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A B S T R A C T   

Recent country and continental-scale digital soil mapping efforts have used a single model to predict soil 
properties across large regions. However, different ecophysiographic regions within large-extent areas are likely 
to have different soil-landscape relationships so models built specifically for these regions may more accurately 
capture these relationships relative to a ‘global’ model. We ask the question: Is a single ‘global’ model sufficient 
or are regionally-specific models useful for accurate digital soil mapping? We test this question by modeling soil 
depth classes across the 432,000 km2 upper Colorado River Basin in the Western USA using a single global model, 
multiple ecophysiographic models, and ensembles of the ecophysiographic models. 

Effective soil depth class observations (n = 12,194) were derived from multiple soil databases. Fifty-seven 
environmental covariates were derived from a 30 m digital elevation model, climate data, satellite imagery, 
and aeroradiometric data. Three independent land classifications were used to stratify the area. Two expert- 
derived land classifications, USDA Major Land Resource Areas (MLRA) and US-EPA Level III ecoregions, 
divided the study area into multiple ecophysiographic regions based on vegetation and broad-scale physio-
graphic differences. The third land classification divided the study area into broad landforms. 

Soil depth observations were split into separate training (n = 10,470) and validation (n = 1,724) datasets. 
First, a ‘global’ random forest model was used to model soil depth classes using all training observations and 
covariates. ‘Global’ denotes a model built with all training data across the extent of the area, not a model at world 
extent. Second, the land classifications were used to subset the observations into ecophysiographic sub-datasets 
and random forest models were refit for each region. Models fit by ecophysiographic region are referred to as 
regional models. Thirdly, predictions from each regional model were fused into regional-ensemble models. 
Accuracy, Brier scores, and Shannon’s entropy were used to compare model accuracy and uncertainty. Regional 
ecophysiographic models were also compared to models built for geographic areas that were defined solely to be 
approximately equal in area. Training dataset density and the imbalance ratio were investigated to determine if 
data characteristics influenced regional accuracy/uncertainty metrics. 

Accuracy for the global model using the validation set was 62.8%. Regional model accuracies ranged between 
56.1% and 75.0%. We found: 1) useful inter-regional differences in global model accuracy were revealed when 
the global model was validated by region, 2) no consistent relationship between training observation density and 
accuracy/uncertainty metrics, 3) no meaningful differences in accuracy and uncertainty metrics between 
physiographic and geographic regions, 4) ensembles of regionally-specific models were approximately as ac-
curate as global models, and 5) both region-specific models and ensembles of regional models were less uncertain 
than the global model. Overall, we recommend the use of soil depth class predictions made from MLRA regional 
ensemble models because this prediction had higher accuracy than the ecoregion ensemble model prediction, but 
lower uncertainty than both the global model and the landform ensemble model predictions. We answer our 
question: Ensembles of regionally-specific models are approximately as accurate as global models, but result in 
less uncertainty.  
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1. Introduction 

Current country, continental, and global scale digital soil mapping 
(DSM) approaches have generally used a single model to predict soil 
properties and classes across the entire region of interest. For example, 
at the country scale, Adhikari et al. (2013) and Adhikari et al. (2014) 
developed soil texture and soil organic carbon (SOC) content predictions 
for Denmark using a Cubist model for each property, Ramcharan et al. 
(2018) used a single model for predicting soil classes using a random 
forest and properties with boosted regression trees across the conti-
nental USA, and Padarian et al. (2017) used a single regression tree for 
predicting soil organic carbon contents across Chile. At the continental 
scale, Viscarra-Rossel et al. (2014) made a baseline map of soil organic 
carbon in Australia using a single piecewise linear decision tree, Ballabio 
et al. (2016) modeled top soil texture fractions across Europe using a 
single multivariate adaptive regression spline model, and Hengl et al. 
(2015) modeled multiple soil properties across Africa using a single 
random forest model for each property. At the global scale, Hengl et al. 
(2014) and Hengl et al. (2017) used linear-regression kriging and an 
ensemble of machine learners for modeling multiple soil properties and 
classes. 

While many of these studies have achieved at least moderate 

predictive performance, models over large geographic areas likely 
encompass significant heterogeneity in soil forming factors and pro-
cesses and certainly will include areas with fundamentally different soil- 
landscape-covariate relationships. For example, the USA is a pedologi-
cally diverse country (Guo et al., 2003), which encompasses cold soils of 
alpine tundra environments to warm soils of arid environments, and 
much in-between. Thus it seems possible that applying DSM by sub- 
regions within larger geographic areas could constrain soil-landscape 
relationships relative to the complex multivariate spaces of larger 
country or continental models that implicitly assume a similar rela-
tionship between soil and environmental covariates across all the area 
being modeled (Guevara et al., 2018). In particular, regional modeling 
may make it easier to justify model assumptions or to identify and select 
limited but regionally-specific biophysical variables controlling soil 
variability (Guevara et al., 2018). 

The benefit of region splitting to improve model performance has 
been recognized for some time (McBratney et al., 1991), but this topic 
has returned with the application of DSM over larger geographic areas. 
Recent literature suggests that regionally-specific models may be 
beneficial for improving DSM predictions. For example, both Mulder 
et al. (2016) and Ross et al. (2020) found that regional SOC models had 
much higher predictive accuracy than global models. Guevara et al. 

Fig. 1. The Colorado River Basin above Lake Mead in the western USA. Red symbols are training observations. Black symbols are validation observations.  
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(2018) found that country-specific models produced border artifacts 
when combined into an ensemble, but suggested that modeling by 
ecophysiographic region could reduce this effect. At a finer geographic 
scale, studies that partitioned areas into upland and wetland areas (Peng 
et al., 2015), or slope-aspect class (Thompson and Kolka, 2005) 
improved models. 

Here, we explore the benefits and limitations of modeling by phys-
iographic regions compared to a single ‘global’ model for DSM. We 
define ‘global’ models as those built using all training observations 
contained in the entire extent of the study area. We define ‘regional’ 
models as those built using only a subset of training observations that 
are constrained in a specific ecophysiographic portion of the study area. 
We explore this approach by building a ‘global’ model for effective soil 
depth classes in the Colorado River Basin above Lake Mead in the 
western USA (Fig. 1) and comparing this against regional models built 
for individual ecophysiographic regions within the study area. We also 
compared regional ecophysiographic models against arbitrary 
geographic (i.e., not ecophysiographic) models to test if division by 
ecophysiographic region constrained model error and uncertainty rela-
tive to simple divisions of the dataset. We also build ensembles of eco-
physiographic regional models and compare these against the global 
model. Model accuracy, Brier scores, entropy, predicted spatial patterns, 
and uncertainty are explored. We demonstrate a reduction in model 
uncertainty in both individual regional models and ensembles of 
regional models. Results have application to GlobalSoilMap and Global 
Soil Partnership organizations that are attempting to develop global soil 
map products (FAO and ITPS, 2017) and to active national soil survey 
programs (Thompson et al., 2020). 

2. Material and methods 

2.1. Study area 

The Colorado River Basin above Lake Mead is a 432,000 km2 

watershed that contains a wide variety of elevations, climates, geology, 
geomorphology, and associated soil systems. The basin starts in the 
Rocky Mountains at ~ 4300 m and is the water source for 40+ million 
people in the arid southwestern USA (Udall and Overpeck, 2017). The 
basin includes the Colorado Plateau, a cool desert area of uplifted 
sedimentary lithology with large canyon systems and extends into the 
Mojave Desert basin and range province near Las Vegas. The region is a 
popular outdoor recreational destination, has extensive energy and 
mining extraction, and is facing potential mega-drought under current 
climate trajectories (Ault et al., 2016, Copeland et al., 2017). Both 
anthropogenic land uses and drought have resulted in negative vegeta-
tion changes and increased wind and water erosion which are likely to 
intensify (Goldstein et al., 2008; Neff et al., 2008; Munson et al., 2011b, 
2011a; Miller et al., 2011; Nauman et al., 2018; Fick et al., 2020; among 
others). 

The region includes dominantly public land ownership with some 
privately owned and Native American lands. The sensitive environ-
mental issues of the region and variety of interests and public entities 
involved in land management often results in heated debate about land 
use regulation. Many of the management issues require contextual soil 
information at a landscape scale (Nauman and Duniway, 2016), but 
there are still several areas that have not been mapped by the US Na-
tional Cooperative Soil Survey and existing surveys vary in spatial and 
thematic detail (Soil Survey Staff, 2019) 

2.2. Soil observations 

Soil depth is a key soil property as it influences plant and animal 
habitat (Belcher et al., 1995; Bernard-Verdier et al., 2012; Fuhlendorf 
and Smeins, 1998; Nussear et al., 2009). In this study, soil depth was 
defined as effective soil depth which is the distance from the soil surface 
to a soil horizon where the physical characteristics of the soil strongly 

inhibit root penetration. The assumption was made that the upper depth 
of the first horizon designated as having a root restricting layer was the 
effective depth of the soil. Root restricting horizons as designated by 
Schoeneberger et al. (2012) are those with a master R (bedrock) or any 
of the following subordinate designations (cemented (m), densic (d), 
fragic (x), paralithic (r)). 

Soil depth is a censored variable (Chen et al., 2019). That is, for some 
observations the depth of excavation stops before a physically root 
restricting horizon is encountered (i.e., excavation stopped at 150 cm 
even if the total soil depth is > 150 cm). This study converted soil depth 
into soil depth classes to mitigate the difficulty of censored data and 
because soil depth classes are often used in land management decision 
processes (e.g., in identifying vulnerable soils) as a fundamental aspect 
of land potential-based classification systems used by land and resource 
managers in the US (Ecological Sites; Duniway et al., 2010). Depth 
classes were defined as Bedrock (exposed bedrock outcrop), Very 
Shallow (<25 cm), Shallow (25–50 cm), Moderately Deep (50–100 cm), 
Deep (100–150 cm), and Very Deep (≥150 cm). 

Observations of soil depth classes were collated from multiple data 
sources including the NRCS National Soil Information System and Na-
tional Cooperative Soil Characterization Database (National Coopera-
tive Soil Survey, 2019), Forest Service Natural Resource Manager 
(https://www.fs.fed.us/nrm/) Inventory and Mapping database, and 
multiple independent research projects. Observational data were 
extensively cleaned to ensure that soil depth classes in each database 
matched the associated horizon data. Observations were not included in 
the analysis if they were not excavated to 150 cm and no other infor-
mation existed that indicated a possible root restricting layer. In addi-
tion to soil depth observations from point observations, observations of 
rock outcrop were hand digitized where rock outcrops were extremely 
obvious in aerial photos. Additional rock outcrop points were generated 
from the SSURGO spatial polygon-based database (Soil Survey Staff, 
2019) by selecting every map unit that was noted as a consociation and 
where the first component was designated as 100% rock outcrop. Within 
each selected map unit, a single bedrock location was then randomly 
chosen. This resulted in a total of 12,194 observations (including 919 
observations of rock outcrop derived from SSURGO and 70 observations 
derived from visual identification of rock outcrop in aerial photography) 
available for modeling. 

2.3. Training and validation datasets 

Observations from the Kellogg Soil Survey Lab in the study area 
(KSSL, n = 565) dataset were reserved as a separate validation dataset 
because an independent dataset is the gold standard for evaluating 
model performance (Brus et al., 2011). While not independent, the KSSL 
dataset is considered the highest quality soil dataset in the USA because 
of extensive review and represents the best approximation of an inde-
pendent validation dataset available for this research. However, we 
supplemented the KSSL dataset with 10% of the observations in each 
depth class from the available non-KSSL data for two practical reasons: 
1) the KSSL data did not contain any rock outcrop observations which 
would affect validation and uncertainty metrics, and 2) the KSSL data is 
a relatively small dataset in this study area and a larger validation 
dataset was valued to provide more robust accuracy metrics. This 
approach resulted in 10,470 training observations (86% of the entire 
dataset) and 1724 validation observations (14% of the entire dataset). 
The spatial distribution of training and test observations are shown on 
Fig. 1. All reported accuracy and uncertainty metrics were based on the 
validation dataset and not on cross validation. 

2.4. Covariates 

Fifty-seven covariates representing six of the seven SCORPAN factors 
(McBratney et al., 2003) were derived from a 30-m digital elevation 
model (DEM), satellite imagery, climate datasets, gamma 
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aeroradiometric datasets, and existing sedimentary deposit thickness 
maps, (Table 1). Covariates at resolutions > 30 m were resampled to 30- 
m resolution as needed using bilinear interpolation. All covariates 
derived from satellite imagery were derived from cloud free images over 
a 3-year time period (1/1/2006 to 12/31/2009) of Landsat 5 imagery 
from Google Earth Engine (Gorelick et al., 2017). 

Gridded estimates of sedimentary deposit thickness were obtained 
from Pelletier et al. (2016). Gridded estimates of annual temperature, 
precipitation, and the ratio of summer (June-September) to annual 
(precipitation ratio) were derived from the PRISM 2010 30-year normal 
dataset (PRISM Climate Group, 2010) and downscaled from 800-m 
resolution with cubic convolution to 30-m and used to capture pat-
terns in climate variables. Additionally, the 3-year median and standard 
deviation top of atmosphere brightness temperature (Chander et al., 
2009) were used as a proxy for land surface temperature and microcli-
mate. The 3-year median and standard deviation NDVI were used to 
capture spatial vegetation patterns as well as variability in vegetation 
patterns. 

Relative elevation (subtraction of neighborhood minimum from cell 
value) and relative mean elevation (subtraction of neighborhood mean 
from cell value) were calculated over neighborhood sizes of 2, 4, 8, 16, 
32, 64, and 128 pixel radii using a custom python script. Slope aspect 
was represented for all both cardinal (N-S, E-W) and both intercardinal 
(NW-SE, NE-SW) axes by taking the cosine of the cell aspect minus the 
axis of interest (e.g. southness = cosine[aspect-180]). All other terrain 
covariates were derived from a 30-m DEM of the project area in SAGA 
GIS (Conrad et al., 2015). Briefly, a 30-m DEM covering the project area 
was subset by individual HUC 6 watersheds (USDA-NRCS et al., 2019), 
terrain derivatives were calculated for each watershed, and then each 
terrain derivative was mosaicked back together to create seamless de-
rivatives across the study area. 

Variations in parent material were represented by Landsat 5 Tier 1 
median clay and ferrous indices (Boettinger et al., 2008) and a 
normalized band ratio of band 5 (short-wave IR) to band 1 (blue) which 
has been visually observed to highlight differences in sedimentary rock 
type. Aeroradiometric gamma uranium, thorium, potassium, and 
absorbed dose were also used to capture broad differences in parent 
material (Hill et al., 2009). 

2.5. Physiographic regions 

Three different physiographic-based land classifications were used to 
divide the study area into ecophysiographic regions: 1) USDA-NRCS 
Major Land Resource Areas (MLRA) (USDA-NRCS, 2006), 2) US Envi-
ronmental Protection Agency Ecoregion level III (Omernik and Griffith, 
2014), and 3) major landforms (Iwahashi et al., 2018). 

The MLRA (Fig. 2) are expert-defined divisions of the land area of the 
USA based on differences in physiography, geology, climate, water, 
soils, biological resources, and land use (Salley et al., 2016a) Level III 
Ecoregions (Fig. 2) are groupings of expert-defined ecosystems based on 
similarities in soils, physiography, vegetation, land use, geology, and 
hydrology from 1:7,500,000 scale maps (Omernik and Griffith, 2014). 
Because the overall study area was defined by the Colorado River Basin 
watershed above Lake Mead, the project area included narrow sections 
of several MLRA and Ecoregions around the study area periphery. This 
resulted in slivers of several MLRA and Ecoregions which had many 
fewer observations than the other regions that were completely within 
in the study area. To overcome this imbalance in the number of obser-
vations by MLRA/Ecoregion we combined some MLRA and Ecoregions 
(Table 2). The Central Nevada Basin and Range and Southern Nevada 
Basin and Range MLRAs were combined with the Great Salt Lake MLRA. 
The Arizona and NM Mountains MLRA was combined with the Colorado 
Plateau MLRA. The Southern Rocky Mountain Parks MLRA was joined 
with the Southern Rocky Mountains MLRA. The Arizona/New Mexico 
Mountains Ecoregion was combined with the Arizona/New Mexico 
Plateaus Ecoregion. 

Major landforms (Fig. 2) were derived from overview landform 
groups derived from a 280 m global DEM (Iwahashi et al., 2018). 
Because of the scarcity of the ‘plains’ group in the project area, the plains 
landform class was combined with the ‘Plateau, Terrace, and Large 
lowland slope’ class resulting in four broad landform categories 
(Table 1). 

2.6. Geographic areas 

The study area was also divided into geographic areas to test the 
effect of region definitions. As opposed to physiographic regions that 
attempt to delineate areas of ecosystem similarity, geographic regions 
are delineated based only on coordinates. These geographic regions 
were created by dividing the study area into a number of areas equal to 
the number of MLRA’s (n = 9), Ecoregions (n = 8), and landforms (n = 4) 
based solely on the criteria that regions should be approximately equal 
in size. The intent of this approach was to dilute any effect of con-
straining soil-covariate relationships by physiographic region. If 
modeling by physiographic area does constrain soil-covariate relation-
ships, then models fit by physiographic region should be more accurate 
than models fit by geographic area. Geographic areas were created using 
the sppcosa R package (Walvoort et al., 2010). 

2.7. Global, regional, and ensemble modeling strategy 

We initially assumed that including ecophysiographic regions as 
covariates would improve model accuracy as it would constrain soil- 
covariate relationships. A global model using all observations and all 
covariates (including the MLRA, Ecoregion, and Landform ecophysio-
graphic regions) was initially built and resulted in an accuracy of 62.8%. 
Physiographic regions were then removed as covariates from the global 
model but model accuracy remained 62.8%. We concluded that eco-
physiographic regions were either unimportant covariates or that the 
same information was captured by other covariates. This suggests the 
need to explicitly model by area rather than relying on covariates to 
capture inter-region variability. Subsequently our modeling approach 
followed Fig. 3. First the training observations were used to build a 
global model that covered the entire extent of the study area. Training 
observations were then split by region and used to tune each regional 

Table 1 
Covariates used for modeling effective soil depth. All covariates were at a 30-m 
resolution.  

SCORPAN 
factor 

Covariate 

Soil Sedimentary deposit thickness 
Climate Annual precipitation and temperature  

Brightness temperature 3-year median and standard deviation  
Precipitation ratio 

Organisms NDVI 3-year median and standard deviation 
Relief Convergence index and mass balance index  

Diurnal anisotropic heating  
Aspect: Eastness, Northwestness, Northeastness, Southness  
Elevation  
Longitudinal, tangential, compound, total, minimum, plan, profile 
curvatures  
Catchment and modified catchment area  
Multi-resolution valley bottom and ridge top flatness  
Positive openness and protection index  
Relative height (2, 4, 8, 16, 32, 64, & 128 cell radius)  
Relative mean height (1, 2, 8, 16, 32, 64, & 128 cell radius)  
Topographic and Saga wetness indices  
Slope and catchment slope  
Terrain surface convexity  
Topographic position and ruggedness indices 

Parent Material Clay and Ferrous normalized ratios  
γ absorbed dose  
γ potassium, thorium, and uranium  
Normalized ratio SWIR/blue  
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model. Random forests (RFs) were used for each model because they are 
relatively quick, easy to tune, and have been demonstrated to be among 
the more accurate available models for DSM (Brungard et al., 2015; 
Hengl et al., 2015). All models were tuned using 10-fold cross valida-
tion. The one-standard-error-rule (Hastie et al., 2001; Kuhn and John-
son, 2013), that is the tuning parameters that resulted in model accuracy 
within one standard error of the model with the absolute highest accu-
racy, was used to select the final model. This process was repeated for 

each physiographic region (MLRA, Ecoregion, and Landform) and 
geographic region. 

Regional modeling resulted in multiple models, one for each region. 
This required joining the models and/or predictions because only a 
single, most accurate, soil depth class prediction was desired. Initial 
results demonstrated that applying a regional model (e.g., Colorado 
Plateau MLRA) to other regions (e.g., Mojave Desert MLRA) resulted in a 
significant drop in accuracy (up to 15% decrease) and simply 

Fig. 2. Physiographic and geographic divisions of the study area. A. Major Land Resource Areas (MLRA’s) in the Upper Colorado River Basin. MLRA’s are expertly 
defined physiographic regions based on considering differences in physiography, geology, climate, water, soils, biological resources, and land use. B. Level III 
ecoregions in the Upper Colorado River Basin. Ecoregions are groupings of expert-defined ecosystems based on similarities in soils, physiography, vegetation, land 
use, geology, and hydrology from 1:7,500,000 scale maps. C. Broad landform classes created from a 280 m global DEM modified from Iwahashi et al. (2018). D. 
Geographic areas based on approximately equal area sizes; top = 9 areas, middle = 8 areas, bottom = 4 areas. 
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mosaicking the regional predictions resulted in boundary artifacts (re-
sults not shown). Thus, we employed an ensemble approach. The utility 
of ensemble modeling has been demonstrated by (Guevara et al., 2018; 
Malone et al., 2014; Ramcharan et al., 2018; Taghizadeh-Mehrjardi 
et al., 2019; Taghizadeh-mehrjardi et al., 2020a; Taghizadeh- 
Mehrjardi et al., 2020b). However, previous ensemble approaches 

have modeled continuous (e.g., pH, C) rather than categorical (e.g., soil 
depth class) data. Additionally, most available ensemble approaches 
such as caretEnsemble (Deane-Mayer and Knowles, 2019; Guevara et al., 
2018) define an ensemble as different forms of statistical models for the 
same dataset, rather than models that use different training data. 

Thus, we took the approach outlined in Fig. 3 to produce an 
ensemble of soil depth class predictions. First, each regional model was 
used to predict both the soil depth class and the probability of occur-
rence of each soil depth class across all regions. The maximum class 
probability at each cell was then found for each regional model pre-
diction and combined into a new raster stack termed the ‘max stack’. 
Subsequently the maximum value from this ‘max stack’ was again found, 
which resulted in a single raster layer where each cell represented the 
highest probability from any regional model. This was used to quantify 
prediction confidence, a surrogate measure of uncertainty, where higher 
values indicate that the regional ensemble models had higher predicted 
probabilities and were more ‘confident’ in their predictions. Final class 
predictions were made by stacking the class predictions from all models 
and choosing the class with the highest probability. This required a 
‘model identification’ raster which identified which regional model 
made the highest probability prediction at each cell. The ‘model iden-
tification’ raster also allowed insight into where each model contributed 
to the final class prediction and prediction confidence. 

The above approach was repeated twice; first using the regional 

Table 2 
Physiographic regions used for regional modeling.  

Major Land Resource Areas Ecoregion Major Landforms 

Great Salt Lake Area Central Basin & 
Range 

Bedrock mountain 

Mojave Desert Mojave Basin & 
Range 

Hills 

Cool Central Desertic 
Basins & Plateaus 

Middle Rockies Large highland slope 

Warm Central Desertic 
Basins & Plateaus 

Wyoming Basin Plateau, Terrace, Large 
lowland slope, and Plains 

Colorado Plateau Wasatch & Uinta 
Mountains 

Southwestern Plateaus 
Mesas & Foothills 

Colorado Plateaus  

Central Rocky Mountains Southern Rockies  
Wasatch & Uinta 

Mountains 
Arizona & New 
Mexico Plateau  

Southern Rocky Mountains    

Fig. 3. Regional and global modeling strategy. All observations from the study area were used to build a global model. The observations were then split by region and 
used to tune and validate regional models. Each regional model was then used to predict soil depth classes and the probability of occurance of soil depth classes across 
the entire UCRB. The maximum probability for each regional prediction was extracted from each probability stack and combined into a single probability stack. The 
maximum value was again found from this stack and used to quantify prediction confidence. The model that produced the highest probability was also identified and 
used to extract the class prediction with the highest probability from the regional class stack. 
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models only (which is termed the regional prediction ensemble), and 
secondly using the regional models plus the global model (which is 
termed the regional + global prediction ensemble). 

2.8. Model evaluation 

All models, including the global model, were evaluated by region. 
This was done by dividing the validation dataset into regionally-specific 
validation sub-datasets, one for each region. Each regional model was 
then evaluated with the corresponding regional evaluation dataset. The 
global model was also evaluated using each regionally-specific evalua-
tion dataset. This resulted in two evaluations for each region: a valida-
tion based solely on the regional model and an evaluation of the global 
model in that region. Regional ensemble models were evaluated in the 
same fashion as the individual regional models. 

Three metrics were used to evaluate model performance: overall 
accuracy, Shannon’s entropy (Kempen et al., 2009), and Brier scores 
(Brungard et al., 2015). Each metric was calculated from the validation 
observations. Overall accuracy evaluates classification accuracy but can 
mask nuances in per-class accuracy. Shannon’s entropy is a measure of 
model uncertainty (Hengl et al., 2017). Larger values indicate greater 
uncertainty. The Brier score is a ‘skill’ score and quantifies the ability of 
a model to predict the correct class with high confidence. A lower Brier 
score (range [0, 1]) indicates greater accuracy with higher confidence. 
For example, a model that predicts the correct class with a high prob-
ability (e.g., 90%) has a lower Brier score than a model that predicted 
the correct class with a lower probability (e.g., 51%). 

Regional and regional + global model ensembles were evaluated 
using the entire validation dataset. Only overall accuracy was calculated 
for ensemble predictions because Brier scores and entropy require the 
probability distribution for each class and the approach to model 
ensembling taken here preserved only the maximum probability values. 
We used this approach rather than other model ensemble approaches 
(Caubet et al., 2019; Guevara et al., 2018; Malone et al., 2014; 
Taghizadeh-Mehrjardi et al., 2019) because this study was modeling 
categorical rather than continuous soil properties, and because it was 
not clear how models trained in one region where physically different 
soil-covariate relationships were expected could be extended to a 
different region. 

Modeling by ecophysiographic region required splitting the training 
data into sub-datasets; one for each region. This introduced the possi-
bility that differences in model validation results between regions were a 
result of differences in training data structure and availability rather 
than fundamental differences in soil-landscape relationships between 
ecophysiographic regions. To test if differences in model validation 
metrics (accuracy, Brier scores, and entropy) were a result of differences 
in the distribution of training observations, rather than underlying 
fundamental soil-covariate relationships, we investigated the relation-
ship between model fit metrics and two metrics of training data avail-
ability and structure: 1) the density of training observations and 2) the 
imbalance ratio. The density of training observations was calculated as 
the number of observations divided by the total area (km2). Training 
observation density quantifies differences in the number of available 
training observations between region. Previous studies have indicated 
that the frequency distribution of training observations between classes 
influences predictive accuracy (Brungard et al., 2015; Taghizadeh- 
mehrjardi et al., 2020a; Taghizadeh-Mehrjardi et al., 2020b). The 
imbalance ratio (IR) is a simple measure that quantifies differences in 
the number of observations per class and is calculated as: 

IR = minclass/maxclass  

where minclass is the number of observations in the class with the fewest 
observations and maxclass is the number of observations in the class with 
the most observations. The imbalance ratio ranges between 0 and 1. A 
value of 1 indicates that all classes are perfectly balanced, while values 

closer to zero indicate that one class has more observations than the 
other classes. If model validation metrics were related to either the 
training observation density or the IR, then the conclusion would be that 
regional model validation metrics solely resulted from differences in 
training data availability and structure rather than fundamental soil- 
landscape differences in ecophysiographic regions 

All modeling and validation was performed using the Rstudio IDE (R 
Core Team, 2019; RStudio Team, 2018) and the following packages: 
caret (Kuhn, 2019); tidyverse (Wickham, 2017); raster (Hijmans, 2019); 
forcats (Wickham, 2019a); reshape2 (Wickham, 2007); measures 
(Probst, 2018); ggplot2 (Wickham, 2016); sp (Bivand et al., 2013); aqp 
(Beaudette et al., 2013); soilDB (Skovlin and Roecker, 2019); rgdal 
(Bivand et al., 2019); ggpubr (Kassambara, 2019), stringr (Wickham, 
2019b); rgeos (Bivand and Rundel, 2019); openxlsx (Schauberger and 
Walker, 2019), ggpubr (Kassambara, 2019), sf (Pebesma, 2018) and 
rnaturalearth (South, 2017a, 2017b), and Rcolorbrewer (Neuwirth, 
2014). All code for this research can be found at: https://github. 
com/ColbyBrungard/DSM_Regional_Modeling. 

3. Results 

Global model accuracy was 62.8%. Validation accuracies for the 
global model, the global model applied to each region, and the regional 
models are presented in Fig. 4. Three patterns in this figure are evident. 
First, important regional differences are masked when validation data 
from the global area is used to assess global model accuracy (compare 
circles to the dashed line). Secondly, the global model accuracy is 
approximately the mean accuracy of all regional models so that about 
half of the regional models are more accurate and about half of the 
regional models equal or are less accurate than the overall global model 
accuracy (compare triangles to the dashed line). Thirdly, the accuracy of 
regional models and the global model applied in each region are 
approximately equal, although there are notable exceptions such as the 
“Large highland slope” landform for which the global model was about 
10% more accurate than the regional model (compare the triangles to 
the circles). The general similarity in accuracy between the regional 
models and the global model in each region is perhaps unsurprising 
given that each regional model was constructed from a subset of the data 
used to train the global model. 

Brier scores are presented in Fig. 5. In general, regional models had 
slightly improved (i.e., lower) Brier scores than did the global models; 
eight of the nine MLRA models and all of the Ecoregion models had 
equal or better Brier scores compared to the global model applied to that 
region (compare triangles to circles). However, all Landform regional 
models had equal or worse (i.e., higher) Brier scores than global models. 
We are unsure exactly why regional models based on broad landform 
classes are less skilled than regional models from other ecophysio-
graphic classifications, but it is likely because dividing an area solely by 
landform neglects important factors such as climate, lithology, or age 
that help constrain soil-covariate relationships. 

Shannon’s entropy metrics are shown in Fig. 6. This figure reveals 
that in general the regional models predicted soil classes with less un-
certainty (lower entropy) than did the global model in each region. 
(compare circles to triangles). Additionally, the majority of MLRA and 
Ecoregion models had lower uncertainty than the overall global model 
(compare triangles to dashed line). However, similarly to the Brier 
scores, modeling by broad landform had equal or worse entropy than 
global models and we attribute this to the same reasons. 

No effect between the density of training observations on model 
accuracy, Brier scores, or entropy was detected (Fig. 7). Similarly, no 
consistent relationship between the imbalance ratio and model accu-
racy, Brier scores, or entropy was detected, except possibly for the 
regional Landform models (Fig. 7). 
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3.1. Physiographic and geographic models 

The mean accuracy, Brier scores, and entropy were approximately 
equal between physiographic and geographic regions regardless of the 
number of areas (Fig. 8). 

3.2. Regional model ensemble accuracy 

Ensembles of regional models that included the global model were 
slightly more accurate on average than ensembles of regional models 
only (Fig. 9). However, both regional ensembles and regional + global 

Fig. 4. Model accuracy of physiographic areas as assessed by a separate validation dataset. The red circles are the accuracy of the global model in each region. The 
blue triangles are the accuracy of each regional model. The dashed line is the overall global model accuracy. 

Fig. 5. Brier Scores for physiographic models. Brier scores indicate which model most often predicted the correct class with the highest probability. More confidence 
can be placed in the model that predicts the correct class with a higher probability than one that predicts the correct class with a lower probability. In this sense the 
Brier score is a ’skill’ score. A model with lower Brier score is more skilled at making the correct predictions. 

Fig. 6. Shannon’s entropy for physiographic models. Larger values indicate greater uncertainty. A value of zero indicates that one class was predicted with a 
probability of 1 and the other classes were predicted with a probability of 0. 
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ensembles were slightly less accurate on average than the global model. 
Full confusion matrices for the global and the regional + global 
ensemble models are presented in Appendix A. 

Average prediction confidence was approximately equal (0.60) for 
MLRA and Ecoregion regional + global ensemble predictions, while it 
was less (0.49) for the Landform regional + global ensemble predictions 
(Fig. 10). It is clear from Figs. 9–11 that while the Landform regional +
global ensemble predictions were slightly more accurate on average 
than the global model or the other ecoregional models, they also pro-
duced the predictions with highest uncertainty. The low model confi-
dence results because the regional Landform models had the highest 
entropy (Fig. 6) which is likely because these landforms classes occur 
across areas with different lithology and climates. 

3.3. Regional model ensemble predictions 

Spatial predictions of soil depth classes and associated prediction 
confidence are presented in Fig. 11. Differences in the spatial patterns of 
soil depth class predictions are relatively minor between regional model 
types, although the ecoregion ensemble model predicted a greater 
spatial extent of moderately deep soils and the landform ensemble 
model predicted a greater spatial extent of very deep soils compared to 
the MLRA ensemble. 

Regional model identifications are presented in Fig. 12 and show the 
location where each regional model was used to make the final ensemble 
prediction. The key point from this figure is that individual regional 
models contributed to predictions outside of the region in which the 
model was trained. 

Fig. 7. Training observation density (A) and imbalance ratio (B) plotted against accuracy, Brier scores, and entropy for regional models. The imbalance ratio 
measures the distribution of observations between classes. An imbalance ratio of 1 indicates that the number of observations between all classes are equal. Points in 
the plots are the values from the regional models. Note that several ecoregions with training area density > 0.05 observations per km2 were removed for visual 
clarity, but this did not affect the overall conclusion that no consistent relationship was evident. No consistent relationship is evident suggesting that training data 
availability and structure did not affect model performance. 

Fig. 8. Comparison of physiographic vs. geographic divisions. Mean and standard deviation of accuracy, Brier scores, and entropy averaged over all physiographic 
and geographic regions. The x-axis is the number of geographic and physiographic regions (MLRA = 9, Ecoregion = 8, Landform = 4). The dashed lines are the 
corresponding metrics of the global model. 
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4. Discussion 

4.1. Regional variation in accuracy and uncertainty metrics 

We discovered useful inter-regional differences in global model ac-
curacy and uncertainty metrics when the global model was assessed 
using validation data from individual regions (Fig. 4). While the overall 
accuracy of the global model was approximately the mean of the global 
model in each region, in some regions the accuracy of the global model 
was actually much higher (e.g., Central Rocky Mountains MLRA) or 
lower (e.g., Southern Rocky Mountains MLRA) than validation of the 
global model suggested. This finding is also supported by the Brier and 
entropy scores (Fig. 5 and Fig. 6) where some of the regions had much 
different metrics than the overall global model would suggest. These 
findings highlight the importance of validating (or at least cross- 
validating) models by region as suggested by Brenning (2012); Meyer 
et al. (2018); and Schratz et al. (2019). Validating models by region has 
several practical implications for digital soil mapping; primarily the 
identification of regions with low model accuracy in which additional 
resources and effort (field sampling, additional covariates, additional 
modeling efforts) could be preferentially allocated to improve predictive 
accuracy. 

The generally small accuracy differences between the regional 
models and the global model could result from the specific model used. 
Random forests recursively partitions feature space into homogenous 
areas and it could be that other model types that fit different (e.g., 
curvilinear) relationships could result in greater differences between 
regional and global models. 

4.2. Effect of data distribution 

We found that the density of training observations was not predictive 
of model accuracy or uncertainty (Fig. 7 A) and we interpret these re-
sults to indicate that inter-regional differences in accuracy are a result of 
differences in the strength of soil-covariate relationships because of 
inherent pedodiversity (Guo et al., 2003). Similarly, recent soil property 
mapping work in the same study area found a surprisingly low spatial 
correspondence between model uncertainty and observation density 
(Nauman and Duniway, 2020). Also, Guevara et al., (2018) found that 

Fig. 9. Regional ensemble prediction accuracy. Regional ensembles were 
created by selecting the class prediction from the regional model with the 
highest class probability at each cell. Regional + global models included the 
global model with the regional models. The dashed line is the global 
model accuracy. 

Fig. 10. Prediction confidence average and standard deviation values for 
regional + global ensemble predictions. Confidence values calculated from 
validation observations. Lower values indicate lower values of predicted class 
probability values which are more uncertain. 

Fig. 11. Soil depth class predictions (left) and associated prediction confidence (right). A. Global model only. B. MLRA regional + global model. C. Ecoregion 
regional + global model. D. Landform regional + global model. Prediction confidence is derived from the maximum probability value at each cell from any of the 
regional or the global models. Higher prediction confidence indicates less uncertainty in the class predictions. 
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countries with large areas (e.g., Brazil, Mexico) - and presumably greater 
pedodiversity - had lower model performance despite the larger data 
density. These findings may contextualize the results of Somarathna 
et al. (2017) who found that increasing the number of observations 
resulted in a more accurate model, regardless of the specific model 
tested. Their study was conducted within a single physiographic region 
and it is likely that increasing the number of observations in a single 
region is likely to result in a better model, but the number of observa-
tions in a region is not the sole influence on model accuracy. However, 
we temper this interpretation with the acknowledgement that the 
observed differences in accuracy and uncertainty metrics between re-
gions could also be due to bias in the geographical and feature-space 
distribution of observations inherent in the datasets that were used. 

Additionally, we found that the imbalance ratio was not predictive of 
model accuracy or uncertainty metrics (Fig. 7 B). This is also surprising 
as class imbalance has been found to affect model accuracy (Brungard 
et al., 2015; Taghizadeh-mehrjardi et al., 2020a; Taghizadeh-Mehrjardi 
et al., 2020b). However, previous investigations into class imbalance 
was found when modeling taxonomic classes rather than soil property 
classes (i.e., soil depth classes) and it is possible that taxonomic classes 
have weaker covariate correlations thus possibly contributing to the 
relative importance of data distribution on soil taxonomic class 
modeling. 

4.3. Physiographic vs. geographic areas 

Is there a fundamental modeling domain over which DSM should be 
applied? The mean accuracy, Brier scores, and entropy were approxi-
mately equal between physiographic and geographic regions regardless 
of the number of areas in this study (Fig. 8). This suggests that our choice 
of physiographic region to constrain soil-covariate relationships may 
still be too large in extent because just dividing the region into 
geographic areas (which should dilute any soil-covariate relationships) 
results in approximately the same model metrics. It is possible that had 
physiographic regions been smaller in geographic space or had they 
been defined specifically to constrain soil-landscape relationships that 
larger differences between physiographic and geographic regions may 
have been found. 

We conjecture that soil systems (also termed soil landscapes, or 
soilscapes) are likely candidates for defining fundamental modeling 
domains (Hewitt et al., 2010; Hole, 1978; Lagacherie et al., 2001; 
Schmidt et al., 2010). Soil systems are areas with repeating sequences of 
soils and conceptually could provide a needed connection between an 

explicit pedological understanding of the landscape and DSM tech-
niques. We do caution here that establishing modeling domains solely by 
broadly defined landforms may be insufficient, but one potential way 
forward would be to model within a nested hierarchy (Salley et al., 
2016b) such as modeling by landforms within an ecophysiographic 
region. 

4.4. Ensembles of regional models 

Any attempt at modeling multiple spatial regions at a local, regional, 
or global extents (e.g., FAO and ITPS, 2017) must eventually consider 
the necessity of seamlessly joining predictions. Although regional 
ensemble model accuracies were approximately the same as the global 
model (Fig. 9), we feel that continued investigation into regional 
modeling is warranted because ensembles of regional models consis-
tently resulted in lower uncertainty than the global model (Fig. 10 & 
Fig. 11). Individual regional models (Fig. 5 and Fig. 6) also demonstrate 
that regional models made predictions with lower uncertainty than did 
global models, even if the accuracy between the regional and global 
models was approximately equal. When entropy of the regional models 
(Fig. 6) is compared with the corresponding Brier scores (Fig. 5) it is 
clear that, in general, regional models are equal to or more skilled than 
global models at making the right prediction (if only slightly) and make 
less uncertain predictions than do global models in each region. This 
same pattern is also evident in the regional ensemble models, which had 
higher prediction confidence than did the global model (Fig. 11). 

We attribute the reduction in ensemble prediction accuracy 
compared to the global model accuracy to our specific methodological 
approach (Fig. 3). Several methods exist for merging predictions of 
different types of models from the same area (Malone et al., 2014; 
Román Dobarco et al., 2017; Caubet et al., 2019), but no method exists 
for joining models created in different areas. While it is likely that model 
averaging could potentially be used for continuous soil properties (e.g., 
pH, carbon), a different method is required for soil classes. We 
attempted several approaches including mosaicking regional predictions 
and joining the individual models into one ‘supramodel’, but found that 
these produced boundary artifacts or were very inaccurate (results not 
shown). Instead, we developed a regional modeling strategy that relied 
on the predicted probability raster stacks from each model. While 
conceptually simple, this approach had several limitations including 
high computational demands and the lack of a full probability distri-
bution for each class in each cell. Instead, recent developments in 
Bayesian soil class data fusion could potentially be used which would 

Fig. 12. Regional model identification from regional + global models. Each color corresponds to the regional (or global) model that made the prediction at each cell. 
Lines on MLRA (A) and Ecoregion (B) are the specific regions. Landform regions (C) are not shown for visual clarity. The specific colors match the colors of the region 
which made the prediction (Fig. 2). Note that rasters were resampled to 1 km for visual clarity, but this did not significantly change the pattern at this scale. The key 
point from this analysis is that individual regional models often contributed to predictions outside of the region in which the model was trained. 
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preserve the probabilities for each class (Rasaei and Bogaert, 2019). 
It was surprising that models developed for one region often pre-

dicted the most probable class in areas far outside of the region in which 
each model was trained (Fig. 12). For example, predictions from the 
Southern Rocky Mountains MLRA produced predictions for large areas 
outside of the region but relatively small areas inside that specific region 
(Fig. 12A). We did not detect a consistent pattern in these results and 
cannot definitively infer why models trained in one region would make 
the highest predictions in other areas, but attribute this to the method of 
joining regional models and conclude that different methods of regional 
model ensembles are likely needed. 

Overall, the utility of regional modeling appears to depend upon the 
method used to fuse predictions. We clearly acknowledge that better 
methods for fusing regional model predictions are needed, but we 
believe there is value in regional modeling; particularly because it ap-
pears to reduce uncertainty which has implications for the ultimate use 
of the soil spatial information in environmental modeling and moni-
toring (Carré et al., 2007; Nauman et al., 2019). 

5. Conclusions 

We explored the benefits and limitations of modeling effective soil 
depth classes by physiographic regions. We compared the accuracy, 
Brier scores, and entropy of regional models built with training data 
from specific physiographic regions to a single ‘global’ model that was 
built using all available observations. We also compared regional models 
to models built by geographic (rather than physiographic) areas and 
ensembles of regional and global models. Overall, soil depth class pre-
dictions made from ensembles of MLRA models has higher accuracy 
than the ecoregion ensemble model prediction but lower uncertainty 
than both the global model and the landform ensemble model 
predictions. 

Specific findings include:  

1. Useful inter-regional differences in global model accuracy were 
revealed when the global model was validated by region. We 
recommend validating (or at least cross-validating) models by re-
gion. Understanding how model accuracy and uncertainty metrics 
change by physiographic region has practical implications for digital 
soil mapping such as identifying where additional resources and 
effort could be preferentially allocated.  

2. Regional model accuracy and uncertainty metrics did not seem to be 
affected by data availability or structure (density or imbalance ratio), 
suggesting that differences in regional model performance were 
driven by differences in underlying soil-covariate relationships.  

3. No meaningful difference in accuracy and uncertainty metrics was 
found between physiographic versus geographic divisions. This may 
have been because of the size and definition of the regions as well as 
inherent pedodiversity. We tentatively suggest soil systems (also 
termed soilscapes) be used to define fundamental modeling domains. 

4. Ensembles of regionally-specific models were approximately as ac-
curate as global models, which we attribute to the particular meth-
odology used to construct the regional ensembles. Other methods of 
data fusion could have increased model accuracy relative to the 
global model.  

5. Both region-specific models and ensembles of region-specific models 
resulted in less uncertainty than the global model. 

In conclusion, we find that modeling by region has promise for DSM 
and recommend further investigation into regional modeling because it 
appears to decrease prediction uncertainty as well as to provide insight 
into variation in accuracy and uncertainty. We suggest that perhaps too 
little attention has been placed on study area selection. This seemingly 
innocuous decision usually made at the beginning of a DSM project is 
important because it determines the modeling domain. We suggest that 
an appropriate modeling domain might be a soil system. At the very 
least, we suggest that DSM be performed by ecophysiographic region 
rather than by an arbitrarily or politically defined project area. 
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Appendix A. : Confusion Matrices 

Table A1. Global model confusion matrix.   

Reference  
Prediction BR VS S MD D VD User’s Accuracy 

BR 68 12 9 4 2 6  0.67 
VS 7 46 22 14 5 10  0.44 
S 8 37 86 26 6 27  0.45 
MD 3 7 30 79 22 36  0.45 
D 1 1 3 14 76 19  0.67 
VD 12 19 80 119 79 729  0.70 
Producer’s Accuracy 0.69 0.38 0.37 0.31 0.40 0.88   

Table A2. Global model per-class sensitivity, specificity, and balanced accuracy. Sensitivity is the true positive rate (observations of that class that were correctly 
classified as belonging to that class). Sensitivity is the true negative rate (observations not in that class that were correctly classified as not belonging to that class). 
Balanced accuracy is the average of sensitivity and specificity. 
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BR VS S MD D VD 

Sensitivity  0.69  0.38  0.37  0.31  0.40  0.88 
Specificity  0.98  0.96  0.93  0.93  0.98  0.66 
Balanced Accuracy  0.83  0.67  0.65  0.62  0.69  0.77  

Table A3. MLRA regional + global prediction ensemble confusion matrix.   

Reference  
Prediction BR VS S MD D VD User’s Accuracy 

BR 72 16 12 6 3 19  0.56 
VS 1 39 26 13 4 5  0.44 
S 12 35 88 32 5 36  0.42 
MD 0 5 28 68 17 17  0.50 
D 2 1 5 11 80 23  0.66 
VD 12 25 69 123 81 721  0.70 
Producer’s Accuracy 0.73 0.32 0.39 0.27 0.42 0.88   

Table A4. MLRA regional + global prediction ensemble per-class sensitivity, specificity, and balanced accuracy. Sensitivity is the true positive rate (observations 
of that class that were correctly classified as belonging to that class). Specificity is the true negative rate (observations not in that class that were correctly 
classified as not belonging to that class). Balanced accuracy is the average of sensitivity and specificity.   

BR VS S MD D VD 

Sensitivity  0.73  0.32  0.39  0.27  0.42  0.88 
Specificity  0.97  0.97  0.92  0.95  0.97  0.65 
Balanced Accuracy  0.85  0.65  0.65  0.61  0.70  0.77  

Table A5. Ecoregion regional + global prediction ensemble confusion matrix   

Reference  
Prediction BR VS S MD D VD User’s Accuracy 

BR 62 6 8 4 2 9  0.68 
VS 0 46 20 17 4 11  0.47 
S 12 38 99 37 9 53  0.40 
MD 0 5 28 62 19 9  0.50 
D 8 2 11 13 84 58  0.48 
VD 17 24 62 120 72 681  0.70 
Producer’s Accuracy 0.63 0.38 0.43 0.25 0.44 0.83   

Table A6. Ecoregion regional + global prediction ensemble per-class sensitivity, specificity, and balanced accuracy. Sensitivity is the true positive rate (ob-
servations of that class that were correctly classified as belonging to that class). Specificity is the true negative rate (observations not in that class that were 
correctly classified as not belonging to that class). Balanced accuracy is the average of sensitivity and specificity.   

BR VS S MD D VD 

Sensitivity  0.63  0.38  0.43  0.25  0.44  0.83 
Specificity  0.98  0.97  0.90  0.96  0.94  0.67 
Balanced Accuracy  0.80  0.67  0.67  0.60  0.69  0.75  

Table A7. Landform regional + global prediction ensemble confusion matrix  

Prediction Reference BR VS S MD D VD User’s Accuracy 

BR 65 11 8 4 3 7  0.66 
VS 2 46 16 12 4 8  0.52 
S 10 33 93 29 6 23  0.48 
MD 1 4 23 80 19 28  0.52 
D 1 1 5 12 77 24  0.64 
VD 20 26 83 116 81 731  0.69 
Producer’s Accuracy 0.66 0.38 0.41 0.32 0.41 0.89   

Table A8. Landform regional + global prediction ensemble per-class sensitivity, specificity, and balanced accuracy. Sensitivity is the true positive rate (ob-
servations of that class that were correctly classified as belonging to that class). Specificity is the true negative rate (observations not in that class that were 
correctly classified as not belonging to that class). Balanced accuracy is the average of sensitivity and specificity.   

BR VS S MD D VD 

Sensitivity  0.66  0.38  0.41  0.32  0.41  0.89 
Specificity  0.98  0.97  0.93  0.95  0.97  0.63 
Balanced Accuracy  0.82  0.68  0.67  0.63  0.69  0.76  
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