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Soil nitrogen (N) is an important driver of plant productivity and ecosystem
functioning; consequently, it is critical to understand its spatial variability
from local-to-global scales. Here, we provide a quantitative assessment of the
three-dimensional spatial distribution of soil N across the United States
(CONUYS) using a digital soil mapping approach. We used a random forest-
regression kriging algorithm to predict soil N concentrations and associated
uncertainty across six soil depths (0-5, 5-15, 15-30, 30-60, 60-100, and 100-
200 cm) at 5-km spatial grids. Across CONUS, there is a strong spatial depen-
dence of soil N, where soil N concentrations decrease but uncertainty increases
with soil depth. Soil N was higher in Pacific Northwest, Northeast, and Great
Lakes National Ecological Observatory Network (NEON) ecoclimatic domains.
Model uncertainty was higher in Atlantic Neotropical, Southern Rockies/
Colorado Plateau, and Southeast NEON domains. We also compared our soil
N predictions with satellite-derived gross primary production and forest bio-
mass from the National Biomass and Carbon Dataset. Finally, we used uncer-
tainty information to propose optimized locations for designing future soil
surveys and found that the Atlantic Neotropical, Pacific Northwest, Pacific
Southwest, and Appalachian/Cumberland Plateau NEON domains may
require larger survey efforts. We highlight the need to increase knowledge of
biophysical factors regulating soil processes at deeper depths to better charac-
terize the three-dimensional space of soils. Our results provide a national
benchmark regarding the spatial variability and uncertainty of soil N and
reveal areas in need of a better representation.
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INTRODUCTION

Soil nutrients are influenced by several biophysical factors,
resulting in a heterogeneous distribution across landscapes
and within the soil profile (Bartholomew & Clark, 1965).
More specifically, soil nitrogen (N) has characteristically
high spatial variability because of extrinsic (e.g., land use
and land management) and intrinsic factors (e.g., soil type,
parent material, and climate) (Gao et al., 2019). Although
spatial variability of soil properties is difficult to observe
directly, it influences the potential uses of soil resources,
making it imperative to quantify (Campbell, 1979). Recent
studies have used various statistical modeling techniques to
map the spatial distribution of soil properties or character-
istics across different scales (Adhikari et al., 2014; Malone
et al., 2009; Ramcharan et al., 2018). These have been
excellent efforts, but there is a need to include information
from deeper depths, include uncertainty estimates to better
interpret the results, and use this information to identify
gaps in the spatial information (Stell et al., 2021). We advo-
cate to continue improving soil monitoring and mapping
efforts to better represent the lateral and vertical spatial dis-
tribution of soil properties including soil N.

Understanding the spatial distribution of soil proper-
ties (e.g., soil N) and their relationship with depth is
important because variability extends across latitude, lon-
gitude, and depth (Poggio & Gimona, 2014). However,
most measurement efforts are driven by shallow soil sur-
veys or shallow installation of sensors that often focus on
the topsoil (0-30 cm) and that are limited in range due to
cost and accessibility (Burton et al., 2020). Looking deeper
into the soil and measuring soil properties at deeper
depths (e.g., >30 cm depth) is important to test expected
functional relationships, such as the effects of soil mois-
ture, temperature, or precipitation on distribution, that
have been usually established using shallow measure-
ments (LeBauer & Treseder, 2008; Vargas et al., 2010).

Upscaling in situ soil measurements is a research area
of ongoing development (Wadoux & McBratney, 2021).
Traditionally, it has been done using polygon-based
approaches where equal values are given to defined cate-
gories, such as soil types (Cheng et al., 2019), or by param-
eterizing process-based models to predict soil N across
space and time (Grunwald, 2009). Spatial modeling could
offer insight into trends, how changes in climate, environ-
mental contaminants, and land management can alter
soil properties by utilizing measurements from monitor-
ing networks (Kimsey et al., 2020). However, these efforts
have usually missed facets such as depth, uncertainty esti-
mates, and information about ecological or functional
relationships (Villarreal & Vargas, 2021).

Digital soil mapping (DSM) is a computer-assisted
approach to upscale and produce maps of soil attributes

(Zeraatpisheh et al., 2017). An added value of this approach
is the growing capability of new approaches to produce
uncertainty estimates along with predictions (Guevara
et al., 2020). For example, model prediction error provides
information about the difference between observed data
and model outputs (Malone et al, 2011; Shrestha &
Solomatine, 2006). Previous studies have predicted soil C
or N at fine spatial scales (Chaney et al., 2016; Morellos
et al., 2016; Ramcharan et al., 2018), but they did not pro-
vide spatially explicit uncertainty estimates. Other regional
studies found that uncertainty is lower in areas with more
site-specific data than areas with less data (Kidd et al.,
2015; Stell et al., 2021). That said, it has been highlighted
the need to account for uncertainty estimates about soil N-
related variables (Heuvelink, 2018) to improve the interpre-
tations of soil variability patterns. Reporting of uncertainty
estimates is integral for transparency, assessing model out-
puts, and providing insights for monitoring network
design, but is a practice that has not been consistently per-
formed in local-to-global estimates. Specifically, we argue
that information of uncertainty provides insights for
improvement of monitoring network designs as has
been explored in previous studies (Hargrove et al., 2003;
Villarreal et al., 2018; Yang et al., 2008).

While spatial predictions (e.g., upscaling) of soil prop-
erties are value-added products from local or national
inventories, it is important to connect these predictions to
ecological processes and identify functional relationships
(LeBauer & Treseder, 2008). For example, it is needed to
test how these value-added products relate with ecological
fluxes and pools such as gross primary productivity (GPP)
or biomass. Stand-level studies have found canopy struc-
ture is optimized for N and water supply allocation
(Peltoniemi et al., 2012). However, complexities such as
environmental conditions, site fertility, and plant traits
complicate interpretations of such studies at different spa-
tial scales (Tian et al., 2021). Ecosystem level studies
found that forests with high GPP exhibited high net eco-
system production (NEP) only in nutrient-rich forests,
while nutrient-poor forests had higher ecosystem respira-
tion rates and consequently lower NEP (Fernandez-
Martinez et al., 2014). However, at large spatial scales the
distribution of soil nutrients has been found to affect the
distribution and productivity of plants in different ecosys-
tems (Garcia-Palacios et al., 2012; Mou et al., 1995;
Robertson et al., 1988). We postulate that these expected
relationships should be tested across different spatial
scales and use information derived from different soil
depths (not just surface information, e.g., <10 cm depth)
to evaluate the generality of previous observations and
the applicability of value-added products.

The overarching goal of the present work is to provide
quantitative information of the spatial distribution
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(at 5-km spatial grids) of total soil N (percent by weight
of organic and inorganic N in an oven-dried sample)
from the International Soil Carbon Network (ISCN; Nave
et al., 2016) and associated uncertainties across the
conterminous United States (CONUS). We developed
a machine learning framework based on DSM to
predict soil N and associated uncertainties in a three-
dimensional space (i.e., latitude, longitude, and six soil
depths). We postulate that uncertainties in soil N predic-
tions will increase with soil depth as less information
(i.e., soil N data from surveys) is available for training
model estimates. Furthermore, we assess the relationship
between soil N at each predicted depth (x, y, and z) with
GPP information from NASA’s Moderate Resolution
Imaging Spectroradiometer (MODIS) and biomass infor-
mation from the National Biomass and Carbon Dataset
(NBCD) for the year 2000 to identify potential functional
relationships across CONUS. We expect to see positive
relationships between soil N with GPP and biomass at
surface depths (0-30 cm), but higher uncertainty of soil
N predictions could influence these expected relation-
ships. Lastly, we use information from uncertainty esti-
mates to identify locations to optimize future potential
soil surveys with different sampling sizes (from 500 to
6000 samples) across CONUS. The novelty of this study
includes a value-added product (i.e., a raster dataset)

Environmental Covariates
and Terrain Analysis

T

describing the spatial variability of soil N and model pre-
diction uncertainty, as well as spatial information about
GPP, and biomass. This study provides information use-
ful for modeling benchmarks, characterization of how
the spatial distribution of soil N relates to other ecological
processes, and insights for future soil surveys across
CONUS.

METHODS

This study is focused within CONUS and is comprised of
three main tasks: (Task 1) developing a DSM framework
to predict the spatial variability and uncertainty estimates
of soil N; (Task 2) exploring spatial correlations between
soil N with GPP and biomass; and (Task 3) identifying
optimized locations for future soil surveys based on infor-
mation of uncertainty derived from Task 1. We used the
17 National Ecological Observatory Network (NEON)
ecoclimatic domains within the CONUS to analyze the
data and summarize our results.

Our framework is based on data compiled by the ISCN
(Nave et al., 2016) (years 1944-2014), which is a database
with 19,292 observations for soil N (percent by weight in
an oven-dried sample) at different soil horizon-based
depths (Figure 1). We also compiled 21 environmental
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Flow diagram of the methodological steps that we used to predict soil N spatial variability, associated uncertainty, and



Accepted Manuscript

40f16 |

Version of record at: https://doi.org/10.1002/ecs2.4170

SMITH ET AL.

covariates that are important for predicting the spatial vari-
ability of soil N (Scull et al., 2003). The covariates are
enhanced vegetation index (EVI), geological ages, mean
soil moisture, mean accumulated precipitation, mean
annual temperature, 5-km digital elevation model (DEM),
evapotranspiration, analytical hillshading, slope, aspect,
cross-sectional curvature, longitudinal curvature, conver-
gence index, closed depression, flow accumulation, topo-
graphic wetness index, slope length and steepness
(LS) factor, channel network base level, vertical distance to
channel network, valley depth, and relative slope position.
Our analyses are summarized using the 17 ecoclimatic
domains defined by NEON across the CONUS. We used
this network to summarize our findings because each
NEON domain represents a region with similar vegetation,
climate, and ecosystem functions across the United States
(Keller et al., 2008). We discuss details of our framework in
the following sections.

Environmental covariates and
ancillary data

We harmonized the database of the 21 environmental
covariates into a 5 x 5 km regular grid. Climatic covariates
such as mean annual temperature and mean annual accu-
mulated precipitation were obtained from climate surfaces
for global land areas (Hijmans et al., 2005). Covariates
derived from remote sensing such as a DEM, geological
ages, and EVI were obtained from SoilGridslkm (Hengl
et al., 2014). Additionally, we used long-term (1991-2013)
gridded averages of evapotranspiration (Mu et al., 2011; 10.
1016/j.rse.2011.02.019) and soil moisture (Guevara & Var-
gas, 2019; 10.4211/hs.b8f6eae9d89241cf8b5904033460af61).
We derive primary and secondary topographic attributes
(analytical hillshading, slope, aspect, cross-sectional curva-
ture, longitudinal curvature, convergence index, closed
depressions, flow accumulation, topographic wetness
index, LS factor, channel network base level, vertical dis-
tance to channel network, valley depth, and relative slope
position) from DEMs following a standardized approach
(Conrad et al., 2015). Information from topographic attri-
butes allowed us to explore the spatial distribution of soil N
and generate a general depth-wise pattern of soil N vari-
ability using open-source tools for quantitative pedology
(Beaudette et al., 2013).

We compiled ancillary information to test for spatial
relationships between soil N and GPP or biomass. Daily
GPP values were obtained from NASA’s MODIS Version
6 GPP product MOD17A2H (Running et al., 2004), and
we calculated the long-term annual average (2000-2012)
for GPP. Total aboveground, live, dry biomass was
obtained from the NBCD 2000 (Kellndorfer et al., 2013).

Data from the NBCD were originally reported in metric
tons per cell and summarized within 66 USDA Forest
Service Forest Inventory and Analysis map zones. We
used the aggregate and mosaic functions in the R raster
package (Hijmans et al., 2017) to create a cohesive layer
to compare across all soil N depths.

Modeling framework and data analysis

A graphical framework for all the analyses conducted using
the ISCN observations with the 21 environmental
covariates is presented in Figure 2. We used random forests
and regression kriging to derive spatial predictions by
applying basic geostatistics to model residuals (Hengl et al.,
2004). We used the fit.gstatModel function of the R package
GSIF (Hengl et al., 2017) to fit a three-dimensional (lati-
tude, longitude, and depth) empirical framework using
equal area splines (Bishop et al., 1999; Malone et al., 2009).
This approach allowed us to estimate the values of soil N
at each one of the six selected depths (0-5, 5-15, 15-30,
30-60, 60-100, and 100-200 cm). The selected depths are
standardized depths suggested by the GlobalSoilMap.net
consortium (Sanchez et al., 2009). Using recursive feature
elimination, a variable reduction technique (Kuhn, 2008),
we determined relevant environmental covariates across
the full soil profile and at each depth.

In addition to predicting soil N at six depths, we
accessed the model prediction error (described as uncer-
tainty) of these predictions using random forests follow-
ing a previous approach (Meinshausen, 2006). Briefly, in
regression kriging the prediction error represents the dis-
tance between new point locations and the center of the
feature space (Hengl & Toomanian, 2006). For this study,
we interpret model prediction error to quantify uncer-
tainty (Malone et al., 2011; Shrestha & Solomatine, 2006).
Sources of uncertainty can include errors in the training
data, structural error, and randomness of the system
modeled (Jansen, 1998).

Cross-validation is a technique for evaluating the
accuracy of predictive models (Chen et al., 2021). We
used k-fold validation with k = 10 to evaluate our model
because a larger k results in less bias of the technique
(Kuhn & Johnson, 2013). To evaluate the performance of
our framework, we used 10-fold cross-validation to derive
evaluation metrics such as the explained variance (coeffi-
cient of determination), mean absolute error (MAE), and
the root mean square error (RMSE). Finally, we identi-
fied areas of over and under predicting of soil N by calcu-
lating residuals of the model output with respect to the in
situ values from the ISCN for each depth.

We tested the spatial dependency of the predicted soil N
per depth in each NEON domain using the autofitVariogram
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FIGURE 2
training data for the model.

function in R package automap (Hiemstra et al., 2009).
Descriptive statistics such as mean, SD of predicted soil N
and model prediction error, and the ratio of mean predicted
values to model prediction error were calculated for compar-
ison between soil depths. In addition, we explored linear
relationships between soil N and GPP or biomass across
5-km grids per depth in each NEON domain (Task 2).

Finally, we used information from our uncertainty
estimates of soil N to optimize potential sample loca-
tions (Task 3, i.e., inform potential soil surveys). Our
premise was that information about uncertainty can be
used to optimize future sample locations with the goal
of reducing uncertainty in future modeling predictions
(Chu et al., 2014; Malone et al., 2019; Stell et al., 2021).
A conditioned Latin hypercube sampling analysis
(cLHS) was executed using the clhs R package (Roudier,
2011) to determine any change in distribution of ancil-
lary data with increased sample points. Previous studies
have used a similar approach for identifying locations to
optimize environmental monitoring efforts (McKay
et al., 1979; Stell et al., 2021; Villarreal et al., 2019). We
performed the cLHS analysis to identify locations with
sample sizes of 500, 1000, 3000, and 6000 points. The
rationale behind these sample sizes is that the Rapid
Carbon Assessment included about 6000 randomly
selected locations (Soil Survey Staff and Loecke, 2016),
the National Forest Inventory included about 3000 loca-
tions for soil samples (Domke et al., 2017), and the last
two simply represent examples of substantially smaller
sample sizes. All analyses were performed using R
Studio (RStudio Team, 2021).

Longitude

International Soil Carbon Network sample points within the conterminous United States. These points were used as

RESULTS
The ISCN dataset

The spatial distribution of the available ISCN dataset was
disproportionately spread across depths in CONUS (Figure
2) with majority samples located in depth 0-5 cm. The sta-
tistical distribution of the dataset was right skewed (skew-
ness: 5.03; kurtosis: 34.23), and most of the soil N values
were between 0% and 0.15% by weight in an oven-dried
sample. Available measurements of soil N from the ISCN
decreased with soil depth: 0-5 cm (n = 13,945), 5-15 cm
(n = 1850), 15-30 cm (n = 1778), 30-60 cm (n = 1247),
60-100 cm (n = 311), and 100-200 cm (n = 161). Simi-
larly, the mean soil N from the ISCN dataset decreased
with soil depth: 0-5 cm (0.35%), 5-15cm (0.21%),
15-30 cm (0.13%), 30-60 cm (0.12%), 60-100 cm (0.09%),
and 100-200 cm (0.06%).

Environmental covariates

We performed a recursive elimination analysis to deter-
mine the relevance of environmental covariates at each
depth. Results from the full soil profile (0-200 cm) rev-
ealed that mean evapotranspiration, EVI, geological ages,
mean accumulated precipitation, and mean annual tem-
perature were the top 5 out of 11 predictors chosen.
Other relevant predictors across the full profile were
mean soil moisture, DEM, topographic wetness index, LS
factor, channel network base level, vertical distance to



Accepted Manuscript

60f16 |

Version of record at: https://doi.org/10.1002/ecs2.4170

SMITH ET AL.

channel, and vertical distance to channel network. The
relevance of environmental covariates was the same
across each soil depth. Analytical hillshading, aspect,
channel network base level, closed depression, and con-
vergence index were the top five predictors chosen across
all depth intervals.

Modeling soil N

A 10-fold cross-validation showed that the average
explained variance was 40%, the average RMSE was
0.132, and average MAE was 0.282 across the full profile
(Appendix S1: Table S1). Explained variance for our pre-
dictions ranged from 38.9% (0-5 cm) to 42.2% (60-
100 cm), RMSE ranged from 0.132 (30-60 cm) to 0.135
(60-100 cm), and MAE ranged from 0.279 (0-5 cm) to
0.289 (100-200 cm). Finally, all variograms resulted in a
nugget sill ratio of <0.25 for each depth, showing strong
spatial dependence for soil N across all depths (Appendix
S1: Table S1).

0-5cm
| | | | | |
50 -
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g ¥ ~0.08
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8 35 - 0.691
30 B ‘ 6.731
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40+
35
30|
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-120 -110 -100 -90 -80 -70

Longitude

In general, our predictions overestimated soil N values
from the ISCN at 0-5 and 5-15 cm (Figure 3a,b) while
underestimating soil N values in deeper depths (Figure 3).
The highest amount of over estimation (6.73%) occurred in
depth 0-5 cm along the east and west coasts of CONUS.
Underestimation is more prevalent in deeper depths where
higher values were present between 30 and 60 cm, resulting
in underestimation up to 0.059%-0.154% at this depth.

We compared the mean and SD of the predicted
values as well as those of the model prediction error to
better gauge any trends in distribution of predicted soil N
across depths for CONUS. The mean predicted soil N
(0.096%-0.133%) and SD values (0.067%-0.082%)
decreased with depth, while the mean (0.026%-0.051%)
and SD (0.008%-0.014%) of the prediction error increased
with depth (Table 1). We also compared the ratio of soil
N predicted values to model prediction error. The highest
ratio was found from 0 to 5 cm (4.181) with the lowest
ratio from 100 to 200 cm (1.885) (Table 1). These results
highlighted that there was more variability in surface
depths than in deeper depths as the mean and SD of

45—
40—
35
30

(b)
T T T T T T

-120 -110 -100 -90 -80 -70

30—60 cm

-120 -110 -100 -90 -80 -70

100—200 cm
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-110 -100 -90 -80 -70

Longitude

FIGURE 3 Model accuracy maps highlight where the model is over- or underestimating predicted values. The units are presented as
percent (%) in an oven-dried soil sample. Underestimation increases with depth. Green dots represent areas of overestimation while red dots
represent areas of underestimation. The percent of over- or underestimation corresponds to the size of the dot.
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these ratios decrease with depth (Table 1). Finally, the
SD of the predicted values (0.067%-0.082%) was lower
than the SD of the observed values (0.197%-0.488%)
(Table 1; Appendix S1: Table S1).

Spatial variability and associated
uncertainty of soil N

We generated 5-km spatial resolution maps to show
the variability of soil N at six depths across CONUS
(Figure 4). Overall, soil N decreased with depth following

TABLE 1

Soil nitrogen (%)

Prediction error

the pattern observed for the ISCN dataset (i.e., training
dataset) where mean soil N was 0-5 cm (0.35%), 5-15 cm
(0.21%), 15-30 cm (0.13%), 30-60 cm (0.12%), 60-100 cm
(0.09%), and 100-200 cm (0.06%).

We analyzed in detail the results of soil N from our
model for each one of the 17 NEON domains for 0-5 cm
depth, as it is the depth with highest amount of soil N
(Table 2). The Pacific Northwest had the highest soil N
(0.251% =+ 0.108) followed by the Northeast (0.235% +
0.105) (Table 2). By contrast, the Desert Southwest (0.07%
1 £ 0.38) and the Southern Plains (0.089% =+ 0.030) had
the lowest concentrations.

Descriptive statistics of percent soil N and model prediction error for each depth across conterminous United States.

Soil nitrogen/prediction error

Depth
(cm) Mean SD Mean SD Mean SD
0-5 0.133 0.082 0.032 0.008 4.181 9.886
5-15 0.130 0.081 0.029 0.008 4.447 9.627
15-30 0.125 0.077 0.027 0.008 4.631 9.485
30-60 0.155 0.072 0.026 0.008 4.430 9.606
60-100 0.105 0.069 0.031 0.008 3.329 8.352
100-200 0.096 0.067 0.051 0.014 1.885 4.642
0-5cm
50°N — 0.10
45°N —
)
S 40N
& 35°N 0.08
30°N ’
25°N g
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5PN =] 006 g
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FIGURE 4 Spatial variability of soil nitrogen per depth for baseline year 2016. Soil N concentration (in percent) is higher in surface-

level depths (0-60 cm) than in deeper depths (60-200 cm).
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TABLE 2 Descriptive statistics of percent soil nitrogen and prediction error, from 0 to 5 cm per National Ecological Observatory

Network (NEON) domain across the conterminous United States.

Soil N (%) Prediction error Soil N/prediction error

NEON domain Mean SD Mean SD Mean SD

Appalachians/Cumberland Plateau 0.150 0.062 0.033 0.006 4.51 10.944
Atlantic Neotropical 0.157 0.073 0.100 0.012 1.564 5.912
Central Plains 0.094 0.028 0.031 0.004 3.006 6.251
Desert Southwest 0.071 0.038 0.032 0.008 2.225 4.709
Great Basin 0.120 0.057 0.027 0.004 4.511 13.573
Great Lakes 0.208 0.107 0.033 0.007 6.389 15.351
Mid-Atlantic 0.124 0.069 0.033 0.005 3.807 12.955
Northeast 0.235 0.105 0.030 0.006 7.897 16.692
Northern Plains 0.136 0.053 0.032 0.006 4.197 8.599
Northern Rockies 0.187 0.073 0.028 0.005 6.615 13.315
Ozarks Complex 0.099 0.040 0.037 0.008 2.685 4.926
Pacific Northwest 0.251 0.108 0.026 0.003 9.511 34.783
Pacific Southwest 0.132 0.074 0.027 0.005 4.815 13.572
Prairie Peninsula 0.135 0.052 0.032 0.005 4.228 10.616
Southeast 0.093 0.010 0.039 0.084 2416 0.123
Southern Plains 0.089 0.030 0.034 0.007 2.632 4.607
Southern Rockies/Colorado Plateau 0.121 0.061 0.028 0.005 4.337 12.643

Spatial predictions differed from our hypothesis in that
model uncertainty did not increase with depth (Figure 5,
Table 1). The overall uncertainty across the CONUS was
lowest at depths 30-60 cm (0.0261% =+ 0.008) but higher at
100-200 cm (0.051% =+ 0.014; Table 2).

Relationships across NEON domains
and soil depths

At depth 0-5 cm, uncertainty was highest in the Atlantic
Neotropical (0.100%). The lowest mean uncertainty was
observed in depth 0-5 cm of the Pacific Northwest
(0.026%) (Table 2). As expected, uncertainty was highest
in the deepest depth (100-200 cm), ranging from 0.032%
to 0.051%. It is important to note the consistent high
levels of uncertainty across the Atlantic Neotropical
domain at all depths. When comparing the soil N and
prediction error ratios for NEON regions at 0-5 cm, we
can better see the pattern of high variability associated
with areas that have higher amounts of soil N. The
highest SD of the ratio are seen in areas that had some of
the lowest rates of uncertainty (Pacific Northwest, North-
east, and Great Lakes; Table 2).

The Pacific Northwest (169.421 kg/m*) and the
Northeast (101.344 kg/m®) reported the highest mean

biomass, while the lowest mean was reported in the Cen-
tral Plains (0.828 kg/m?). A linear regression analysis
was executed for all depths to explore soil N and biomass
relationships. We found that r? decreased with depth
0-5 cm (0.53), 5-15 cm (0.52), 15-30 cm (0.50), 30-60 cm
(0.45), 60-100 cm (0.40), and 100-200 cm (0.36), demon-
strating a moderate relationship between biomass and
soil N with depth (Table 3).

The Great Lakes (0.998 kg C/m?) and the Atlantic
Neotropical (0.649 kg C/m?) reported the highest mean
GPP, while the lowest mean was reported in the Central
Plains (0.034 kg C/m?) (Table 3). Like the biomass analy-
sis, we searched for depth relationships between soil N
and GPP using a linear regression approach, but we did
not find significant relationships at o = 0.05 (Table 4).

Conditioned Latin hypercube sampling
analysis

A cLHS analysis was performed with sample sizes of
500, 1000, 3000, and 6000 points (Figure 6, Table 5). As
the number of available points increased, the percentage
of points within each NEON domain remained about the
same. In other words, the percent of needed points
within a NEON domain was independent of the overall
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FIGURE 5 Model prediction error across the conterminous United States.

TABLE 3 Descriptive statistics (means) of forest biomass and

gross primary productivity (GPP) per National Ecological Observatory

Network (NEON) domain across the conterminous United States.

NEON domain
Appalachians/Cumberland Plateau
Atlantic Neotropical
Central Plains
Desert Southwest
Great Basin

Great Lakes
Mid-Atlantic
Northeast

Northern Plains
Northern Rockies
Ozarks Complex
Pacific Northwest
Pacific Southwest
Prairie Peninsula
Southeast

Southern Plains

Southern Rockies/Colorado Plateau

Biomass GPP
(kg/m?) (kg C/m’)
77.37 0.1
18.80 0.649
0.83 0.034
2.29 0.366
14.85 0.197
44.22 0.998
68.93 0.206
101.34 0.32
3.62 0.052
52.15 0.051
52.46 0.101
169.42 0.136
58.44 0.259
13.53 0.121
49.75 0.237
10.22 0.08
22.04 0.051

TABLE 4

0.14

— 0.12

~ 0.10

— 0.08

— 0.06

0.02

(%) 10117 UOIIPaId [9POI

Linear regression analysis and r* values for soil N

and forest biomass, and gross primary productivity (GPP) at all

depths across the conterminous United States.

Soil depth (cm)

0-5 0.53*
5-15 0.52*
15-30 0.50*
30-60 0.45*
60-100 0.40*
100-200 n.s.

Biomass (kg/m?)

GPP
0.09
0.1
0.12
0.15
0.2

Abbreviation: n.s., not significant.
*Denotes significant p value at p < 0.05.

sample size of a hypothetical survey (from 500 to 6000
points). The Northern Plains consistently held the
highest percentage of points per domain across all sample
sizes, while the Atlantic Neotropical held the lowest per-

centage (Figure 6, Table 5).

DISCUSSION

We developed a framework for determining the three-
dimensional spatial variability of soil N and associated
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FIGURE 6 Conditioned Latin hypercube sampling analysis (cCLHS) for (a) 500 points, (b) 1000 points, (c) 3000 points, and (d) 6000

points.

model uncertainties. These predictions and associated
uncertainties were then used as independent variables in
a regression analysis with GPP and biomass across
CONUS. Additionally, uncertainty values were used to
create a multivariate space to determine optimized loca-
tions for hypothetical soil surveys with different sample
sizes. Our results did not support the first hypothesis with
the expectation that uncertainty would consistently
increase with soil depth. However, uncertainty was
highest from 100 to 200 cm, likely due to less information
being available to parameterize the model at deeper
depths. We discuss these findings in detail in the follow-
ing sections.

Our results are congruent with previous studies dem-
onstrating the efficacy of using environmental covariates
based on land use and remotely sensed data for landscape
scale mapping of soil N (Lamsal et al., 2009). Through
the recursive feature elimination analysis, the same five
topographic covariates were found important at all
depths; however, a similar study found that covariates
such as maximum temperature, topographic wetness
index, DEM, and slope characterized the overall multi-
variate environmental space for 0-30 cm depth
(Priyadharshini et al., 2021). We highlight that the multi-
variate relations at different depths are not equal, as
deeper depths were more difficult to characterize,
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TABLE 5

Conditioned Latin hypercube sampling analysis points results from full profile (0-200 cm) for each National Ecological

Observatory Network (NEON) domain to identify potential observation locations.

NEON domain 500 locations
Appalachians/Cumberland Plateau 18 (3.60)
Atlantic Neotropical 1 (0.20)
Central Plains 30 (6.00)
Desert Southwest 34 (6.80)
Great Basin 51 (10.20)
Great Lakes 33 (6.60)
Mid-Atlantic 20 (4.00)
Northeast 36 (7.20)
Northern Plains 58 (11.60)
Northern Rockies 15 (3.00)
Ozarks Complex 31 (6.20)
Pacific Northwest 11 (2.20)
Pacific Southwest 16 (3.20)
Prairie Peninsula 37 (7.40)
Southeast 30 (6.00)
Southern Plains 27 (5.40)
Southern Rockies/Colorado Plateau 48 (9.60)

1000 locations 3000 locations 6000 locations

31(3.10) 110 (3.67) 205 (3.42)
3(0.30) 9 (0.30) 18 (0.30)
65 (6.50) 167 (5.57) 339 (5.65)
49 (4.90) 160 (5.33) 306 (5.10)
126 (12.60) 322 (10.73) 676 (11.27)
61 (6.10) 193 (6.43) 370 (6.17)
36 (3.60) 142 (4.73) 282 (4.70)
51 (5.10) 162 (5.40) 315 (5.25)
126 (12.60) 365 (12.17) 740 (12.33)
40 (4.00) 150 (5.00) 294 (4.90)
82 (8.20) 232 (7.73) 465 (7.75)
27 (2.70) 91 (3.03) 177 (2.95)
34 (3.40) 94 (3.13) 191 (3.18)
76 (7.60) 246 (8.20) 490 (8.17)
47 (4.70) 135 (4.50) 269 (4.48)
55 (5.50) 169 (5.63) 350 (5.83)
80 (8.00) 233 (7.77) 470 (7.83)

Note: Values are the number of samples needed within each NEON domain, and associated percentage (in parentheses) for each sampling scenario.

possibly a result of more complex relationships among
the covariates. Recent studies concluded similar findings,
attributing a decrease in the influence of variables with
increasing depth (Kokulan et al., 2018). Thus, it is critical
to increase our understanding of the biophysical factors
that regulate soil processes at deeper depths to better
characterize the three-dimensional space of soils.

Our predicted model explained at least 40% of the var-
iance of soil N at all depths. When comparing the model
to the training data, we see that the SD of the predicted
values (0.067%-0.082%) was lower than the SD of the
observed values (0.197%-0.488%), indicating that variabil-
ity of the predicted values is less than that of the observed
values (Table 1; Appendix S1: Table S1). Consequently,
model predictions appear to be more constrained than
the actual variability observed in the ISCN dataset
(i.e., training data).

We found that the spatial distribution of soil N
became more variable with depth and differs across
NEON domains (Table 2). Previous studies have quanti-
fied soil N on global and regional scales (Batjes, 1996;
Wang et al., 2017; Zhou et al., 2020), and our results mir-
ror those of Wang et al. (2017), in which the highest
amount of soil N was found in the top 0-5 cm. For exam-
ple, the Great Lakes, Northeast, and Pacific Northwest
had the highest amounts of soil N from 0 to 5 cm across

the CONUS. This was expected as studies have shown
increased available nitrogen in the Northeast (Butler
et al., 2012) and that soils in the Pacific Northwest have
characteristics associated with high soil N availability
(Littke et al., 2014). We clarify that our estimate of soil N
is derived from data collected throughout several decades
and compiled by the ISCN; therefore, it represents a base-
line of potential soil N across the CONUS. Our spatial
predictions are useful for representing general spatial
trends, modeling, benchmarking, and for identifying
areas where future soil surveys could focus to improve
the spatial representation of in situ soil N information.
We postulate that increasing information about soil N
will better characterize the spatial heterogeneity across
CONUS and its relationships with environmental
covariates resulting in better model-data agreement and
ultimately lower model uncertainty.

Available soil data from the ISCN decreased with
depth and arguably affected our capacity to generate
stronger soil N and depth relationships. To address this,
we used the equal area spline method to standardize all
profile data at specific soil depths. However, this method
can be sensitive to abrupt changes in the soil profile,
which are not necessarily represented by the available
data (Hengl et al., 2014), adding another source of uncer-
tainty. Therefore, we highlight the need to continue
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developing soil covariates that could improve the repre-
sentation of the variability of soil layers (and soil hori-
zons) that ultimately influence the variability of soil N
and other important properties (Hengl & MacMillan,
2019; Yuxin et al., 2021).

Our multiple model runs were consistent, showing a
low RMSE across all depths. Mean prediction error was
lower at depths 5-15, 15-30, 30-60, and 60-100 cm than at
0-5 cm but with an overall increase in model error with
depth from 0-5 to 100-200 cm (Figure 5). This finding was
consistent with other studies exploring the spatial variabil-
ity of soil properties (Adhikari et al., 2014; Wang et al.,
2017). A possible explanation is that at deeper depths there
is less available soil N data points for training the model
and consequently model uncertainty increases. An alterna-
tive explanation for this pattern is that the terrain parame-
ters (i.e., independent variables) may not be fully
representative of the spatial variability of soil N at deeper
depths (Adhikari et al., 2014; Minasny et al., 2006). We
clarify that model uncertainty in this study represents the
spread (or consistency) among multiple model runs. Conse-
quently, low available training points could result in good
model-data agreement (as in our case) but with large
model uncertainty. This could represent that model runs
are relatively different (in some areas across the CONUS)
due to nonlinear interactions between limited available
training data and their relationships with environmental
covariates (i.e., independent data). We further recognize
that one of the largest sources of uncertainty for calculat-
ing soil stocks is determining appropriate soil bulk densi-
ties along with pedotransfer functions (Guevara et al.,
2020). To avoid this additional source of uncertainty, we
only report the spatial distribution of soil N as percent
across CONUS. We advocate for a better quantification of
soil bulk density across available soil data in the ISCN
and other soil data repositories (National Academies of
Sciences, 2021).

We postulate that reporting both spatial predictions
and model prediction uncertainty increases the interpret-
ability and transparency of model outputs (Adhikari
et al., 2014). Furthermore, information about the spatial
distribution of model uncertainty can be used to improve
monitoring efforts. For example, we bring attention to
the lack of information across the Atlantic Neotropical,
where uncertainty is high in part because of the limited
data and the geomorphological conditions of this region
that are substantially different than other regions (with
more data and arguably better parameterized) across the
CONUS.

We found evidence that the expected relationship
between soil N, biomass, and GPP is influenced by soil
depth. Our results support the expected relationship
between soil N and biomass. Previous studies have found

that aboveground live dry biomass is positively related to
soil characteristics such as soil N (Laurance et al., 1999),
that aboveground biomass and its distribution among
size classes are related to soil nutrients (Paoli et al.,
2008), and that atmospheric nitrogen deposition influ-
ences tree growth and survival (Horn et al., 2018). Con-
trary to our expectations, we did not find a significant
relationship between soil N and GPP across CONUS.
First, it is known that GPP may be influenced by a wider
range of environmental drivers across larger spatial scales
(Sun et al., 2018). Second, there could be a mismatch
between the information from the ISCN dataset (i.e., data
from 1944 to 2014) with satellite-derived GPP rep-
resenting years 2000-2012, where land use change and
disturbances may have influenced potential relationships.
Third, it is known that total soil N (i.e., bulk soil N) is a
poor proxy for available soil N (Beauchamp et al., 2003;
Warren & Whitehead, 1988), and therefore, future ana-
lyses should focus on mapping available soil N to test the
soil N-GPP relationship at regional scales. Consequently,
there is a need to reconcile available information from
national soil inventories with models and local-to-
regional observations. This effort will allow testing how
information from different soil depths influences func-
tional relationships and could be used as benchmarks for
sensitivity analyses in process-based models.

Finally, we postulate that uncertainty information pro-
vides insights for optimization of sampling designs. Using
the calculated model uncertainty, we determine the opti-
mal number of samples needed across each NEON
domain. The Northern Plains required the highest number
of samples followed by the Great Basin and Southern Rock-
ies/Colorado Plateau. Possible reasons for this could be
domain size, geologic history, or terrain and available infor-
mation within the current ISCN soil database. Further-
more, our results demonstrate that the probability
distributions of the optimized locations are independent of
the sample size of the hypothetical survey. This informa-
tion could be used to guide future soil surveys across
CONUS, but much more research is needed to test how
optimization of in situ information could reduce overall
uncertainty in upscaled soil products (Stell et al., 2021).

In this study, we provide gridded estimates of total N
as a percent of an oven-dried sample and uncertainty in
CONUS, as well as the relationship between soil N, bio-
mass, and GPP. These predictions and relationships are
derived from the ISCN and could be used as insights for
model benchmarking and ecological applications. We
found evidence that climatic and biological soil forming
factors are more relevant closer to the surface (0-60 cm)
and that topographic features (mainly the analytical
hillshading and the slope of terrain) and hydrological
related sources of information (evapotranspiration and soil
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moisture) are more relevant at deeper depths (60-100 cm).
We found that the highest concentration of soil N was in
the Pacific Northwest, Pacific Southwest, Northern Rockies,
Northern Plains, Great Lakes, Prairie Peninsula, Appala-
chians and Cumberland Plateau, and the Northeast. By
contrast, the lowest concentrations of soil N were found in
the Desert Southwest, Southeast, Central Plains, and South-
ern Plains. Overall, soil N tends to decrease with depth, but
model prediction uncertainty increases with depth. In gen-
eral, uncertainty was higher in NEON ecoclimatic regions
with less available data and future soil surveys should place
special attention in collecting samples across the Atlantic
Neotropical, Pacific Northwest, Pacific Southwest, and
Appalachian/Cumberland Plateau NEON domains.
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