear assessment of the mean between products, and a 369 

nonlinear assessment of spatial pattern agreement across the landscape. The evaluation metrics 370 
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were performed after the predictive surfaces were mapped and the measured data was extracted 371 

from the predictions.  372 
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 373 

Fig. 2 Implementation of the Integrated Soil Profile Mapping workflow, comparison with iSDAsoil and evaluation of the model 374 
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3. Results 375 

3.1 Summary statistics 376 

3.1.1 Soils4Africa Prior distribution 377 

The prior distributions of Soils4Africa soil properties were predominantly right-skewed across the 378 

study region, with clay exhibiting a bimodal structure that was more pronounced in the subsoil. 379 

Mean pH values were similar between the topsoil (6.03) and subsoil (6.09), indicating generally 380 

near-neutral conditions consistent with optimal nutrient availability for most crops. A comparable 381 

pattern was observed for cation exchange capacity (CEC), while macronutrients (N, P, K) generally 382 

exhibited mean values ranging from adequate to elevated levels, consistent with depth-dependent 383 

agricultural management.  384 
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 385 
Fig. 3 Prior data distribution of measured soil properties from Soils4Africa project on agricultural land in Namibia, South Africa, 386 
Lesotho and Eswatini 387 

Several other properties (notably P, SOC, and K) exhibited long-tailed distributions, suggesting 388 

potential sampling-induced variability. Phosphorus showed pronounced deviation from normality 389 

(skewness = 2.75, kurtosis = 11.7), indicating highly concentrated hotspots within the agricultural 390 

system. No prior normalisation was applied when modelling, consistent with the ISPM 391 

framework’s assumption that distributional transformation is not required when vertical structure 392 

is explicitly handled through the depth-support energy formulation.   393 

3.1.2 Posterior distributions 394 

S4A reproduced the general depth-dependent patterns observed in Soils4Africa data. Clay, pH and 395 

CEC increased with depth, whereas SOC, N, P and K decreased, reflecting expected pedogenic 396 

and management-related gradients in agricultural soils (Figure 4). Across most properties, S4A 397 
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exhibited greater variability than iSDAsoil, with the exception of pH, which showed lower 398 

dispersion in S4A. The S4A predictions also retained key characteristics of the measured data 399 

distribution, including the bimodal distribution of clay and the heavy-tailed distribution of P, 400 

whereas iSDAsoil generally produced smoother and more normally distributed outputs. A key 401 

distinction between the two products was the magnitude of depth-dependent divergence rather 402 

than a uniform offset across properties. For example, clay content differed by approximately 19% 403 
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in the topsoil and 35% in the subsoil, while similar depth-dependent differences were observed 404 

for pH, CEC, P and K. 405 

 406 
Fig. 4 Posterior data distribution of measured soil properties from S4A model and iSDAsoil model for topsoil (a) and subsoil (b) on 407 
agricultural land in Namibia, South Africa, Lesotho and Eswatini 408 

In contrast, SOC and N exhibited a consistent directional separation between products, with S4A 409 

producing higher organic-related estimates across both horizons. ISPM predicted mean SOC 410 
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values of 15.1 g kg⁻¹ (topsoil) and 11.7 g kg⁻¹ (subsoil), compared to 8.10 and 5.09 g kg⁻¹ in iSDAsoil, 411 

corresponding to increases of approximately 86% and 130%, respectively. Nitrogen followed a 412 

similar but less extreme pattern with a 32% and 46% increase in the S4A data for the topsoil and 413 

subsoil, respectively. 414 

A notable exception was pH. While both the Soils4Africa observations and iSDAsoil predictions 415 

exhibited relatively stable depth profiles, S4A showed a pronounced increase from topsoil to 416 

subsoil (5.63 to 7.24; +29%). Although this trend exceeds the central tendency observed in the 417 

measured data range (4.40–8.32), it remains physically plausible within the model constraints. 418 

3.2 Predictions 419 

The predictions of the full region of interest can be found in Appendix A through D for topsoil and 420 

subsoil, respectively. However, the sparse region was deemed not detailed enough to discuss in 421 

detail. Therefore, areas of high-density agricultural land were chosen to show predictions at a finer 422 

specify although all statistics were conducted on the agricultural land for all four nations.  423 

3.2.1 Spatial trends 424 

When analysing the trend between the properties on each site, the examples showed complex 425 

nonlinear spatial relationships with varying degrees of correlation. Clay (Fig. 5) and P (Fig. 6) 426 

showed a weak nonlinear monotonic trend with a R2 of 0.32 (edf = 28.6, F = 178, p<0.01) in the 427 

topsoil as well as the subsoil (R2 = 0.38, edf = 28.7, F = 182, p<0.01) with residuals having a positive 428 

spatial autocorrelation (topsoil = 0.33, subsoil 0.34) in Limpopo. On the other hand, in Eswatini, 429 

SOC (Fig. 7) and N (Fig. 8) had a strong nonlinear trend (edf = 24.3, F = 14.4, p<0.01) in the topsoil 430 

with R2 of 0.81. The subsoil had a similar trend (edf = 24.0, F = 16.4, p <0.01) with a R2 of 0.82 and 431 
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both showed a slight positive spatial autocorrelation in the residuals (topsoil = 0.06, subsoil = 0.05, 432 

p < 0.01) according to the Moran’s I.   433 

 434 
Fig. 5 Spatial distribution of clay content in the topsoil and subsoil with standard deviation (stdDev) in Limpopo, South Africa 435 
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 436 
Fig. 6 Spatial distribution of extractable phosphorus in the topsoil and subsoil with standard deviation (stdDev) in Limpopo, South 437 
Africa 438 
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 439 
Fig. 7 Spatial distribution of soil organic carbon content in the topsoil and subsoil with standard deviation (stdDev) in Eswatini 440 
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 441 
Fig. 8 Spatial distribution of nitrogen content in the topsoil and subsoil with standard deviation (stdDev) in Eswatini 442 

In Kavango, K (Fig. 9) and CEC (Fig. 10) had a moderately strong nonlinear trend for both the topsoil 443 

and subsoil with a R2 of 0.52 (edf = 27.8, F = 43.2, p<0.01) and 0.54 (edf = 27.8, F = 48.3, p<0.01), 444 
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respectively. As with the other properties, the residuals had a positive spatial autocorrelation with 445 

the topsoil having a Moran’s I of 0.14 and subsoil having 0.16.  446 

 447 
Fig. 9 Spatial distribution of the potassium in the topsoil and subsoil with standard deviation (stdDev) in Kavango, Namibia 448 

 449 
Fig. 10 Spatial distribution of the cation exchange capacity in the topsoil and subsoil with standard deviation (stdDev) in Kavango, 450 
Namibia 451 

The agricultural land in Lesotho is primarily confined to the northern regions as the Drakensberg 452 

Mountain range make the terrain too steep for crop production. Along the foothills of the 453 
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Drakensberg, the soil is more acidic in the topsoil and pH drops as the elevation increases (~4.84-454 

6.42), most likely due to an increase in precipitation (Fig. 11). The same trend is found in the 455 

subsoil; however, with a pH that is more suitable for crop growth (~6.23-7.41). 456 

 457 
Fig. 11 Spatial distribution of pH in the topsoil and subsoil with standard deviation (stdDev) in Lesotho 458 

3.2.2 Evaluation 459 

ISPM predictions were consistently higher in performance (Table. 2) than models trained 460 

separately for each soil horizon, particularly for skewed variables and without prior data 461 

transformation. For example, P achieved R2 = 0.27 and CCC = 0.35 (RMSE = 10.6, bias = -1.45) when 462 
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predicting on the evaluation points under a baseline Random Forest topsoil model, with strongly 463 

positive residual spatial autocorrelation (Moran’s I of = 0.77). Soil organic matter had better results 464 

with a R2 = 0.60 and CCC = 0.72 (RMSE = 6.27, bias = 0.69) with a Moran’s I of = 0.75. This indicates 465 

that a substantial proportion of residual structure remained correlated when predictions were 466 

made directly on point-support observations rather than area-integrated grid cells. 467 

Table. 2 Accuracy metrics of the S4A model giving the depth interval, R2, Concordance correlation coefficient (CCC), root mean 468 
squared error (RMSE), Ratio of Performance to InterQuartile distance (RPIQ) and prediction bias  469 

 

 Property Depth (cm) R2 CCC RMSE RPIQ Bias 

Clay (g kg-1) 0-20 0.63 0.74 100 2.45 32.7 

 20-50 0.62 0.73 101 2.57 -6.58 
pH 0-20 0.76 0.72 0.40 2.09 0.04 
 20-50 0.76 0.72 1.34 0.59 -1.24 

CEC (cmolc kg-1) 0-20 0.74 0.76 5.07 1.19 0.33 

 20-50 0.74 0.77 5.64 1.37 -3.29 

SOC (g kg-1) 0-20 0.74 0.82 5.29 2.50 -1.72 

 20-50 0.74 0.73 0.41 1.80 0.12 

N (g kg-1) 0-20 0.74 0.82 0.39 2.42 -0.16 

 20-50 0.72 0.83 0.30 2.58 -0.05 
P (mg kg-1) 0-20 0.67 0.78 7.48 0.75 -2.38 
 20-50 0.66 0.72 7.65 0.57 1.79 
K (mg kg-1) 0-20 0.72 0.75 66.3 1.16 -36.8 
  20-50 0.72 0.73 61.6 0.97 9.84 

 470 

In contrast, ISPM reduced residual spatial structure through the depth-support transformation 471 

while introducing horizon-dependent bias adjustments. This is reflected in the systematic 472 

divergence in bias between horizons, particularly for clay, where topsoil bias was positive (32.7 g 473 
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kg⁻¹) and subsoil bias was negative (−6.58 g kg⁻¹). Similar asymmetry was observed across 474 

multiple properties, indicating that the depth-support transformation redistributes error between 475 

horizons rather than uniformly minimising it across both. 476 

Performance metrics (RMSE, RPIQ, and bias) differed between horizons for all properties, which is 477 

consistent with the two-horizon constraint imposed by the linear–quadratic depth-support 478 

formulation in this ISPM formulation. This asymmetry was expected given that the transformation 479 

enforces a coupled vertical structure, where improvement in one horizon can partially trade off 480 

against error in the other. 481 

Overall, CCC values ranged between 0.72 and 0.83 across properties and horizons. These values 482 

are comparable to those reported for iSDAsoil products, which report CCC values between 0.65 483 

and 0.90 under five-fold spatial cross-validation. Although evaluation methodologies differ and are 484 

therefore not strictly equivalent, the independent evaluation dataset used in this study falls within 485 

the reported performance envelope of iSDAsoil for all evaluated properties. Additional metrics 486 

(e.g., CCC and RPIQ) were not reported for iSDAsoil, limiting direct metric-by-metric comparison. 487 

However, given the overlap in R2 ranges and the consistency of evaluation data distributions, the 488 

ISPM results were considered comparable within the constraints of cross-study evaluation 489 

uncertainty.  490 

The energy-minimisation formulation produced a distinct separation between spatial structure 491 

and vertical dependency in the topsoil–subsoil relationship (Table. 3). Across the full study region, 492 

ISPM-derived relationships between horizons were well correlated (𝑅2 ≈ 0.99), with only weak and 493 

statistically non-significant nonlinearity (p > 0.01), indicating that residual variation was largely 494 
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decoupled from spatial structure. Or in other words, the correlation came from the values 495 

themselves without any spatial autocorrelation.  496 

Table. 3 Correlation between topsoil and subsoil in the S4A dataset, correlation of the raw Soils4Africa data, the effective degrees 497 
of freedom (edf), F-statistic and p-value (p<0.01) 498 

 𝑅2(S4A) 𝑅2 (Soils4Africa) edf F-statistic p-value 

Clay (g kg1) 0.99 0.80 3.19 0.54 0.72 

pH 0.99 0.87 2.10 1.51 0.21 

CEC (cmolc kg-1) 0.99 0.82 5.64 2.56 0.01 

SOC (g kg1) 0.99 0.81 2.40 0.40 0.75 

N (g kg1) 0.99 0.81 3.30 0.83 0.52 

P (mg kg1) 0.99 0.62 2.32 1.02 0.35 

K (mg kg1) 0.99 0.77 2.05 0.20 0.83 

 499 

In contrast, the raw data exhibited strong nonlinear dependence between topsoil and subsoil 500 

values, with 𝑅2 values ranging from 0.62 to 0.87 across soil properties. Generalised additive model 501 

(GAM) decomposition showed that spatial structure accounted for a substantial proportion of the 502 

observed deviance, with effective degrees of freedom (edf) ranging from 2.34 (K) to 18.71 (pH), 503 

explaining approximately 62%–92% of total variation. After application of ISPM, spatial structure 504 

was substantially reduced, with the residuals of the GAM showing comparatively lower complexity 505 

(edf ≈ 2.10–5.64) and no statistically significant spatial dependence (p > 0.01).  506 

Relative to the raw Soils4Africa data, ISPM increased the strength of the topsoil–subsoil 507 

relationship by approximately 15%–61% for skewed properties. Across soil properties, the 508 

expected theoretical depth ratios derived from the transformation (𝑧̃) converged toward 509 



37 
 

characteristic scaling factors of approximately 1.2 for properties increasing with depth and 0.8 for 510 

properties decreasing with depth. The empirical ratios obtained from model outputs were 1.28 and 511 

0.78 respectively, indicating close agreement with the theoretical depth-support formulation, 512 

although not fully converged to the optimal energy-minimising state. 513 

3.3 Comparison 514 

3.3.1 Difference in mean 515 

Spatial Welch–Satterthwaite t-tests indicated that only topsoil nitrogen (N) exhibited statistically 516 

similar means between S4A and iSDA (p > 0.01), highlighting relative agreement for this property 517 

despite differences in spatial support between continental-scale modelling and agricultural-land-518 

focused sampling (Table. 4). However, the effect sizes (Cohen’s d) revealed systematic differences 519 

between datasets that varied by soil property and depth. 520 

Table. 4 Spatial Welch’s-Satterthwaite t-test approximation with Cohen’s d effect size, T-statistic, degrees of freedom (df) and 521 
statistical significance (p-value > 0.01) 522 

 Effect size T-statistic df p-value 

Clay (g kg1) 0.52 42.0 443 <0.01 

 0.95 42.5 412 0.00 

pH -1.96 -26.8 368 0.00 

 1.11 -25.5 415 0.00 

CEC (cmolc kg-1) 1.48 14.3 326 0.00 

 2.06 20.4 352 0.00 

SOC (g kg-1) 1.10 10.9 352 0.00 

 1.42 14.5 355 0.00 



38 
 

N (g kg-1) 0.05 0.43 272 0.67 

 1.41 14.5 354 0.00 

P (mg kg-1) 2.55 28.3 401 0.00 

 2.34 25.7 432 0.00 

K (mg kg-1) 2.00 22.2 408 0.00 

 1.85 17.3 290 0.00 

 523 

The smallest magnitudes of difference were observed for clay (topsoil: 0.52; subsoil: 0.95), 524 

consistent with the relatively stable and slowly varying nature of texture-related properties. Total 525 

N also showed comparatively low effect sizes (topsoil: 0.05; subsoil: 1.41). In contrast, P exhibited 526 

the largest divergence between products, with effect sizes of 2.55 (topsoil) and 2.34 (subsoil). CEC 527 

and SOC showed intermediate to high effect sizes. 528 

pH exhibited a directional inconsistency across horizons, with a large negative effect size in the 529 

topsoil (−1.96), indicating lower mean values in S4A relative to iSDAsoil, while subsoil values 530 

showed the opposite directional behaviour (1.11). This aligns with expected sensitivity of chemical 531 

properties to differences in sampling support, spatial coverage and model formulation between 532 

S4A and iSDAsoil products. 533 

3.3.2 Spatial trends 534 

Despite statistically significant differences in mean values between S4A and iSDA, both products 535 

exhibited strong nonlinear agreement in spatial structure, indicating that a substantial proportion 536 

of inter-product variability is driven by shared spatial autocorrelation rather than independent 537 

signal divergence. For pH, strong spatial co-structure was observed, with high agreement in both 538 
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the topsoil (𝑅2 = 0.87) and subsoil (𝑅2 = 0.99). These values indicate that both products 539 

reproduce nearly identical spatial gradients, although differences in magnitude persist. It is 540 

important to note that this metric reflects similarity in spatial pattern rather than equality in 541 

absolute values. 542 

CEC exhibited similarly strong spatial agreement, with 𝑅2 = 0.76 in the topsoil and 𝑅2 = 0.99 in 543 

the subsoil, indicating increasingly convergent spatial structure with depth. SOC showed 544 

consistently high spatial correspondence, with 𝑅2 = 0.95 in the topsoil and 𝑅2 = 0.92 in the 545 

subsoil, making it the most spatially stable property across depths in terms of cross-product 546 

structural agreement. Nitrogen also exhibited strong spatial alignment, with 𝑅2 = 0.85 in the 547 

topsoil and near-perfect agreement in the subsoil (𝑅2 ≈ 0.99). Notably, this contrasts with the 548 

mean-based comparison, where topsoil N was the only property without a statistically significant 549 

difference in mean values, while subsoil N did showed a significant difference. This suggests that 550 

spatial structure is preserved even when marginal distributions diverge between datasets. 551 

Phosphorus displayed comparatively weaker spatial agreement in the topsoil (𝑅2 = 0.60) but 552 

stronger correspondence in the subsoil (𝑅2 = 0.86), consistent with higher spatial heterogeneity 553 

and sensitivity to land management effects. 554 

Although S4A incorporated Google AlphaEarth embeddings as covariates, the resulting spatial 555 

patterns closely align with those represented in iSDAsoil, suggesting that both modelling 556 

frameworks capture similar large-scale environmental gradients despite differences in model 557 

structure and training data. Consequently, the observed spatial agreement is consistent with 558 

expectations that dominant pedo-evironmental controls are shared across both products, even 559 

where absolute magnitudes differ.  560 
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4. Discussion 561 

Soils4Africa data was used to implement a novel DSM approach in which horizon values were 562 

derived from voxel-scale profile predictions through an antiderivative-based depth-support 563 

transformation. This introduces vertical constraints and enables coherent back-transformation to 564 

target depth intervals. The resulting S4A product was compared with the continental-scale 565 

iSDAsoil dataset to assess differences in predicted soil properties across agricultural land and to 566 

evaluate potential changes since the most recent continental mapping effort.  567 

4.1 Predictions 568 

Although the measured Soils4Africa dataset exhibited strong positive skewness typical of nutrient 569 

distributions in agricultural systems (Arumugam et al., 2025), the bimodal distribution observed 570 

for clay was consistent with fixed-depth sampling rather than strict horizon sampling. From a 571 

pedometric perspective, this highlights a limitation of non-horizon sampling designs, where 572 

heterogeneous soil property distributions within depth intervals may induce distributions difficult 573 

to model. This has implications for subsequent harmonisation procedures, which are typically 574 

applied post hoc (e.g., equal-area splines or phySplines), but may decrease vertical gradients or 575 

introduce instability in proportional representations when horizons are modelled independently. 576 

Nevertheless, model performance was not substantially affected by the skewed distributions, 577 

likely because the vertical constraints reduced the number of feasible profile configurations and 578 

acted as a regularising mechanism on the solution space. Furthermore, the prior and posterior 579 

distributions followed similar patterns between Soils4Africa observations and S4A prediction 580 

surfaces, indicating that ISPM largely preserved the measured data distribution without requiring 581 
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transformation of the response variables. The framework also substantially linearised the 582 

relationship between topsoil and subsoil properties, suggesting that the predominant vertical 583 

structure of the soil system follows a relatively stable scaling relationship despite considerable 584 

local and regional heterogeneity. However, this result was expected as the topsoil and subsoil were 585 

extracted from the same predictions and integral.  586 

In addition, ISPM reduced residual spatial autocorrelation across the landscape between 587 

horizons. When horizons were modelled independently without constraints, a substantial 588 

proportion of explained variance was due to spatial autocorrelation rather than the predicted 589 

values. In contrast, the ISPM transformation reduced spatial dependence in the residuals. The 590 

reduction in variability across both inter-horizon and intra-horizon scales suggests that a portion 591 

of the apparent noise arose from unresolved depth processes rather than purely spatial processes. 592 

The depth-support therefore not only stabilised relationships between topsoil and subsoil 593 

intervals but also reduced variability within horizons themselves through mass-preservation and 594 

voxel-scale integration. 595 

As expected, both SOC and N had a decreasing trend with depth in Eswatini and were highly 596 

correlated with one another. They highlands had higher values of both values relative to the semi-597 

arid savannah biome of central Eswatini, with the same trend in uncertainties. This is a common 598 

trend in the country with the climatic and vegetation gradient. Although total N was measured, 599 

mineralisation of soil organic matter produces inorganic N through microbially mediated oxidation 600 

pathways (Daly et al., 2021). Nitrogen cycling in managed agricultural systems is also strongly 601 

linked to microbial C dynamics through coupled C–N feedback mechanisms (Li et al., 2025). 602 

Consequently, the observed relationship between SOC and N likely reflects shared microbial and 603 
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vegetation regulation of organic matter turnover and nutrient mineralisation (Farzadfar et al., 604 

2021). 605 

Although clay and P spatial distribution in Limpopo followed a similar trend with increased values 606 

in highlands such as the Soutpansberg and Waterberg Mountains, clay and P exhibited relatively 607 

weak association in Limpopo. This likely reflects contrasting vertical distributions within the 608 

profile, where sandy topsoil has reduced P sorption capacity, while clay-enriched subsoil 609 

increases sorption potential (Simpson et al., 2025). Additionally, semi-arid savannah systems 610 

generally support lower organic matter accumulation, limiting the formation of stable organo-611 

phosphorus complexes that would otherwise strengthen coupling between clay and P dynamics 612 

(McLaren et al., 2015).  613 

Unlike the other soil properties, CEC and K did not follow similar spatial distributions in Kavango 614 

but showed and inverse relationship similar to clay and P in Limpopo. Although the underlying 615 

mechanisms differ, this pattern likely reflects the influence of fertiliser inputs and other surface-616 

driven routes. Under normal conditions, K would be expected to accumulate where CEC is greater, 617 

particularly in subsoil horizons with weathering of minerals such as orthoclase (K-feldspar) (Li et 618 

al., 2016). However, the predominantly Arenosols (sandy soil) of Kavango generally possess low 619 

CEC throughout the profile, reducing their ability to retain exchangeable K (Strohbach and 620 

Petersen, 2007). Consequently, K may be susceptible to downward leaching beyond 50 cm depth 621 

or removal from the profile following fertiliser application and seasonal summer rainfall events, 622 

resulting in residual K accumulation in the topsoil.  623 

The agricultural lands in Lesotho were generally confined to the lowlands or foothill zones of the 624 

northern Drakensberg Mountains. The pH is very acidic in the topsoil with a low of 4.81, indicating 625 
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high rainfall with leaching or ammonium fertiliser use. This indicates challenges for agriculture 626 

with a decrease in labile P and micronutrients with leaching of macronutrients. There is also a 627 

possibility of Al toxicity. However, the subsoil is much more alkaline ranging from 6.42 to 8.32 628 

indicating pH only leached to the 20-50 cm depth interval or the shape depth-support 629 

transformation was had the wrong shape despite the adequate accuracy. When inspecting the 630 

prior distribution, it was assumed the latter and the depth-support shape most likely needs 631 

adjustment.  632 

4.2 Comparison 633 

The posterior distributions differed substantially between products, with S4A retaining the strong 634 

positive skewness observed in the original data, whereas iSDAsoil exhibited a more normally 635 

distributed response. This difference is likely attributable to differences in modelling frameworks. 636 

ISPM employed a dimensional transformation, while preserving the original response variable 637 

distribution, whereas iSDAsoil reflects differences in data processing, algorithm or response 638 

variable transformations used during model development. However, this does not directly imply 639 

the reason iSDAsoil had a more normal posterior distribution.  640 

With the exception of topsoil pH, S4A produced higher values than iSDAsoil. This shows evidence 641 

of a changing soil condition between iSDAsoil’s inception and Soils4Africa measurements. The 642 

effect size of most soil properties was more than one standard deviation higher in S4A than 643 

iSDAsoil indicating CEC, SOC, N, P and K have all increased. An SOC was most likely due to 644 

sustainable practices such as no-till, minimal till, crop rotation or rotational grazing that has 645 

become widely adapted (Beillouin et al., 2022; Mangole et al., 2025), while N, P and K could come 646 

from sustainable fertiliser such as manure and crop residues (El-Sayed, 2020). However, the 647 
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decrease in pH of the topsoil suggests that an increase in ammonium based fertiliser was the 648 

predominant source (Wang et al., 2020). 649 

A possible increase in the soil condition in these four Southern African countries is especially 650 

important due to an increase in drought and floods (Meque et al., 2026). Therefore, the use of 651 

sustainable land management practices, largely driven by regional policies, have implications for 652 

food security. For example, in partnership with The Department of Forestry, Fisheries and the 653 

Environment and the Department of Agriculture and the International Union for Conservation of 654 

Nature, Limpopo is implementing its own regional policy on land degradation in drought prone 655 

regions (DFFE and IUCN, 2021). 656 

On a broad scale, The Southern African Development Community (SADC) has many sustainable 657 

land management and environmental projects such as the SADC Great Green Wall Initiative and 658 

Protocol on Environmental Management for Sustainable Development to mitigate desertification 659 

and support national conservation agriculture policy (SADC Secretariat, 2025). Due to these 660 

initiatives, soil resilience and food security in these countries may be improving. Hence, the 661 

increase in effect size relative to iSDAsoil. Not surprisingly, according to the models, these 662 

initiatives have affected the topsoil more than the subsoil in their relative spatial trend.  663 

The stronger spatial agreement observed in the subsoil suggests that the 0–20 cm layer has 664 

undergone greater anthropogenic modification since the development period represented within 665 

the observations of iSDAsoil. Nevertheless, the 20–50 cm interval remains within the active rooting 666 

and disturbance depth of major regional cropping systems such as maize, indicating that 667 

anthropogenic influence likely extended throughout much of the modelled profile (Ordóñez et al., 668 
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2018). This could explain the high correlation throughout the profile, and the sustainable practices 669 

influence to at least 50 cm in depth.  670 

Soil organic carbon exhibited strong agreement in spatial trends between products, with high co-671 

trend coefficients in both the topsoil (0.95) and subsoil (0.92). The effect size was greater in the 672 

subsoil (1.42) than in the topsoil (1.10), indicating larger differences in the magnitude of predicted 673 

SOC at depth, while maintaining similar spatial patterns. This was encouraging because the 674 

spatial distribution of SOC was largely consistent despite differences in absolute values. Given the 675 

importance of SOC for soil fertility, aggregate stability, water-holding capacity, biodiversity and the 676 

mitigation of land degradation (Trivedi et al., 2018), the strong agreement in spatial trends suggests 677 

that both products identify similar regions of relative C enrichment. Continued regional initiatives 678 

and research efforts focused on improving SOC management may contribute to the consistent 679 

increase in SOC with depth. 680 

The similarity in topsoil N means between products was unexpected given the little convergence 681 

observed for other nutrients. However, N fertiliser is typically prioritised in agricultural 682 

management relative to P and K inputs, potentially contributing to greater temporal stability in 683 

mean N levels across the region. Nevertheless, due to the C-N microbial-mediated feedbacks 684 

discussed in Section 4.1, N can be tightly coupled with C and therefore, showed a similar trend in 685 

effect size and spatial distribution. The weaker topsoil spatial trend for N was interpreted as having 686 

a comparatively higher mobility than subsoil. Ammonium (NH4
+) is rapidly mineralised to nitrate 687 

(NO3
-) during nitrification (Yang et al., 2026), substantially increasing movement through the soil 688 

profile (Jury and Nielsen, 1989). This likely contributed to the stronger spatial agreement observed 689 

in the subsoil horizon, where redistribution processes integrate N over broader spatial scales and 690 
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coincide with shifts in other properties such as pH, which can influence the form of N at these 691 

depths due to microbial manipulation (Zhou et al., 2019). 692 

In contrast, P and K were more strongly constrained by mineral interactions and surface processes. 693 

Phosphorus is readily sorbed onto mineral surfaces, while K retention is strongly influenced by 694 

CEC and climate (Wu et al., 2025). Both nutrients are therefore more susceptible to redistribution 695 

through erosion and surface management processes within the 0-20 cm layer. Although having a 696 

lower concentration, the NPK distributions become comparatively more stable with depth, 697 

consistent with the stronger subsoil spatial agreement observed between S4A and iSDAsoil. 698 

Besides fertiliser, increased liming may have increased the labile P content in S4A; however, this 699 

hypothesis is not supported by the pH values. Nevertheless, in some areas such as Lesotho it may 700 

improve agriculture potential. Additionally, it is unclear whether an increase in these soil 701 

properties represents an increase in soil condition or simply anthropogenic additions.  702 

4.3 Limitations 703 

The agricultural land-use mask would benefit from additional non-agricultural exclusions such as 704 

national parks, protected game reserves and expanded urban boundaries. However, accurate 705 

land-use classification within arid and semi-arid savannah ecosystems remains challenging 706 

because these landscapes are characterised by high spatial heterogeneity, uneven mixtures of 707 

woody and herbaceous vegetation, strong seasonal variability, dormancy and diverse land-708 

management practices (Kaszta et al., 2016).  709 

At present, the predictive framework is more reliable at broad regional scales than for fine 710 

management zones. At a 90 m resolution, agricultural areas often appeared highly patchy and 711 

locally inconsistent. In some cases, apparent agricultural classifications occurred within strongly 712 
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urbanised environments such as Johannesburg or on steep slopes within the Drakensberg where 713 

cultivation is unlikely. Consequently, mapping at continental-to-regional scales becomes difficult 714 

without a hierarchical or dashboard-style visualisation (e.g., GEE) capable of contextualising local 715 

management zones. 716 

Improvements could involve broadening the agricultural mask to reduce isolated patches, while 717 

simultaneously strengthening exclusion criteria for non-agricultural land. Alternatively, increasing 718 

spatial resolution to better match the scale of fragmented management zones may improve 719 

representation, although this would require substantially denser sampling support and 720 

computational power. 721 

The use of a spatial Welch’s t-test for comparison across a large and environmentally 722 

heterogeneous region could be a limitation. Although mean-based comparisons provide a 723 

straightforward and relatively unbiased summary for sparse datasets, complex soil systems 724 

cannot be fully characterised through a single statistical metric (Fraixedas et al., 2022; Marshall et 725 

al., 2020). While the additional spatial trend analysis partially addresses this limitation by 726 

evaluating agreement in spatial structure, a more comprehensive comparison would require 727 

multivariate or bivariate spatial decision-support approaches capable of identifying synergistic 728 

and divergent regions between products (Cobos et al., 2024).  729 

Differences between source datasets likely helped contribute to the observed divergence in 730 

means between S4A and iSDAsoil. The Soils4Africa dataset used for the S4A model consisted of a 731 

temporally consistent sampling campaign collected within 2023 in this region and was restricted 732 

to agricultural land. However, sample density remained low (approximately 1,614 samples; ~0.001 733 
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samples per km⁻²), which can contribute to higher uncertainties and some soil-forming factors 734 

may not be adequately captured (Hartemink et al., 2008). 735 

In contrast, iSDAsoil incorporated substantially larger sample density (>70,000 observations; 736 

~0.004 samples per km⁻²) across continental Africa, but the data originated from multiple datasets 737 

collected over inconsistent time periods and sampling protocols (Miller et al., 2021). 738 

Consequently, differences in temporal consistency, sampling density and spatial support likely 739 

contributed to the observed differences in mean values despite strong agreement in spatial trends. 740 

For this reason, no direct accuracy reassessment of iSDAsoil was performed on Soils4Africa data, 741 

as such comparison would likely reflect dataset structure rather than true model superiority.  742 

4.4 Implications 743 

From a computational perspective, ISPM provides an efficient approach for continental-scale soil 744 

mapping. Spatially explicit methods such as regression kriging, Gaussian process models and 745 

deep learning approaches can become computationally intensive when applied across large 746 

regions with increasing spatial resolution, environmental covariates, and training datasets (Hengl 747 

et al., 2017). In contrast, ISPM introduces a deterministic depth-support transformation that 748 

efficiently incorporates vertical profile constraints and is suitable for implementation within 749 

scalable cloud-computing environments. 750 

The consistent topsoil–subsoil relationships observed following transformation suggest that soil 751 

profiles may exhibit transferable vertical scaling behaviour across broad geographic regions, 752 

although these relationships remain dependent on depth representation, sampling support and 753 

landscape heterogeneity. This highlights a fundamental challenge in DSM, where soil observations 754 

represent discrete samples of continuous depth functions influenced by sampling support, 755 
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measurement scale and depth discretisation (Malone et al., 2009; Minasny and McBratney, 2016). 756 

Approaches such as equal-area splines and related depth-function models were developed to 757 

address these challenges by providing consistent estimates of soil properties across standardised 758 

depth intervals (Bishop et al., 1999; Malone et al., 2009; Bishop et al., 2015). 759 

More broadly, ISPM provides an intermediate approach between purely empirical DSM and 760 

mechanistic soil modelling by constraining statistical predictions according to pedologically 761 

meaningful profile structures. This creates opportunities for harmonising heterogeneous soil 762 

datasets within a common framework while reducing artefacts associated with independent depth 763 

predictions, including unrealistic discontinuities between adjacent soil layers (McBratney et al., 764 

2003). 765 

Future research should evaluate ISPM using denser depth-resolved observations, alternative 766 

depth-support formulations and further advancing analytically solvable challenges. Importantly, 767 

future development should prioritise integration and updating of existing soil information 768 

resources rather than continued generation of independent products. Developing continuously 769 

updated soil information systems provides a mechanism for maintaining consistent, timely and 770 

decision-relevant soil information for environmental monitoring and agricultural management 771 

(Arrouays et al., 2014; Hengl et al., 2017; Poggio et al., 2021). An updated pan-African soil 772 

information system could therefore strengthen long-term monitoring of soil condition under 773 

changing environmental conditions (Mesele et al., 2026). 774 
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5. Conclusion 775 

This study introduced Integrated Soil Profile Mapping, a profile-informed digital soil mapping 776 

framework that incorporates vertical soil-profile constraints directly into prediction through an 777 

energy-minimisation approach. By representing soil profiles as continuous depth-resolved soil 778 

system, the framework integrates prediction and depth harmonisation while maintaining spatial 779 

variability across heterogeneous soil landscapes. Integrated Soil Profile Mapping produced 780 

coherent vertical estimates, reduced residual spatial autocorrelation and provided stable 781 

predictions across variably landscapes and climates. 782 

Comparison with the iSDAsoil product showed broadly consistent regional spatial patterns, while 783 

differences in predicted soil properties revealed substantial spatial variation in soil condition 784 

across Southern African agricultural lands. In particular, the results indicated variable increases 785 

in all properties measured and a decline in topsoil pH, highlighting contrasting trajectories in soil 786 

fertility and chemical condition. These patterns are consistent with differences in agricultural 787 

management and intervention, but may also reflect regional variation in climate, soil 788 

characteristics and management history; therefore, causal attribution requires further 789 

investigation. 790 

Overall, Integrated Soil Profile Mapping provides a framework for generating internally consistent, 791 

depth-resolved soil information while retaining the vertical structure of soil profiles. Its application 792 

to emerging continental soil datasets provides a basis for more systematic assessment of regional 793 

soil condition and environmental change. Future integration and assimilation of complementary 794 

soil datasets could support continuously updated pan-African soil information systems, 795 
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strengthening soil monitoring, sustainable agricultural management, soil resilience assessment 796 

and food-security planning. 797 

Appendix A: topsoil estimates 798 

 799 
Appendix. A All of the topsoil property estimates for Namibia, South Africa, Lesotho and Eswatini encompassing the  agricultural 800 
lands delineated in the Soils4Africa project 801 
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Appendix B: topsoil standard deviation 802 

 803 
Appendix. B All of the topsoil property standard deviation estimates (stdDev) for Namibia, South Africa, Lesotho and Eswatini 804 
encompassing the  agricultural lands delineated in the Soils4Africa project 805 

 806 
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Appendix C: subsoil estimates 807 

Appendix. C All of the subsoil property estimates for Namibia, South Africa, Lesotho and Eswatini encompassing the  agricultural 808 
lands delineated in the Soils4Africa project 809 
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Appendix D: subsoil standard deviation 810 

 811 
Appendix D All of the subsoil property standard deviation (stdDev) estimates for Namibia, South Africa, Lesotho and Eswatini 812 
encompassing the  agricultural lands delineated in the Soils4Africa project 813 
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