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Abstract 15 
 16 
Large-scale assessment of soil organic matter (SOM) relies on spatial prediction to extend sparse 17 
observations to unsampled locations, but extensive soil databases do not necessarily ensure 18 
reliable predictions. Predictive uncertainty can arise from limitations in sampling, response-19 
variable perturbation, and model specification, yet their relative contributions are rarely 20 
quantified. Here, we developed nationwide models of SOM in paddy soils across South Korea 21 
and used an ensemble random forest framework to decompose predictive uncertainty into 22 
sampling, response-variable perturbation, and model-specification components. We compiled 23 
283,618 observations with soil, terrain, climate, and vegetation predictors. The model explained 24 
50% of the variation in independent SOM observations but underpredicted localized areas with 25 
high SOM. Model specification was the largest contributor to total predictive variance (41.9%) 26 
and was the dominant uncertainty source at 55.8% of locations, followed by sampling (29.3%) 27 
and response-variable perturbation uncertainty (28.8%). Exchangeable calcium and annual 28 
precipitation were the most influential predictors, although their importance rankings varied 29 
across model configurations. These results show that predictive performance alone does not 30 
reveal the sources of uncertainty in large-scale SOM assessment. Large datasets do not 31 
necessarily provide equal predictive information across the response distribution. Explicit 32 
decomposition of predictive uncertainty can identify whether improvements should prioritize 33 
additional sampling, improved response-variable measurements, or alternative model 34 
specifications, providing a basis for more targeted strategies to improve the reliability of large-35 
scale SOM predictions. 36 
 37 
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1 Introduction 43 
 44 
Soil organic matter (SOM) consists of plant and animal residues returned to the soil at various 45 
stages of decomposition, together with associated organic compounds, water, and inorganic 46 
nutrients. It contributes to the formation of stable soil aggregates, supports microbial activity, 47 
facilitates carbon sequestration, and plays a fundamental role in nutrient cycling, soil structure, 48 
and water retention (Reeves, 1997; Hartmann and Six, 2023). Both the quantity and quality of 49 
SOM underpin a wide range of ecosystem services essential to agricultural productivity and soil 50 
quality. Consequently, maintaining sufficient SOM has become increasingly important under 51 
global environmental change, particularly in the face of rapid climate shifts (Amundson et al., 52 
2015). 53 

Because SOM is not controlled by a single process but emerges from the interactions 54 
among organic inputs, decomposition, stabilization, and environmental controls (Six et al., 2002; 55 
Cotrufo and Lavallee, 2022), uncertainty in its spatial prediction has implications for both 56 
estimation accuracy and the interpretation of broad-scale biogeochemical patterns and inferred 57 
environmental controls. Agricultural management can modify these processes through organic 58 
amendments, fertilizer application, residue retention, reduced tillage, crop rotations, cover crops, 59 
and other management practices (Lundy et al., 2015; Pittelkow et al., 2015a; Pittelkow et al., 60 
2015b; Young et al., 2021). Such management affects both the quantity and quality of SOM and 61 
can produce cumulative effects over time. As a result, SOM reflects both current environmental 62 
conditions and the cumulative legacy of past management, which vary across the landscape and 63 
contribute to substantial spatial and temporal variability, complicating large-scale SOM 64 
prediction. Although detailed process-level studies clarify how SOM formed and stabilized at the 65 
plot or profile scale, extending this understanding to large spatial domains remains challenging. 66 
Consequently, large-scale SOM assessment commonly relies on measured soil properties and 67 
environmental variables as proxies for the drivers of SOM dynamics. 68 

Large soil databases are increasingly used to infer spatial patterns and environmental 69 
controls of SOM, but uncertainty associated with how observations are sampled, represented, 70 
and modeled can propagate into both predictions and variable-importance inference. Because soil 71 
observations are typically sparse, collected at discrete locations, and unevenly distributed across 72 
large agricultural regions, direct measurements alone cannot characterize the spatial distribution 73 
of SOM. Predictive models are therefore used to extend location-specific observations to 74 
unsampled locations by relating measured SOM to soil, environmental, and other spatially 75 
available predictors. Such predictions enable spatially explicit assessment of SOM at regional 76 
and national scales and provide a basis for evaluating spatial patterns and potential management 77 
needs. Advances in large-scale monitoring, soil information systems, and agricultural data 78 
modeling have further expanded the capacity for spatial prediction of soil properties and crop 79 
performance (Farina et al., 2021).  80 

However, extending observations to unsampled locations through spatial prediction 81 
introduces uncertainty, because these predictions depend on several sources of uncertainty, 82 
including the composition of available observations and sampling design, the representation of 83 
environmental covariates, and model specification and parameterization. Soil samples capture 84 
only a part of spatial variation in SOM and are subject to sampling and measurement error, 85 
whereas soil and environmental predictors are imperfect proxies for its underlying drivers (Piikki 86 
et al., 2021; Lamichhane et al., 2019). Different model specifications may also produce divergent 87 
predictions from the same data (Sylvain et al., 2021; Rohmer, 2025). These sources of 88 
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uncertainty are interconnected and can propagate through the modeling process, affecting the 89 
reliability of SOM estimates across large agricultural regions. 90 

This issue is particularly important for national-scale assessment, where soil information 91 
systems provide large numbers of observations for spatial prediction, yet data volume alone does 92 
not ensure reliable SOM estimates. A model may achieve high predictive accuracy while 93 
remaining sensitive to sampling, response-variable perturbation, or model specification. 94 
Quantifying the relative contributions of these uncertainty sources can identify whether 95 
sampling, response-variable perturbation, or model specification most warrant improvement. 96 
Assessing predictive uncertainty alongside prediction accuracy is therefore essential for 97 
evaluating the reliability of large-scale SOM estimates and prioritizing improvements across 98 
these components. 99 

National and continental soil information systems now offer extensive observational 100 
coverage for spatial prediction. However, applications of these systems have often emphasized 101 
predictive accuracy, with comparatively less attention given to how predictive uncertainty 102 
propagates through sampling, response-variable perturbation, and model specification (Piikki et 103 
al., 2021; Sylvain et al., 2021). The Republic of Korea (hereafter South Korea) provides an 104 
example of a national soil information system built on systematic soil testing and monitoring. 105 
The Rural Development Administration (RDA) maintains a comprehensive soil test database and 106 
associated soil attribute maps, compiling laboratory analyses of organic matter, pH, 107 
exchangeable nutrients, and electrical conductivity from agricultural fields over several decades 108 
(Lee, 2025). Similar large-scale soil information systems have been developed in other countries. 109 
In Europe, the LUCAS topsoil database provides approximately 38,000 georeferenced samples 110 
with harmonized observations of soil physical and chemical properties, together with derived 111 
raster indicators for environmental modeling and policy analysis (Orgiazzi et al., 2018). In the 112 
United States, the Soil Survey Geographic Database, maintained by the USDA Natural 113 
Resources Conservation Service, provides detailed soil maps, including organic carbon (NRCS, 114 
2004). In China, national-scale soil organic carbon datasets compiled from 7,852 soil profiles 115 
collected between 2010 and 2024 have been standardized with geographic and environmental 116 
covariates to support spatial prediction and modeling across diverse landscapes (Chen et al., 117 
2025).  118 

Building on these datasets, this study develops nationwide models of SOM under rice 119 
cultivation and evaluates three sources of predictive uncertainty. Uncertainty is considered across 120 
the interconnected stages through which observed soil information is converted into a spatial 121 
prediction, rather than being treated as a single property of the final model. We therefore quantify 122 
uncertainty associated with sampling, response-variable perturbation, and model-specification 123 
and compare their relative contributions to total predictive uncertainty. This decomposition can 124 
help identify which components of these sources most strongly constrain the reliability of SOM 125 
estimates, providing a basis for prioritizing improvements in monitoring and modeling strategies. 126 

Paddy rice systems are well suited to examine this issue because their soils experience 127 
environmental conditions that differ substantially from those of upland agricultural systems 128 
(Geisseler et al., 2017). Periodic flooding alters soil oxygen availability and redox conditions, 129 
thereby affecting microbial processes, organic matter decomposition, and carbon stabilization, 130 
which in turn influence SOM dynamics that differ from those of upland systems (Conrad, 2020; 131 
Chen et al., 2021). Paddy fields also occupy a large proportion of agricultural land in South 132 
Korea and are distributed widely across the country. In 2025, the total paddy field area was 133 
755,952 ha, accounting for approximately 50.4% of the national cropland, of which 673,930 ha 134 
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were cultivated with paddy rice (KOSIS, 2026). The specific objectives were therefore to (1) 135 
develop nationwide models relating SOM to soil chemical, physical, and categorical properties 136 
while incorporating environmental influences, (2) quantify predictive uncertainty stemming from 137 
sampling, response-variable perturbation, and model specification, and (3) identify influential 138 
predictors of SOM through variable-importance analysis. 139 
 140 
2 Materials and Methods 141 
 142 
2.1 Soil chemical data and sources 143 
 144 
Soil chemical property data were obtained from the soil information system operated by the 145 
Rural Development Administration (RDA) of South Korea (NAS, 2025). This database compiles 146 
routine soil test results used to optimize manure and nitrogen fertilizer applications and to 147 
determine lime requirements. The database includes eight soil chemical properties: soil pH (1:5 148 
H2O), available phosphorus (AP; P2O5, mg kg−1), available silicon dioxide (AS; SiO2, mg kg−1), 149 
organic matter (OM, g kg−1), exchangeable magnesium (Mg, cmolc kg−1), exchangeable 150 
potassium (K, cmolc kg−1), exchangeable calcium (Ca, cmolc kg−1), and electrical conductivity 151 
(EC, dS m−1). All properties were determined using standardized laboratory protocols established 152 
by the National Institute of Agricultural Sciences (NAS, 2010). These soil observations were 153 
collected at multiple sampling locations within fields to characterize soil conditions across the 154 
field and support soil management and fertilizer recommendations for the 1,000 m2 (10 a) 155 
reference-area scale in South Korea (NAS, 2019). 156 

Soil chemical records were retrieved using 10-digit administrative division codes (BJD 157 
codes) corresponding to legally defined local administrative units in South Korea. A list of BJD 158 
codes was compiled from administrative division boundary data available through the National 159 
Spatial Data Infrastructure (MOLIT, 2026b, c), yielding 20,235 codes in the version used for this 160 
study. Soil records were then queried for each BJD code through an application programming 161 
interface, and units for which records were unavailable were excluded (Lee, 2025). For each 162 
administrative unit with available records, individual fields were geocoded based on their 163 
recorded road-name addresses and saved as separate unit-level datasets, resulting in 16,683 164 
datasets. These datasets were compiled to include all soil records analyzed between 2022 and 165 
2025, along with associated metadata such as postal address, agricultural land use, and sampling 166 
date. All data were accessed under publicly available terms of use. 167 

For this study, the dataset was filtered to include only paddy soils and screened for 168 
quality control (Lee, 2025), resulting in a nationwide collection of 763,625 soil records (Figure 169 
1). Each record represents a unique combination of field, sampling date, and laboratory 170 
replication on the same date. Individual fields were identified from field addresses recorded in 171 
the soil information system. The geographic coordinates of fields were spatially matched with 172 
cadastral parcel polygons to assign parcel-based identification numbers (PNU codes) (MOLIT, 173 
2026a). The resulting dataset provided nationwide spatial coverage for statistical modeling of 174 
soil chemical variability.  175 

Systematic error screening was applied to the compiled raw soil dataset to improve data 176 
reliability and ensure its suitability for subsequent analyses. The procedure followed the error-177 
screening methods described by Lee (2025), addressing instrumental and human-induced errors 178 
commonly encountered in large soil monitoring databases. Instrumental anomalies were removed 179 
first, including records with values outside analytical detection limits or physically implausible 180 
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measurement ranges. Record-level quality control checks were then conducted to identify 181 
human-induced errors associated with manual data entry and data management. These 182 
procedures included the removal of duplicate records; records with all soil variables missing; 183 
records in which all soil variables had identical values, including cases with only a single non-184 
missing variable; records exhibiting repeated identical soil test values across consecutive 185 
sampling dates; and records lacking valid spatial (X–Y) coordinate information. 186 

 187 
 188 

 189 
 190 

Figure 1. Study area and spatial distribution of the paddy-field sampling locations (n = 283,618). 191 
Points represent location-level mean soil organic matter (SOM; g kg−1) from soil samples 192 
collected from 2022 to 2025.  193 
 194 
 195 
2.2 Soil data integration with auxiliary data 196 
 197 
The dataset used for SOM modeling included eight soil chemical variables and 32 auxiliary 198 
attributes: 14 categorical soil thematic attributes, 10 topographic attributes, seven climate 199 
variables, and one vegetation variable. Soil thematic attributes were obtained from the RDA soil 200 
information system, which provides nationwide coverage of 27 physical and land suitability 201 
properties at a 125ௗm spatial resolution (1:25,000 scale). All 27 attributes were initially retrieved 202 
using the unique PNU codes, of which 14 were retained as predictors for SOM modeling. The 203 
excluded attributes represented land-use suitability for rice paddies, upland crops, orchards, 204 
pasture, and forest. These variables were excluded because they describe crop- production 205 
suitability rather than inherent soil conditions. The retained categorical soil thematic variables 206 
represented soil profile characteristics and soil classification. They were linked to the soil 207 
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chemical records via PNU identifiers and used as categorical predictors representing spatial 208 
variation in soil characteristics and soil-forming conditions.  209 

Vegetation was represented by annual net primary production (NPP, g C m−2 yr−1) for 210 
2019–2021, derived from MODIS satellite observations (Terra and Aqua) (NEO, 2023). These 211 
data were obtained at a spatial resolution of 0.1° (~11 km) in GeoTIFF format. Climate variables 212 
were obtained from the Modified Korean-Parameter-elevation Regressions on Independent 213 
Slopes Model (MK-PRISM, version 1.2) provided by the Korea Meteorological Administration 214 
(KMA, 2023). Climate predictors included mean annual air temperature (°C), annual maximum 215 
and minimum air temperature (°C), annual precipitation (mm), solar irradiation (MJ m−2 d−1), 216 
relative humidity (%), and wind speed (m s−1), all provided at a spatial resolution of 217 
approximately 1 km. All climate variables were aggregated to long-term means over the 218 
available observation period, while precipitation was summed annually and then averaged. These 219 
vegetation and climate layers were used as environmental covariates in the modeling framework. 220 

A digital elevation model (DEM) for South Korea was obtained from the National Spatial 221 
Data Infrastructure at 90 m spatial resolution and provided in the GRS80 / Korea 2000 Central 222 
Belt coordinate reference system (EPSG:5186). The DEM was cropped and masked to the 223 
national boundary. Topographic attributes, including slope, aspect, topographic position index 224 
(TPI), terrain ruggedness index (TRI), surface roughness, and flow direction, were derived from 225 
the projected DEM using the terra package (Hijmans, 2025). Hillshade was calculated from 226 
slope and aspect using a solar elevation angle of 45° and an azimuth of 315°. Sinks in the DEM 227 
were filled before calculating the upslope contributing area and topographic wetness index 228 
(TWI) using the TOPMODEL approach implemented in the topmodel package (Buytaert, 2018). 229 
The upslope contributing area was log-transformed, whereas TWI was retained on its original 230 
scale. The resulting elevation and terrain layers were subsequently reprojected to geographic 231 
coordinates (WGS84; EPSG:4326) for integration with other spatial datasets. These variables 232 
were used as topographic covariates in subsequent analyses.  233 

Soil chemical data were spatially integrated with auxiliary datasets based on field 234 
coordinates. Following data validation and identification of complete cases across the variables 235 
used for modeling, the dataset consisted of 283,618 soil records (Table 1). Given the large 236 
sample size, no imputation was applied; only records that passed all quality control procedures 237 
were retained for modeling. Continuous variables were summarized using the mean, median, 238 
standard deviation (SD), interquartile range (IQR), and range (maximum–minimum). The 239 
coefficient of variation (CV) was calculated as the SD divided by the mean and expressed as a 240 
percentage. CV was not reported for variables with means close to zero or non-positive means, 241 
for which the metric is not informative, or for DEM-derived variables, which had zero-centered 242 
distributions. 243 
 244 
 245 
 246 
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Table 1. Summary statistics of numerical variables used in the dataset after quality control (n = 247 
283,618).  248 
 249 

Variable Mean Median SD IQR CV (%) Range 
SOM (g kg−1) 23.7 23.0 9.0 10.0 38.0 1–300 
pH (1:5 H2O) 6.2 6.1 0.6 0.7 9.3 3.5–9.5 
AP (mg kg−1) 148.7 99.3 183.0 112.3 123.1 1–9999 
AS (mg kg−1) 245.6 198.0 192.5 171.1 78.4 5–7032 
Mg (cmolc kg−1) 1.6 1.3 1.2 1.1 71.4 0.1–25 
K (cmolc kg−1) 0.5 0.3 0.5 0.3 102.9 0–15 
Ca (cmolc kg−1) 5.9 5.5 2.6 2.6 43.9 0.1–35 
EC (dS m−1) 0.9 0.5 1.4 0.6 153.0 0–30 
DEM (m) 59.8 26.0 79.4 76.0 132.8 0–769 
Slope (rad) 0.0 0.0 0.1 0.1 — 0–0.5 
Aspect (rad) 3.3 3.4 1.5 2.6 — 0–6.3 
TPI (m) −1.1 −0.6 1.7 1.6 — −19.4–18 
TRI (m) 3.0 2.0 3.2 3.6 — 0–39.7 
Roughness (m) 10.0 6.6 10.5 12.0 — 0–118.6 
Flow direction (°) 25.7 14.4 29.4 33.9 — 0.5–128 
Hillshade 0.7 0.7 0.0 0.0 — 0.3–0.9 
Log upslope area 10.6 10.7 0.7 1.1 — 9–13.1 
TWI 12.1 11.9 1.9 2.6 — 6.3–25.9 
TA (°C) 12.8 13.0 1.1 1.3 8.4 6.9–15.2 
TAMAX (°C) 18.5 18.6 0.9 1.1 5.0 12.2–20.6 
TAMIN (°C) 7.9 8.1 1.5 1.8 18.9 0.9–11.7 
RN (mm) 1,297.9 1,250.7 170.3 216.2 13.1 871.1–2636.7 
RHM (%) 70.9 71.6 3.1 4.8 4.4 38.6–77.6 
SI (MJ m−2 d−1) 13.9 13.9 0.6 0.9 4.5 9.7–15.9 
WS (m s−1) 1.8 1.7 0.5 0.7 25.2 0.2–4.1 
NPP (g C m−2 y−1) 183.1 180.5 14.6 13.8 8.0 151.5–255 
SOM, soil organic matter; pH, soil pH; AP, available phosphorus; AS, available SiO2; Mg, 250 
exchangeable magnesium; K, exchangeable potassium; Ca, exchangeable calcium; EC, electrical 251 
conductivity; DEM, digital elevation model; TPI, topographic position index; TRI, terrain 252 
ruggedness index; TWI, topographic wetness index; TA, mean annual temperature; TAMAX, 253 
mean annual maximum temperature; TAMIN, mean annual minimum temperature; RHM, mean 254 
annual relative humidity; RN, annual precipitation; SI, solar irradiation; WS, wind speed; NPP, 255 
net primary productivity. —, dimensionless.  256 
 257 
 258 
 259 
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2.3 Ensemble modeling, validation, and predictive uncertainty 260 
 261 
Predictive variability associated with sampling, response-variable perturbation uncertainty, and 262 
model specification was evaluated using an ensemble random forest (RF) modeling framework 263 
(Figure 2). Soil observations collected at identical spatial coordinates during the sampling period 264 
were aggregated by calculating the arithmetic mean of each soil chemical property. The resulting 265 
values therefore represent location-level mean soil conditions over the sampling period rather 266 
than measurements from a single sampling occasion. The resulting modeling dataset contained 267 
283,618 location-level observations with complete predictor and response data. 268 
 269 
 270 

 271 
 272 
Figure 2. Uncertainty modeling framework for quantifying uncertainty by source at the national 273 
scale, including sampling, response-variable perturbation, and model-specification uncertainty.  274 
 275 
 276 

Sampling variability was represented by repeatedly partitioning the dataset into 277 
calibration and validation subsets. This component quantified prediction variability arising from 278 
alternative calibration samples drawn from the available observations. Because the nationwide 279 
soil-testing data were collected through operational or farmer requests rather than according to a 280 
predetermined spatial sampling strategy, the available observations may not provide spatially 281 
uniform representation of soil conditions. For each of 25 sampling iterations, the dataset was 282 
randomly divided into calibration (60%) and validation (40%) subsets using stratified random 283 
sampling after dividing the response variable into six quantile-based bins. Each iteration was 284 
initialized using a different random seed. The corresponding validation subset was retained for 285 
independent prediction and was not used for model fitting. 286 

Response-variable perturbation uncertainty was represented by an assumed 10% relative 287 
perturbation of observed SOM values to approximate uncertainty associated with the response 288 
measurements and representation. For each sampling iteration, 10 independent perturbed 289 
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calibration datasets were generated. Multiplicative Gaussian noise was applied to the original 290 
SOM values as:  291 

 292 
𝑦௜

∗ = max(0, 𝑦௜(1 + 𝜀௜)) 293 
 294 

where 𝑦௜ is the observed SOM value at location i, 𝑦௜
∗ is the perturbed SOM value after 295 

introducing measurement error, and 𝜀௜ is a random error term drawn from 𝑁(0, 𝜎௬
ଶ). The 296 

standard deviation was set to 𝜎௬ = 0.10, representing an assumed 10% relative uncertainty in the 297 
SOM response variable (Goidts et al., 2009; Samsonova et al., 2023). Perturbed values were 298 
constrained to non-negative values using the maximum function and subsequently transformed 299 
using the shifted natural logarithm, ln(1 + 𝑦௜

∗), prior to model fitting. Validation observations 300 
were transformed using the same shifted natural logarithm but were not subjected to 301 
measurement-error perturbation.  302 

RF model-specification variability was represented by varying the number of predictor 303 
variables randomly selected at each tree split (mtry). For each combination of sampling iteration 304 
and response-variable perturbation, RF models were fitted using the ranger implementation 305 
(Breiman, 2001; Wright and Ziegler, 2017). Five mtry values (5, 10, 15, 20, and 35) were 306 
evaluated for each calibration dataset and response-variable perturbation, spanning a range of 307 
subset sizes relative to the available predictors. Tail weighting was applied during model fitting 308 
to increase the influence of high-SOM observations and reduce their potential underprediction, 309 
with the 90th percentile used as the tail threshold and a tail weight of 5. Models were fitted 310 
without an additional internal cross-validation procedure because mtry was evaluated across the 311 
ensemble. 312 

The combination of sampling, response-variable perturbation, and model specification 313 
resulted in 1,250 RF ensemble model realizations (S = 25 sampling iterations × D = 10 response-314 
variable perturbations × M = 5 mtry values). Each realization generated predictions for its 315 
corresponding 40% validation subset. Consequently, each location received approximately 500 316 
predictions on average across the ensemble, depending on the sampling iterations in which it was 317 
included in the validation subset. These predictions were used both to evaluate model 318 
performance across mtry values and to quantify predictive uncertainty.  319 

For each location, empirical predictive uncertainty was characterized from the 320 
distribution of available ensemble predictions. The 2.5th and 97.5th percentiles of ensemble 321 
SOM predictions were calculated on the log1p-transformed scale, and the resulting limits were 322 
back-transformed to the original SOM scale using the inverse transformation, exp(𝑥) − 1. These 323 
limits defined a 95% empirical predictive interval. Total predictive variance was additionally 324 
decomposed into sampling, response-variable perturbation, and model-specification components 325 
based on the nested ensemble structure. Sampling variance was estimated from predictions 326 
averaged across response-variable perturbations and mtry values and then quantified across 327 
sampling iterations. Response-variable variance was estimated from predictions averaged across 328 
mtry values and then quantified across response-variable perturbations. Model-specification 329 
variance was estimated from variation among mtry values and then averaged across sampling 330 
iterations and response-variable perturbations. The three components were summed to obtain 331 
total predictive variance. 332 

The mtry value was selected based on pooled validation performance across the 333 
ensemble. For each combination of sampling iteration and response-variable perturbation, 334 
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validation predictions were generated separately for each of the five mtry values. Squared 335 
validation errors and the corresponding numbers of validation predictions were accumulated 336 
separately for each mtry value across all sampling iterations and response-variable perturbations. 337 
The mtry-specific root mean squared error (RMSE) was then calculated as:  338 

 339 

𝑆𝑆௠ = ෍ ෍ ෍(ln(1 + 𝑦௜) − 𝑦ො௜,௦,ௗ,௠)ଶ

௜∈௏ೞ

஽

ௗୀଵ

ௌ

௦ୀଵ

 340 

𝑅𝑀𝑆𝐸௠ =  ඨ
𝑆𝑆௠

𝑁௠
 341 

 342 
where 𝑆𝑆௠ is the pooled sum of squared validation errors, 𝑦௜ is the observed SOM value in the 343 
validation subset, 𝑦ො௜,௦,ௗ,௠ is the corresponding prediction from the model fitted using the 344 
perturbed calibration SOM, 𝑁௠ is the total number of validation predictions contributed to the 345 
RMSE for mtry value m, and 𝑉௦ is the validation subset for sampling iteration s. RMSE was 346 
calculated on the transformed scale. The mtry value with the lowest aggregated RMSE was 347 
selected for the final model.  348 

A final RF model was subsequently fitted using the selected mtry. A new 60:40 stratified 349 
calibration–validation split was generated using the same sampling procedure and a fixed 350 
random seed (999). SOM values in both subsets were transformed using ln(1 + 𝑦௜), and no 351 
response-variable perturbation was applied to the final calibration data. The final model used the 352 
same tail-weighting configuration as the ensemble models and was fitted without internal cross-353 
validation because mtry had already been selected through the ensemble evaluation. Final 354 
predictive performance was assessed using the independent validation subset and summarized 355 
using RMSE, mean absolute error (MAE), and the coefficient of determination (R2), calculated 356 
on the original SOM scale after back-transformation of predictions and observations using the 357 
inverse log1p transformation (expm1). Bias was calculated as the mean difference between 358 
predicted and observed SOM values on the original scale. 359 
 360 
2.4 Decomposition of predictive uncertainty 361 
 362 
Predictive uncertainty was decomposed into sampling, response-variable perturbation, and 363 
model-specification components using predictions from the ensemble validation framework. 364 
These components represent variability induced by the corresponding dimensions of the 365 
ensemble and should not be interpreted as mutually independent physical error sources. For each 366 
validation observation, predictions were indexed across three nested dimensions: sampling 367 
iteration (s), response-variable perturbation (d), and model-specification configuration (m), 368 
represented by five mtry values. 369 

Model-specification variance was first calculated within each sampling iteration and 370 
response-variable perturbation as the variance of predictions across the five mtry configurations: 371 

𝑉௠௢ௗ௘௟,௜,௦,ௗ =
1

𝑀 − 1
෍ (𝑦ො௜,௦,ௗ,௠ − 𝑦ොത௜,௦,ௗ)ଶ

ெ

௠ୀଵ

 372 

where 373 
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𝑦ොത௜,௦,ௗ =
1

𝑀
෍ 𝑦ො௜,௦,ௗ,௠ .

ெ

௠ୀଵ

 374 

The resulting variances were then averaged across the (S = 25) sampling iterations and (D = 10) 375 
response-variable perturbations for each validation observation:  376 

𝑉௠௢ௗ௘௟,௜ =
1

𝑆𝐷
෍ ෍ 𝑉௠௢ௗ௘௟,௜,௦,ௗ

஽

ௗୀଵ

ௌ

௦ୀଵ

 377 

Response-variable perturbation variance was estimated after averaging predictions across the 378 
five mtry configurations within each sampling iteration and perturbation. For each sampling 379 
iteration (s), the variance of these prediction means was calculated across the D = 10 response-380 
variable perturbations:  381 

𝑉௠௘௔௦௨௥௘௠௘௡௧,௜,௦ =
1

𝐷 − 1
෍(𝑦ොത௜,௦,ௗ − 𝑦ොത௜,௦)ଶ

஽

ௗୀଵ

 382 

where 383 

𝑦ොത௜,௦ =
1

𝐷
෍ 𝑦ොത௜,௦,ௗ

஽

ௗୀଵ

. 384 

The resulting variances were then averaged across the S = 25 sampling iterations: 385 

𝑉௠௘௔௦௨௥௘௠௘௡௧,௜ =
1

𝑆
෍ 𝑉௠௘௔௦௨௥௘௠௘௡௧,௜,௦

ௌ

௦ୀଵ

. 386 

Sampling variance was estimated after averaging predictions across both response-variable 387 
perturbations and model-specification configurations within each sampling iteration: 388 

𝑦ොത௜,௦ =
1

𝐷𝑀
෍ ෍ 𝑦ො௜,௦,ௗ,௠

ெ

௠ୀଵ

஽

ௗୀଵ

 389 

The sample variance of these prediction means was then calculated across the S = 25 sampling 390 
iterations: 391 

𝑉௦௔௠௣௟௜௡௚,௜ =
1

𝑆 − 1
෍(𝑦ොത௜,௦ − 𝑦ොത௜)ଶ

ௌ

௦ୀଵ

 392 

where 393 

𝑦ොത௜ =
1

𝑆
෍ 𝑦ොത௜,௦

ௌ

௦ୀଵ

. 394 

Total predictive variance was calculated as the sum of the three uncertainty components: 395 
𝑉௧௢௧௔௟,௜ = 𝑉௦௔௠௣௟௜௡௚,௜  + 𝑉௠௘௔௦௨௥௘௠௘௡௧,௜ +  𝑉௠௢ௗ௘௟,௜ 396 

The total predictive standard deviation was obtained as the square root of the total variance.  397 

𝑆𝐷௧௢௧௔௟,௜ = ඥ𝑉௧௢௧௔௟,௜ 398 
The relative contribution of each uncertainty source was calculated as its proportion of total 399 
predictive variance: 400 

𝑓௦௢௨௥௖௘,௜ =
𝑉௦௢௨௥௖௘,௜

𝑉௧௢௧௔௟,௜
 401 
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where the source denotes sampling, response-variable perturbation, or model-specification 402 
uncertainty and i indexes the validation location. The dominant uncertainty source at each 403 
validation location was identified as the component with the largest relative contribution. 404 

Variable importance scores were extracted from each of the 1,250 ensemble model 405 
realizations and summarized across the ensemble. For each predictor, the mean, standard 406 
deviation, and coefficient of variation (CV) of permutation importance were calculated across all 407 
realizations, encompassing the 25 sampling iterations, 10 response-variable perturbations, and 408 
five mtry configurations. These statistics characterized both the average contribution of each 409 
predictor and the stability of its importance across the ensemble. 410 
 411 
2.5 Analysis software 412 
 413 
All analyses were conducted in the R statistical computing environment (R Core Team, 2025). 414 
Data preprocessing and analysis workflows were implemented using the data.table package for 415 
data manipulation (Barrett et al., 2026), the ggplot2 package for visualization (Wickham et al., 416 
2025), and the ranger package for RF modeling (Wright et al., 2026). Random seeds were 417 
specified for all stochastic procedures to ensure reproducibility of the ensemble simulations. 418 

 419 
3 Results and Discussion 420 
 421 
3.1 Large-scale dataset for SOM modeling 422 
 423 
The nationwide soil dataset comprised 283,618 quality-controlled observations distributed across 424 
the national agricultural domain (Table 1), corresponding to approximately 37 observations km-2 425 
of paddy-rice area. This large sample size provided extensive spatial coverage and substantially 426 
greater representation of local soil conditions than would be feasible from conventional soil 427 
monitoring networks alone. Such dense observations are particularly valuable for national-scale 428 
spatial modeling because they improve representation of spatial variability and major 429 
environmental gradients, although high sample density does not necessarily eliminate uncertainty 430 
associated with uneven environmental representation (Dalle Vaglie et al., 2026). 431 

SOM had a mean of 23.7 g kg−1, a median of 23.0 g kg−1, and a CV of 38%, with values 432 
ranging from 1 to 300 g kg−1 (Table 1). The distribution was strongly right-skewed: 62.3% of 433 
observations were below 25 g kg−1, 99.9% were below 75 g kg−1, and only a small fraction 434 
occurred in the upper tail. Although the dataset encompassed the recommended SOM range for 435 
paddy soils (20–30 g kg−1; NAS (2019)), the sparse representation of high-SOM conditions 436 
provides substantially less empirical support for predictions at the upper end of the distribution. 437 
Such imbalance can limit model performance for extreme values and increase the sensitivity of 438 
tail predictions to sampling and model specification. The spatial distribution of observed SOM 439 
illustrates substantial heterogeneity across the country (Figure 1), consistent with differences in 440 
soil, land use, management, and environmental conditions. 441 

The predictor dataset included seven non-response soil chemical variables and 32 442 
auxiliary attributes representing soil thematic, topographic, climatic, and vegetation conditions 443 
(Table 1). These variables covered broad environmental gradients, including elevation (0–769 444 
m), mean annual temperature (6.9–15.2°C), annual precipitation (871–2,637 mm), and NPP 445 
(152–255 g C m−2 y−1). The combination of extensive sampling and environmental coverage 446 
across these gradients therefore provided a strong basis for representing the heterogeneous 447 
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environmental gradients associated with SOM variation across the country. At the same time, this 448 
heterogeneity introduces complex and potentially interacting controls on SOM, making predictor 449 
relationships spatially variable and potentially contributing to uncertainty in variable importance 450 
and predictions. 451 

Overall, the dataset's large sample size and extensive environmental coverage were major 452 
strengths for national-scale SOM modeling, but they did not imply uniformly strong information 453 
across the response distribution or environmental space. The highly skewed SOM distribution, 454 
sparse upper tail, and heterogeneous environmental gradients create complementary challenges: 455 
the model is well supported for common SOM conditions but has less empirical support for 456 
extreme SOM values and must represent complex relationships across diverse environments. 457 
These characteristics provide important context for interpreting the predictive performance and 458 
uncertainty decomposition presented below. 459 

 460 
3.2 Total predictive uncertainty and its components 461 
 462 
The modeling framework (Figure 2) enabled the quantification of total predictive uncertainty, its 463 
decomposition into sampling, response-variable perturbation, and model-specification 464 
components, and the assessment of their spatial and SOM-level patterns at the national scale. 465 
Figure 3 shows the median predicted SOM and empirical predictive interval width relative to 466 
predicted SOM, while Figure 4 shows the spatial distribution of the dominant uncertainty 467 
sources. Table 2 summarizes the median contributions of sampling, response-variable 468 
perturbation, and model-specification uncertainty across five SOM quantile-based groups.  469 
 470 
 471 
Table 2. Median contributions of sampling, response-variable perturbation, and model-472 
specification uncertainty across five empirical soil organic matter (SOM) quantile groups. 473 

n 
Median 

SOM (g kg−1) 
95% interval 

width (g kg−1) 
Relative interval 

width (%) 
Sampling 

(%) 
Response 

(%) 
Model 

(%) 

59,176 14.0 (1–17) 2.90 16.1 30.5 16.0 48.7 

54,288 19.5 (>17–21.2) 2.77 13.2 27.2 21.5 45.6 

63,205 23.1 (>21.2–25) 2.92 12.8 24.2 25.3 41.4 

50,561 27.0 (>25–29) 3.32 13.4 24.3 26.7 39.2 

56,388 34.0 (>29–300) 4.60 16.1 28.7 24.9 37.5 
 474 
 475 

As shown by the national-scale pattern of observed SOM (Figure 1), the model 476 
reproduced a generally similar spatial pattern of SOM (Figure 3). The predicted SOM 477 
distribution had a mean of 23.2 g kg−1 and a median of 22.8 g kg−1, with a CV of 24.5% and an 478 
IQR of 5.8 g kg−1. However, the model underpredicted the observed range, with predicted SOM 479 
ranging from 1.4 to 81.1 g kg−1. The narrower predicted range suggests that the model captured 480 
the dominant spatial pattern of SOM but had limited ability to reproduce the most extreme 481 
observed values. Such range compression is common in predictive models when observations at 482 
the extremes are relatively sparse or when predictor–response relationships do not fully represent 483 
the processes generating local extremes (Sylvain et al., 2021).  484 
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The first three SOM quantiles, which encompassed 62.2% of the observations, spanned 485 
approximately 1–25 g kg−1 and showed relatively widespread spatial distributions (Table 2). In 486 
contrast, SOM values above approximately 29 g kg−1 were more spatially localized, occurring as 487 
distinct patches, and were less well predicted by the model. Although total predictive uncertainty 488 
increased toward the upper end of the SOM distribution, the contribution of model-specification 489 
uncertainty declined with increasing SOM. The weaker representation of these localized high-490 
SOM areas likely reflects the greater difficulty of predicting conditions that are less prevalent in 491 
the calibration data and/or are associated with environmental combinations that are less well 492 
represented across the prediction domain. High SOM may also depend on management history, 493 
organic amendments, residue inputs, water management, soil depth, microtopography, drainage 494 
and redox conditions, or other local processes that are not fully represented by the available 495 
covariates. This interpretation is consistent with previous studies showing that SOM is 496 
influenced by interacting environmental and management factors, including climate, soil 497 
properties, vegetation inputs, and hydrological conditions (Viscarra Rossel et al., 2019; Li et al., 498 
2023; Li et al., 2022). The pattern is also consistent with the greater predictive uncertainty 499 
observed toward the upper end of the SOM distribution (Table 2), suggesting that uncertainty 500 
was partly related to the distribution and representativeness of the observations used for model 501 
development (Sylvain et al., 2021). 502 
 503 
 504 

 505 
 506 
Figure 3. Median predicted soil organic matter (SOM; g kg−1) and distribution of the empirical 507 
95% predictive interval width relative to predicted SOM (%). The x-axis is truncated at 100% for 508 
visualization; values above 100% were retained in the analysis but are not shown. The dashed 509 
vertical line indicates the median relative predictive interval width. 510 
 511 
 512 
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 513 
Figure 4. Spatial distribution of the dominant sources of predictive uncertainty in nationwide 514 
soil organic matter (SOM) prediction, classified as sampling, response-variable perturbation, or 515 
model-specification uncertainty. 516 
 517 
 518 

The relative 95% predictive interval width showed considerable spatial variation in SOM 519 
prediction uncertainty, with a distinctly right-skewed distribution (Table 2; Figure 3). The 520 
strongly right-skewed distribution indicates that predictive uncertainty was generally modest 521 
across the prediction domain but increased substantially in a relatively small number of 522 
locations. This spatial concentration of uncertainty is important because a single summary 523 
measure of uncertainty would obscure substantial local differences in prediction reliability. 524 
Specifically, relatively narrow predictive intervals characterized most of the study area, with the 525 
highest density of predictions concentrated at interval widths between 10% and 15%. The 526 
median relative predictive interval width was approximately 16%. Conversely, a protracted right 527 
tail extending beyond 40% highlighted localized areas of high uncertainty. Thus, although 528 
predictive uncertainty was relatively low across most of the study area, substantially greater 529 
uncertainty occurred in localized areas, highlighting the spatially uneven reliability of the SOM 530 
predictions. Spatially heterogeneous uncertainty is expected in digital soil mapping because 531 
prediction reliability depends not only on model performance but also on the local availability 532 
and representativeness of observations and environmental covariates (Rossiter et al., 2022). 533 

Total predictive uncertainty varied substantially across the national paddy-rice domain, 534 
with a median predictive SD of 3.18 g kg−1 (IQR: 1.86 g kg−1). This spatial variation indicates 535 
that prediction reliability differed considerably across the target domain, despite the use of a 536 
common modeling framework. Model-specification uncertainty accounted for 41.9% of total 537 
predictive variance, followed by sampling uncertainty (29.3%) and response-variable 538 
perturbation uncertainty (28.8%). Model-specification uncertainty was the dominant source at 539 
55.8% of locations (n = 158,379), whereas sampling and response-variable uncertainty 540 
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dominated at 23.6% and 20.5%, respectively. The relatively large contribution of model-541 
specification uncertainty indicates that variation among the RF specifications examined in this 542 
study was an important source of predictive variability, exceeding the contributions from 543 
alternative calibration samples and response-variable perturbations. However, the model-544 
specification component quantified here represents only a subset of possible sources of model 545 
uncertainty (Sylvain et al., 2021; Rohmer, 2025). The sampling component represents variability 546 
among alternative observations and should not be interpreted as a complete characterization of 547 
uncertainty arising from the nationwide sampling process. The spatial distribution of these 548 
dominant sources (Figure 4) showed that model-specification uncertainty was widespread across 549 
the prediction domain, whereas sampling and response-variable uncertainty were more spatially 550 
localized and interspersed. Thus, although model specification accounted for the largest share of 551 
predictive variance overall within the ensemble framework examined here, the relative 552 
contributions of uncertainty sources varied substantially among locations. This spatial 553 
heterogeneity indicates that different components of the modeling process contributed to 554 
prediction reliability in different parts of the study area.  555 
 556 
3.3 Predictive performance 557 
 558 
Although uncertainty was quantified using the ensemble, the final tail-weighted RF model 559 
showed similar predictive performance between calibration and independent validation subsets 560 
(Table 3). The coefficient of determination (R2) was 0.47 for calibration and 0.50 for independent 561 
validation, indicating that the model explained approximately half of the variation in independent 562 
SOM observations. Prediction errors were also similar between the two subsets, with RMSE 563 
values of 6.61 and 6.32 g kg−1 and MAE values of 4.11 and 4.06 g kg−1 for calibration and 564 
validation, respectively. The small differences between calibration and validation metrics 565 
indicate similar predictive ability between the two subsets, providing limited evidence of 566 
overfitting under the random validation design. Overall, the model demonstrated moderate 567 
predictive performance, with an R2 of 0.50 for the independent validation subset, which is close 568 
to the median R2 reported for large-scale soil organic carbon mapping studies (>10,000 km2) in a 569 
global review (Chen et al., 2022). The model exhibited a small negative bias of −0.38 g kg−1 in 570 
calibration and −0.36 g kg−1 in validation, indicating a slight tendency toward underprediction 571 
that remained consistent between the two subsets. Thus, the model captured large-scale spatial 572 
variation in SOM but did not fully reproduce local or extreme variability. This moderate 573 
predictive performance likely reflects the substantial spatial heterogeneity of SOM, which arises 574 
from interactions among soil, climate, vegetation, land use, and landscape properties (Viscarra 575 
Rossel et al., 2019; Doetterl et al., 2015). Such interactions can produce substantial variation in 576 
SOM across landscapes and regions, making complete representation of its spatial variability 577 
challenging at broad spatial scales. 578 

Observed–predicted comparisons were also similar between the calibration and validation 579 
subsets, although the upper tail of the SOM distribution was less well captured (Figure 5). This 580 
weaker performance at higher SOM levels was consistent with the uncertainty analysis, which 581 
showed greater predictive uncertainty toward the upper end of the SOM distribution (Table 2). 582 
Together, these results suggest that predictive reliability was not uniform across the observed 583 
SOM range, with greater caution warranted when interpreting predictions toward the extremes. 584 
Because the validation data were sampled from the same environmental domain as the 585 
calibration data, these results primarily evaluate the model's ability to predict independent 586 
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observations within the environmental space represented by the dataset, rather than its 587 
performance under extrapolation to substantially different conditions (Rossiter et al., 2022). The 588 
stratified validation design ensured that the validation subset retained observations across the 589 
SOM distribution, providing a more balanced assessment of predictive performance than a 590 
purely unstratified random split would have provided (Rendleman et al., 2022). Thus, the 591 
validation results provide evidence of generalization within the represented data space, but do 592 
not constitute an independent test of model transferability to environmental conditions outside 593 
that space. 594 
 595 
 596 
Table 3. Calibration and independent validation performance of the tail-weighted Random Forest 597 
model for SOM prediction.  598 
 599 
Subset n R2 RMSE MAE Bias 
Calibration 170,174 0.47 6.61 4.11 −0.38 
Validation 113,444 0.50 6.32 4.06 −0.36 
Performance metrics included the coefficient of determination (R2), root mean square error 600 
(RMSE), mean absolute error (MAE), and prediction bias, all calculated on the original SOM 601 
scale after back-transformation of predictions and observations from the log1p scale using 602 
exp(𝑥) − 1. Bias was calculated as the mean difference between predicted and observed SOM 603 
values (predicted − observed) on the original scale.  604 
 605 
 606 
 607 

 608 
Figure 5. Observed versus predicted soil organic matter (SOM) values for the calibration and 609 
independent validation subsets using the final tail-weighted Random Forest model. Model 610 
performance is reported in Table 3.  611 
 612 
 613 
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3.4 Variable importance and SOM–environment relationships 614 
 615 
The variable importance analysis identified Ca (0.0455) and RN (0.0449) as the most influential 616 
predictors of SOM, followed by AP (0.0317), RHM (0.0309), TAMIN (0.0289), NPP (0.0278), 617 
and pH (0.0271) (Figure 6). Other relatively influential predictors included K (0.0227), EC 618 
(0.0225), Mg (0.0220), WS (0.0203), TA (0.0189), SI (0.0183), DEM (0.0174), and TAMAX 619 
(0.0171). Thus, the predictors contributing most to SOM prediction comprised a combination of 620 
soil chemical, climatic, vegetation, and terrain variables, rather than a single predictor group. The 621 
relatively high importance of Ca, AP, and pH indicates that soil chemical conditions were 622 
important predictors of SOM and may reflect their associations with nutrient availability and 623 
SOM dynamics (Rasmussen et al., 2018; Vermeiren et al., 2022). The importance of RN, RHM, 624 
TAMIN, TAMAX, and NPP indicates that climatic and vegetation-related variables contributed 625 
substantially to SOM prediction, potentially reflecting their associations with soil moisture, 626 
productivity, and SOM turnover (Min et al., 2026; Lu et al., 2026). In agricultural soils, long-627 
term applications of amendments and fertilizers may also contribute to spatial variation in soil 628 
chemical properties and, consequently, to their importance in SOM prediction (Hou et al., 2021). 629 
 630 
 631 

 632 
Figure 6. Variable importance ranking of predictors in the final tail-weighted Random Forest 633 
model. Predictor abbreviations are defined in Table 1. 634 
 635 
 636 

The importance rankings showed noticeable variation across model configurations 637 
(Figure 7). Model specification contributed the largest component of variable-importance 638 
variability, with contributions ranging from 2.8% to 32.0%, whereas sampling and response-639 
variable perturbation uncertainty contributed 1.1–3.0% and 0.6–1.8%, respectively. The 640 
relatively large model-specification contribution indicates that the estimated importance of some 641 
predictors was sensitive to model configuration. Ca and RN consistently ranked among the more 642 
influential predictors across model configurations, although their exact relative rankings varied. 643 
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Thus, individual importance rankings should not be interpreted as a fixed ranking of factors 644 
influencing SOM. Rather, they represent model-dependent estimates whose relative magnitudes 645 
varied with model specification and other sources of uncertainty. The results therefore suggest 646 
that SOM prediction was supported by multiple predictors, with their estimated contributions not 647 
fully independent of the modeling framework. 648 

In contrast, several terrain and categorical soil variables showed comparatively low 649 
importance. AS had an importance of 0.0079, while TRI (0.0062), roughness (0.0061), TPI 650 
(0.0039), TWI (0.0024), and upslope area (0.0023) contributed relatively little to the model. 651 
Categorical soil variables, including soil color (0.0021), great group (0.0018), flow direction 652 
(0.0017), aspect (0.0015), and suborder and soil type (both 0.0013), also showed low importance. 653 
The lower importance of these variables may indicate that other continuous soil, climatic, and 654 
vegetation predictors captured more of the spatial variation in SOM represented in the model, 655 
although correlated predictors may also have reduced the apparent importance of individual 656 
variables.  657 
 658 
 659 

 660 
Figure 7. Relative variability in variable importance attributable to sampling, response-variable 661 
perturbation, and model-specification uncertainty. Predictor abbreviations are defined in Table 1. 662 
 663 
 664 

Overall, the variable-importance patterns indicate that nationwide paddy-soil SOM 665 
prediction was supported by multiple environmental dimensions, including soil chemical 666 
conditions, climate, vegetation, and topography. The relatively high importance of Ca and AP 667 
points to the potential contribution of soil chemical interactions and nutrient retention, while the 668 
contributions of RN, RHM, TAMIN, TAMAX, and NPP highlight the relevance of climatic and 669 
vegetation-related conditions. The importance of Ca and AP may partly reflect their sensitivity to 670 
agricultural management, including fertilizer application and organic amendments (Jindo et al., 671 
2023; Liu et al., 2024). Widespread applications of agricultural lime and Si fertilizers can affect 672 
soil Ca and pH, while long-term phosphate fertilization can contribute to residual P accumulation 673 
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in agricultural soils (Makaza et al., 2026; Antonangelo et al., 2022; Khan et al., 2018). The 674 
importance of these variables may therefore reflect both their associations with SOM-related soil 675 
chemical conditions and the influence of historical management on those conditions. Climatic 676 
variables such as RN and RHM may similarly capture spatial and seasonal variation associated 677 
with the East Asian monsoon, including precipitation, soil moisture, and redox conditions in 678 
paddy soils (Kögel-Knabner et al., 2010). 679 

These results are consistent with previous studies showing that SOM at large spatial 680 
scales is associated with multiple interacting environmental factors (Doetterl et al., 2025). 681 
Although the permutation importance of individual predictors was relatively small, their 682 
collective contributions indicate that SOM variability was associated with multiple 683 
environmental dimensions rather than a single dominant control. However, variable importance 684 
reflects the contribution of predictors to model predictions and does not establish causal 685 
relationships or specific mechanisms. The relatively high uncertainty associated with model 686 
specification further indicates that individual importance rankings should be interpreted 687 
cautiously. This is particularly relevant given the comparatively limited predictive performance 688 
in the lower and upper tails of the SOM distribution (Figure 5), suggesting that predictors that 689 
were important overall did not fully capture SOM variability at the extremes of the observed 690 
range.  691 
 692 
3.5 Implications for large-scale SOM modeling 693 
 694 
The results have several implications for large-scale SOM modeling. First, the substantial 695 
contribution of model specification to predictive and variable-importance uncertainty indicates 696 
that model uncertainty should not be overlooked. In this study, different model specifications 697 
produced meaningful variation in predictions and variable-importance rankings. Reliance on a 698 
single optimized model may therefore underestimate uncertainty, particularly when alternative 699 
model configurations provide similarly plausible representations of the data. Using multiple 700 
model specifications or model ensembles can provide a more robust assessment of predictive 701 
uncertainty and reduce dependence on a single modeling configuration. 702 

Second, the relatively poor prediction of the upper SOM tail highlights the importance of 703 
retaining and adequately representing high-SOM observations. In this study, high-SOM 704 
observations were retained rather than excluded solely because they were difficult to predict, 705 
allowing the model to represent a wider range of SOM variability. During sampling-density 706 
optimization, however, excluding poorly predicted upper-tail observations could artificially 707 
improve apparent model performance and should therefore be avoided unless supported by 708 
independent evidence of measurement or other data-quality problems. The difficulty in 709 
predicting high SOM also suggests that additional observations and predictors that better 710 
represent the processes associated with high SOM may be needed. Complementary approaches 711 
that explicitly account for the upper tail, such as quantile regression, may also be useful 712 
(Lombardo et al., 2018). 713 

Third, the contribution of sampling uncertainty indicates that sample size and 714 
representativeness remain important considerations even when very large soil databases are 715 
available. There is no universally accepted statistical standard for determining the sampling 716 
density required for national-scale SOM modeling (Saurette et al., 2025; Xia et al., 2022), and 717 
the appropriate density likely depends on the target spatial scale and environmental 718 
heterogeneity. Sampling requirements can instead be evaluated empirically by progressively 719 
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reducing the available sample size and assessing whether model performance remains stable 720 
under repeated sampling. Loiseau et al. (2021), for example, identified a performance threshold 721 
of approximately one soil profile per 2 km2 in a region of approximately 5,000 km2, whereas 722 
Guo et al. (2026) found that 434 samples were sufficient to maintain stable SOM prediction 723 
performance across approximately 6,174 km2. These findings suggest that sampling density 724 
should be evaluated in relation to the intended modeling context, with particular attention to 725 
whether observations adequately represent the range of SOM and environmental conditions 726 
within the prediction domain. 727 

Fourth, differences in the spatial support and resolution of predictor datasets represent an 728 
additional source of uncertainty that was not quantified in the present study. The predictors used 729 
here ranged from approximately 90 m for DEM-derived variables and 125 m for thematic soil 730 
variables to approximately 1 km for climate variables and 11 km for NPP. These differences 731 
mean that environmental conditions were represented at substantially different spatial scales, 732 
potentially introducing spatial representation uncertainty into SOM predictions (Chen et al., 733 
2022; Piedallu et al., 2022; Han et al., 2022). Such differences may influence both variable 734 
importance and predicted spatial patterns, because fine-resolution soil and terrain variables can 735 
capture local heterogeneity that is not represented by coarser-resolution climate or vegetation 736 
variables. Future large-scale SOM modeling should therefore consider the spatial support of 737 
predictor datasets when interpreting model results and, where feasible, incorporate uncertainty 738 
associated with environmental representation. 739 

Overall, these results indicate that improving large-scale SOM predictions requires 740 
attention not only to model fitting but also to the sources of uncertainty surrounding the data and 741 
predictors. Multiple model specifications can help characterize model uncertainty, adequate and 742 
representative sampling can reduce sampling uncertainty, and greater representation of the upper 743 
SOM tail can improve prediction of extreme conditions. Accounting for differences in predictor 744 
spatial support would further provide a more comprehensive assessment of uncertainty in large-745 
scale SOM mapping. 746 
 747 
4 Conclusions 748 
 749 
Large national soil datasets enable large-scale prediction of SOM, but predictive reliability 750 
depends not only on model accuracy but also on how observations are sampled, responses are 751 
represented, and models are specified. We demonstrate that national-scale SOM predictions can 752 
remain substantially uncertain despite very large datasets, with uncertainty arising differently 753 
across sampling, response-variable perturbation, and RF model specification. Model 754 
specification was the largest contributor to predictive variance overall, although the dominant 755 
source varied spatially. Consequently, national SOM predictions should be interpreted together 756 
with predictive uncertainty and the variability in variable importance across model 757 
configurations. Ca and RN consistently ranked among the more influential predictors across 758 
model configurations, although their exact relative rankings varied. Thus, some predictors 759 
showed robust importance across model specifications, whereas their precise rankings remained 760 
model-dependent rather than representing fixed drivers of SOM. Predictive uncertainty was also 761 
spatially uneven and concentrated toward the upper end of the SOM distribution, indicating that 762 
high-SOM conditions remain less reliably predicted and warrant caution in interpretation. For 763 
paddy soils in South Korea, the relatively limited importance of topographic variables suggests 764 
that influential topographic controls on SOM may not have been fully captured by the predictors 765 
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considered here, whereas soil inputs and management-related factors appeared to be more 766 
prominent.  767 
 These findings show that improving national-scale SOM prediction requires attention not 768 
only to model fitting but also to the quality and representativeness of the underlying observations 769 
and predictors. Exploring multiple model specifications can help characterize model uncertainty, 770 
while adequate and representative sampling can reduce sampling uncertainty. Uncertainty 771 
affected not only predicted SOM values, but also our inference about which predictors are 772 
important. Increasing representation of high-SOM conditions may further improve prediction in 773 
the upper tail of the SOM distribution. For soil management, spatially explicit uncertainty 774 
information can help distinguish areas where predicted SOM is sufficiently reliable for broad-775 
scale assessment from those where field soil testing or additional monitoring may be appropriate. 776 
This is particularly important for high-SOM areas, where greater predictive uncertainty may 777 
limit confidence in management decisions based solely on spatial predictions. Future work 778 
should further quantify uncertainty arising from differences in the spatial support and spatial 779 
resolution of predictor datasets, which can be particularly important when integrating 780 
heterogeneous environmental information at national scales. More generally, this framework can 781 
be applied to other national and continental soil information systems to identify where 782 
improvements in soil testing, monitoring, data integration, and modeling are most likely to 783 
enhance the reliability of large-scale soil assessments. 784 
 785 
 786 
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