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Abstract
Biogeochemical models oﬀer an important means of understanding carbon dynamics, but the computational complexity of many models means that modeling all grid cells on a large landscape is computationally burdensome. Because most biogeochemical models ignore adjacency eﬀects between cells, however,
a more eﬃcient approach is possible. Recognizing that spatial variation in model outputs is solely a
function of spatial variation in input driver variables such as climate, we developed a method to sample the
model outputs in input variable space rather than geographic space, and to then use simple interpolation in
input variable space to estimate values for the remainder of the landscape. We tested the method in a
100 km · 260 km area of western Oregon, U.S.A. , comparing interpolated maps of net primary production
(NPP) and net ecosystem production (NEP) with maps from an exhaustive, wall-to-wall run of the model.
The interpolation method can match spatial patterns of model behavior well (correlations > 0.8) using
samples of only 5 t o 15% of the landscape. Compression of temporal variation in input drivers is a key step
in the process, with choice of input variables for compression largely determining the upper bounds on the
degree of match between interpolated and original maps. The method is applicable to any model that
does not consider adjacency eﬀects, and could free up computational expense for a variety of other
computational burdens, including spatial sensitivity analyses, alternative scenario testing, or ﬁner grain-size
mapping.

Introduction
A key challenge to carbon cycle science is characterizing current and future carbon dynamics
over large spatial domains. Biogeochemical models oﬀer one means of carbon modeling, and have
been applied for this purpose at regional to continental scales (Aber and Federer 1992; VEMAP
Members 1995; Thornton 1998).

In a standard approach to spatial modeling, the
biogeochemical model is run separately at a large
number of contiguous grid cells on the landscape
(e.g. VEMAP Members 1995; Ollinger et al. 1998;
Law et al. 2004). Each cell contains the necessary
driving variables (climate, soils, etc.) to run the
model. For many biogeochemical models, computational burden at each cell can be great
(Thornton 1998; Law et al. 2004), reducing the
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number of model runs possible over large areas.
To explore ﬁne grain eﬀects over large areas, to
characterize model sensitivity, or to investigate
alternative climate change scenarios, more eﬃcient
approaches to spatial extrapolation are desirable.
One approach is to reduce the computational
burden of the model by constructing a simpliﬁed
metamodel (Friedman 1996; Urban et al. 1999)
that reproduces the bulk properties of a detailed
model over a deﬁned range of input (driver) variables (e.g. Williams et al. 1997, 2001; Urban et al.
1999; Acevedo et al. 2001; Alexandrov et al. 2002;
Garman 2004). The structure of the metamodel is
developed through hypothesis building and expert
understanding of the detailed model (Williams
et al. 1997; Garman 2004), and then parameterized
by running the detailed model across the full range
of input variables. Because of its lower computational burden, this simpliﬁed model can be applied
to larger landscapes more readily than its more
detailed counterpart. Although an elegant and
powerful approach, development of the structure
for the metamodel can be challenging, especially
when multiple feedbacks in the detailed model
prevent easy hypothesis building.
A simpler strategy for spatial extrapolation of
a computationally burdensome model is to use
lookup tables. Here, the n-dimensional input
variable space observed on a given landscape is
partitioned into discrete regions, the model is run
only once in each input variable region, and the
model outputs are assigned to the landscape
according to the region of input space into which
each point on the landscape falls (Band et al. 1991;
Burke et al. 1991; Franklin 2001). Although conceptually appealing, this strategy relies on an a
priori stratiﬁcation whose deﬁnition may be arbitrary and whose discrete outputs may not be
appropriate for some applications.
Nevertheless, the lookup-table approach
emphasizes that most biogeochemical model outputs are entirely a function of the input variables
controlling them, not a function of neighboring
conditions (e.g. Aber and Federer 1992; Running
and Hunt 1993; VEMAP Members 1995; Ollinger
et al. 1998; Thornton 1998; Coops and Waring
2001). For any combination of input variables, the
model output will be the same regardless where on
the landscape it falls. Thus, the models are not
truly spatial (Peters et al. 2004). Rather, spatial
variation in the model outputs simply reﬂects the

underlying geographic variability in input
variables.
In the lookup-table approach, those input
variables are stratiﬁed into discrete regions, but we
envision an extension to the continuous-variable
case (Figure 1). Rather than the standard
approach of running the model in every cell on the
landscape (Figure 1, black arrow), model outputs
can be determined at a sample of points in the
multidimensional space of the input variables,
interpolated to the remaining cells in the input
variable space, and mapped back into geographic
space (Figure 1, open arrows). We refer to the
standard path as ‘‘wall-to-wall’’ modeling and to
the alternative path as ‘‘input-space interpolation’’
modeling.
For biogeochemical models, a challenge is
appropriately representing input-variable space.
Climate variables that drive daily time-step models, for example, may include hundreds or thousands of dimensions of information (Thornton
1998). Fortunately, it is only the spatial variation
in the temporal variables that matters. A consideration of the simplest case is instructive: If all of
the cells on a landscape had identical temporal
patterns of climate, then a map of model outputs
for the entire landscape could be constructed by
replicating the output from single model run
across every cell. This is true even if that single run
were extremely complicated to implement. While
most landscapes show more spatial variation in the
input drivers than this simplest case, spatial autocorrelation in climate and soil properties often
results in spatial variation orders of magnitude
lower than the temporal variation. Our method
capitalizes on this fact to develop a compressed representation of spatial variation in input
variables, and then applies the input-space
interpolation approach to mimick spatial patterns
in modeled output.

Methods
Wall-to-wall modeling
We tested our conceptual approach using the
biogeochemical model BGC 4.1.1. (Thornton
1998; Thornton et al. 2002). BGC is constructed as
a series of modules representing the major functions of an ecosystem, including photosynthesis,
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Figure 1. Two approaches for spatial modeling with ecosystem models that do not have cell to cell interactions. In ‘‘wall-to-wall’’
modeling (dark arrow), the model is run separately for every cell in the geographic study area. This approach is relatively ineﬃcient,
since many cells may have similar driving variables (climate, soils, etc.). The proposed alternative approach moves modeling out of
geographic space into the space of the driver variables (the ‘‘input space’’). Modeling is done only at a sample of grid cells, with the rest
of the points being estimated by interpolation in input-space and re-projection into geographic space.

respiration, decomposition, and transpiration in
plants, as well as transpiration and runoﬀ of water.
The model requires daily meteorological data, here
derived from DAYMET (Thornton et al. 1997;
Thornton et al. 2000) at a grain size of 1 km,
which deﬁnes the grain size for BGC modeling.
Climate data at each grid cell are derived from
actual weather station observations, interpolated
using a terrain model, and thus spatial patterns of
climate data reﬂect both simple elevation eﬀects as
well as the long-term patterns of weather systems
and air masses. At the time of this work, each
1 km cell had 18 years of daily meteorological
data (365 days · 18 years for a total of 6570 input
layers per meteorological variable). Soil depth and
type were from a dataset described in Kern et al.
(1997). The model is designed to run for an idealized vegetation type for several thousand years
until several carbon and nitrogen pools reach

approximate steady state. A vegetation type is
deﬁned by a suite of parameters that describe the
type’s ecosystem-, canopy-, organism-, and leaflevel attributes. In this study, the parameter set for
evergreen needleleaf conditions supplied with the
model code was adjusted slightly to better represent Douglas-ﬁr (Pseudotsuga mensziesii). The
model was run for a 100 km · 260 km study area
in western Oregon (U.S.A.). Modeling was limited
to 18,395 cells where a landcover map of the area
(Law et al. 2004) suggested Douglas-ﬁr was likely
to occur (Figure 2). After spinup equilibrium was
reached in each cell, we followed the approach of
Law et al. (2004) in applying two post-spinup
disturbances, and ﬁnally the model was allowed to
run for 200 years.
The two variables tracked for this study were
net primary production (NPP) and net ecosystem production (NEP), both recorded in units of
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Figure 2. The study area, (a) deﬁned as all of the cells within a 100 km · 260 km area of western Oregon’s Cascade Mountains that are
likely to support Douglas-ﬁr forests. Shown are (b) average yearly precipitation (cm), (c) temperature (degrees C), and (d) vapor
pressure deﬁcit (Pa), as well as (e) estimated soil depth (cm). See Table 1 for sources of spatial data.

kg C/m2 yr. NPP is deﬁned as total autotrophic
carbon ﬁxation, minus respiration losses due to
maintenance and growth within the plant. NEP is
the total system balance of carbon, here deﬁned as
NPP minus heterotrophic respiration and losses to
ﬁre. NEP and NPP vary signiﬁcantly over the 200year model run. Directly after disturbance, NEP is
initially negative (carbon ﬂowing out of the terrestrial system) because of decomposition of
residual biomass, and then it slowly becomes positive as NPP, which has quickly returned to positive ﬂux (into the terrestrial system), accumulates
and as material from the prior stand available for
decomposition diminishes (see Law et al. (2004),
Figure 8 for more detail of typical model output in
this ecosystem). Because of the cyclic repetition of
the DAYMET data, an appropriate temporal
grain for analysis of these temporal trends is
18 years. Therefore, all NPP and NEP data were
aggregated into non-overlapping 18-year bins, referred to as age classes, using simple averaging.
This wall-to-wall modeling represents the
‘‘truth’’ set. While the model itself does not truly
describe the system, the wall-to-wall modeling is a

faithful representation of the behavior of the model
in every 1 km cell across the study area. The goal of
the input-space interpolation modeling approach is
to eﬃciently match the behavior of the model over
space.

Input-space interpolation modeling
Because the model ignores adjacency eﬀects
among cells, spatial patterns of modeled NPP and
NEP are determined solely by spatial patterns in
meteorological and soils data (Figure 2). As noted
above, the high dimensionality of the climate data
in a given cell is irrelevant for spatial mapping.
The ﬁrst step in input-space interpolation, then, is
to develop a simpliﬁed representation of spatial
variation in input variables. This was achieved
through several compression steps. First, the
yearly mean or total (as appropriate for each
variable) was calculated for each meteorological
variable listed in Table 1 for each of the 18 years
of record. For precipitation only, spring and
summer averages were considered separately to
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Table 1. Summaries of spatially-distributed input variables for the study area shown in Figure 2.
Variable

Description

Units

Minimuma

Maximuma

Mediana

Source

Pr
PrSp
PrSu
T
Tmn
Sw
VPD
SDpth

Average total precipitation (Jan. 1 to Dec. 31)
Average spring precipitation (April 1 to June 30)
Average summer precipitation (July 1 to Sep. 30)
Average daily temperature
Average daily minimum temperature
Average daily shortwave radiation ﬂux
Average daily vapor-pressure deﬁcit
Soil depth

cm
cm
cm
C
C
W/m2
Pa
cm

108.9
19.2
6.4
3.7
1.8
244.8
417
111

302.1
60.1
22.2
12.1
6.6
330.7
1045.6
192

175.5
34.8
11.6
8.8
3
289
730.1
163

DAYMETb
DAYMETb
DAYMETb
DAYMETb
DAYMETb
DAYMETb
DAYMETb
Kern et al. 1997

a

Minimum, maximum, and median values are for the population of grid cells in the study area; see Figure 2.
DAYMET citations: (Thornton et al. 1997; Thornton et al. 2000).

b

reﬂect the dominant seasonal climate of the region
(Waring and Franklin 1979). This temporal
aggregation was carried out for each cell on the
landscape separately.
Next, variation across cells was characterized
using principal-component analysis (PCA). PCA is
a tool that compresses an n-dimensional space into
a reduced set of transformed, orthogonal axes that
more eﬃciently capture the bulk of the variation in
the original space (Jongman et al. 1995). The more
highly correlated the dimensions of the original
space, the greater the compression. Before PCA
was applied, all meteorological data were conﬁrmed to be normally distributed, and then were
standardized to across-year mean and unit standard deviation. This preserved interannual variation within a meteorological variable while
providing equal weighting across meteorological
variables with diﬀerent units of measurement. In
PCA, each cell was assigned principal component
scores that described the cell’s position along new
axes through the multivariate meteorological data
space. Because a ﬁrst principal component axis
captures the greatest variance in a dataset, the map
of ﬁrst principal component axis scores (PC Image
#1) represented the dominant spatial pattern in the
18-year record of each meteorological variable,
with successively higher-order PC images representing diminishing sources of spatial variation.
Soil depth was standardized to unit standard
deviation and used as a single-layer spatial input
variable. (Note: Soil texture was not considered
here because its spatial patterns were identical to
those of soil depth, but with much less variability in
range). The PC images and single soil depth image
will be referred to collectively as ‘‘spatial input
variables.’’

Taken together, these spatial input variables
deﬁne the input variable space of the model, and
deﬁne the bounds of the response surface of the
model as applied to the particular landscape of
study. However, spatial variation in the diﬀerent
meteorological indices is highly correlated across
indices. If all meteorological indices were perfectly
correlated, for example, then any one of them
could be used alone to deﬁne the meaningful spatial variation of model outputs. Parsimony argues
for use of a combination of spatial input variables
that most eﬃciently captures spatial pattern in
model output. Twelve combinations of spatial input variable were tested, with combinations chosen
to be illustrative of expected meteorological and
edaphic controls on the model (Table 2). For each
combination, two cases were considered: one using
only the ﬁrst PC image (the dominant spatial
pattern) of each spatial input variable, and one
using both the ﬁrst and second PC images of each
Table 2. Summary of spatial input variable combinations tested for input-space interpolation.
Input Variablesa
Pr+Sw+T
Pr+T+Tmn
Pr+T+VPD
PrSu+PrSp+Sw+T
PrSu+PrSp+T+Tmn
PrSu+PrSp+T+VPD
SDpth+Pr+T
SDpth+PrSu+PrSp+T
SDpth+PrSu+PrSp+Sw+T
SDpth+PrSu+PrSp+T+Tmn
SDpth+PrSu+PrSp+T+VPD
SDpth+Pr+T+Tmn+VPD
a

Variables deﬁned in Table 1
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spatial input variable (except for soil depth, which
has only one layer). This resulted in a total of 24
combinations in spatial input variables, the simplest having 3 dimensions (the ﬁrst PC image from
three spatial input variables) and the most complex having 9 dimensions (two PC images from
four spatial input variables, plus standardized soil
depth). A ﬁnal PCA was then applied to each of
these combinations, and the ﬁrst three axes of this
ﬁnal PCA used to describe the spatial variation in
the spatial input variables.
Although a variety of space-ﬁlling approaches
to response-surface sampling are available (Box
and Draper 1987; Myers and Montgomery 2002),
a simple regular grid was chosen here. A lattice
was constructed through the three-dimensional
space in each of the 24 cases, with equal spacing
between lattice intersections. The actual grid cells
closest (using Euclidean distance) to lattice intersections were used as sample cells; lattice intersections greater than one cubic hypotenuse length
from an actual cell were dropped. At each sampled
cell, the model value from the wall-to-wall approach was extracted. (In an actual implementation of the approach, no such wall-to-wall output
would be available, and the model would be run in
each sample cell.)
Non-sampled cells were estimated by interpolation in input variable space. For each cell, the NEP
or NPP value was estimated by linear inverse-distance weighted averaging of the nearest 8 sampled
lattice-intersection cells (in three-dimensional input variable space). Once NEP or NPP values were
assigned in input-variable space, the cells were
mapped back into geographic space to produce a
map of estimated model outputs. If the lattice of
sample points was sparse, interpolation distance
would be large and the smoothing properties of
interpolation exacerbated. To investigate this effect, tests were repeated at ﬁve grid densities,
ranging from <1% to 15% of the landscape for
NEP outputs only.

Comparisons
Modeled outputs from the input-space interpolation approach were compared on a cell-by-cell
basis with all cells in the truth datasets derived
using the wall-to-wall approach. Two metrics of
comparison were calculated across all cells for

each of the 11 age classes and each of the ﬁve grid
densities: a simple correlation and the square root
of mean-square error (RMSE). These two metrics
were also calculated for a randomly-selected subset
of validation cells, and compared to the metrics
derived from the wall-to-wall values to provide an
estimate of the proportion of independent cells
needed to faithfully capture error in the interpolation method. Tested validation cell proportions
ranged from 0.5% to 10% of the landscape.
Multiple regression in input variable space was
investigated as a possible alternative to interpolation. Sampling of the input variable space was
identical to that used for interpolation. A multiple
linear regression of NEP or NPP values from all
sampled points on the three axes of the input space
was conducted. The resultant model was then applied to the non-sampled points to produce estimates of NEP or NPP in the input-variable space.
As with interpolation, those estimated values were
then projected into geographic space to produce a
map of modeled outputs.

Results
Figure 3 shows a comparison of interpolated
and wall-to-wall NEP maps for one age class
at two lattice-point sampling densities using
one combination of spatial input variables
(SDpth+Pr+T+Tmn+VPD). It provides a
visual reference for the results presented subsequently.
As expected, the interpolation method works
better when more points are sampled for the
interpolation. When only 0.4% of the cells are
sampled in the input-variable space, the interpolation approach produces a map that captures only
the approximate patterns of the wall-to-wall map
(Figure 3a). The image to image histogram plot
shows scatter about the 1:1 line (Figure 3b). When
the input-space lattice samples 12% of the cells,
the maps match well visually (Figure 3c), and the
image-to-image histogram plot shows strong
attraction to the 1:1 line with relatively little
scatter.
The two summary metrics capture these visual
patterns. The correlation between the maps provides a quantitative measure of the ﬁt, and is
independent from the units of NEP or NPP being
estimated. As expected, the poorly-matched map
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Figure 3. Comparing wall-to-wall NEP maps (left-hand maps) with input-space interpolation NEP maps (right-hand maps) for
interpolation age class 73–90 years, for sampling proportions of (a) 0.004 and (c) 0.12. NEP units are kg C/m2year, with positive values
representing uptake by the terrestrial system. Spatial input variables for were soil depth, yearly precipitation, average temperature,
average minimum temperature, and average vapor pressure deﬁcit. Plots (b) and (d) show two-dimensional histograms of the interpolated map against the wall-to-wall map, and report the correlation and RMSE of the plots. Higher sampling intensity for interpolation resulted in a better match.

had a lower correlation than a well-ﬁt map (compare Figure 3b and d). The RMSE provides a
measure of the potential error in units of NEP or
NPP, useful for interpreting the magnitude of the
error directly.
In the example from Figure 3, the match with
the original wall-to-wall map was poorer when
regression rather than interpolation was used
(Figure 4a and b). This held true across nearly all
NEP tests conducted for this study (Figure 4c).
From here forward, results will be limited to maps
built using interpolation.
The correlation of maps reached an asymptotic
value as the proportion of training cells increased.
The level of this asymptote varied depending on
the spatial input-variables used to build the inputvariable space, and the age class being interpolated
(Figure 5). For any given age class, the spatial
input-variable combination with highest maximum
correlation tended to reach its asymptote more

quickly than those combinations with lower maximum correlation.
Maximum correlation varied across age classes
for a given combination of spatial input variables,
and diﬀerent combinations showed diﬀerent temporal trajectories (Figure 6). Three distinct groups
of spatial input-variable combinations emerged
(separated as Figure 6a, 6b, and 6c). Groups 1 and
2 (Figure 6a and b) performed well or moderately
well across age classes, but had opposing patterns
with age. Group 3 performed poorly for older age
classes (Figure 6c). Notable is the inclusion of soil
depth as a spatial input variable in Groups 1 and
2, and its omission from Group 3.
NPP results were similar to NEP results. For
brevity, only one example test from each of the
Groups identiﬁed in Figure 6 is shown in Figure 7.
The maximum correlations for NPP in Group 1
were slightly lower than for the NEP maps, but
were more consistent across age classes. Groups 2
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and 3 were also more stable for NPP than for NEP
maps, and generally had higher correlations than
for NEP.
A summary of the use of validation points is
shown in Figure 8. Across all NEP tests, correlations of interpolated and wall-to-wall maps were
well-characterized using a sample of validation
points. Even at relatively low sampling density
(3% of cells), the correlation as estimated by validation points strongly tracked the true correlation
(Figure 8a). As the proportion of cells used for
validation points increased, the match improved
slightly (Figure 8b). A regression line anchored at
zero had a slope near 1 (ideal) for all validation
proportions greater than 3%.

Discussion

Figure 4. Comparing maps derived using interpolation versus
regression. (a) Wall-to-wall, interpolated, and regressed NEP
maps for ages 73–90 years using a sampling proportion of 0.12.
Input variables used to deﬁne the input space are the same as in
Figure 3. (b) Two-dimensional histogram for the regressed map
against the wall-to-wall map. Compare to the interpolated
version in Figure 3d. (c) Plots of the correlations for regressed
maps against correlations for interpolated maps for 1144 NEP
maps spanning a range of input variable combinations and
sampling proportions.

When a model lacks cell-to-cell interactions, its
behavior across geographic space depends entirely
on the spatial patterns of the variables that drive
it. Insofar as the driver variables are redundant
across space, wall-to-wall modeling of each cell is
ineﬃcient. Here, we described and tested the inputspace interpolation approach to more eﬃciently
extrapolate spatial patterns in the biogeochemical
model BGC (Thornton 1998).
In essence, the input-space interpolation
approach develops a site- and input-variablespeciﬁc metamodel of the spatial behavior of
BGC. This metamodel is not a simpliﬁed representation of the functional behavior of the model
at a given point in space, and as such lacks the
conceptual elegance of other metamodeling eﬀorts
(e.g. Williams et al. 1997; Urban et al. 1999,
Garman 2004). Rather, it is a simpliﬁed representation of the spatial behavior of the model. The
advantage of this approach is that the entire
functional complexity of the underlying model is
retained, and only the relatively simpler spatial
variation is approximated.
The input-space interpolation method appears
to work well. By sampling only 10 to 15% of the
cells in our study area, the approach captured the
bulk of the patterns of modeled NEP and NPP
values across space (Figure 3) and time (Figures
6a, 6b, and 7). More importantly, the error of
prediction of model output was generally quite
small. Figure 9 shows mean RMSE by age class of
NEP predictions for all of the runs in Groups 1
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Figure 5. Examples of the correlation between wall-to-wall and interpolated maps of NEP for modeled stands at (a) 19–36 years,
(b) 73–90 years, and (c) 163–180 years, for four diﬀerent combinations of input-space drivers for interpolation. Deﬁnitions of inputspace drivers are given in Table 1. The relative performance of diﬀerent input variable combinations varied across age classes.

and 2 (of Figure 6). Except for the youngest age
class, mean error was just over 3%. Error in
estimates was smaller using interpolation than
regression, underscoring that local ﬁtting in input
variable space was more appropriate than a global
ﬁt. Note, however, that other forms of regression
may work better than the linear approach used
here, especially those that use local ﬁts, non-linear
structures, or arbitrarily complex variable combinations. While reducing error relative to the
regression approach tested here, such complexity
would appear unwarranted given the success of the
simple interpolation approach.
The compression of the input-variable space
appears to set the upper bounds on the accuracy of
the interpolated maps. Asymptotic levels of correlation were reached at fairly low sampling
intensities (Figure 5), suggesting that further increases in sampling density or better input variable
space sampling strategies would do little to improve correlation. Rather, correlation was only
improved when a better set of spatial input variables was used to describe the input variable space
(Figures 6 and 7). It is critical to emphasize that
correlation and accuracy of the maps refer only to

how well the interpolation approach mimicks
spatial patterns of modeled NEP and NPP values,
not how well those maps represents actual NEP or
NPP values in the natural world.
The chief drawback of this approach is its sensitivity to the choice of spatial input-variables.
Had only input-variable combinations from
Group 3 been tested, the results would have been
poor. Thus, a certain degree of testing of diﬀerent
variables is necessary, using an independent set of
validation points for establishing error rates. An
understanding of the mechanistic controls within
the model should lead to judicious choice of input
variables for interpolation.
Interpreting relative importance of diﬀerent
spatial input variables sheds light on model
behavior. The success of interpolation varied over
the time course of model runs, suggesting that
controls on spatial patterns of model outputs
varied over time. Soil depth was a consistently
important control on modeled carbon dynamics
(both NEP and NPP), especially at older age
classes. All of the input variables in Groups 1 and
2 (the better-ﬁtting Groups) included soil depth as
an input variable, and the only diﬀerence between
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Figure 6. Maximum correlation between interpolated maps and wall-to-wall maps of NEP plotted against age class. Deﬁnitions of
variables are given in Table 1. Numbers in parentheses are the number of PC layers from each meteorological variable used to build the
input-variable space. (a) Group 1: Input variables that result in better ﬁts at older ages than younger ages. (b) Group 2: Input variables
that result in better ﬁts at young ages and moderate ﬁts at old ages. (c) Group 3: Input variables that ﬁt well at young ages but very
poorly at older ages.

Figure 7. As in Figure 6, but for NPP rather than NEP maps,
and for only one representative combination of input variables
from each of the three groups shown in Figure 6.

some Group 1 and Group 2 combinations was the
relative weight given to soil depth in the data
compression steps (data not shown). Although not

necessarily the case in natural systems, soil depth
in BGC controls both the total water content that
can be stored in the system and the levels of
available nutrients that accumulate in the soil.
Apparently, these controls have high leverage on
overall model behavior, especially over long periods. As a site constant, soil depth was not considered in an extensive sensitivity analysis of BGC
(White et al. 2000), which makes judging its relative importance diﬃcult. However, it is clear that a
better understanding of the eﬀects of soil depth on
the behavior of the BGC model will be useful when
the model is applied over regional or continental
scales.
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Figure 8. Summaries of tests of validation points for estimating
true map correlation. (a) Plot of validation point vs. true correlation for validation point proportion of 0.03. Each point
represents one map comparison. (b) Slope and r2 of linear
regressions of the type shown in (a), for a range of validation
point proportions. Reasonable estimates of correlation are
achieved with only 3–5% of plots used as validation points.

eﬃciency. A reasonable approximation of spatial
behavior of the BGC model can be achieved using
only a fraction of the points on the landscape.
Indeed, although the highest-density runs were
highlighted in Figures 6 and 7, the asymptotic
behavior seen in Figure 5 is typical of the approach, and suggests that only 5 to 10% of cells
can be used to capture the bulk of the spatial
behavior of the model. The time needed for the
interpolation approach itself is minimal: on a
2003-era PC computer, using the software package
IDL (Research Systems Inc., Boulder CO), the
input-space interpolation took only 5–50 min, a
small addition to the much larger cost of running
the model (12 computer days for the wall-to-wall
run, for example). The order-of-magnitude savings
in modeling eﬀort can translate into greater
exploration of model behavior and testing, easier
development of spatial sensitivity analyses,
broader testing of climate change scenarios, or
modeling at ﬁner grain sizes. The structure described here could be applied to any ecological
model that does not consider cell-to-cell interactions, including other common biogeochemical
models such as CENTURY (Parton et al. 1987),
PnET (Aber and Federer 1992), and others (VEMAP Members 1995).

Conclusion

Figure 9. Mean RMSE of interpolated NEP as a function of
absolute value of true NEP, for all runs in Groups 1 and 2 of
Figure 6 averaged by age class, with lines indicating gradations
of percent error. For most runs, error of interpolation was
between 3 and 5% of the true value. The single exception was
for age class 1 to 18 years, where RMSE of NEP was more than
5% of the true NEP.

We have described an approach to spatial modeling that has the potential to improve modeling
eﬃciency by nearly an order of magnitude, while
retaining most of the spatial variation in model
output. The approach is built on the recognition
that variation in many biogeochemical models is
solely a function of spatial variation in input
drivers, and that modeling in input-variable space
is more eﬃcient than in geographic space. By
reducing computational burden in spatial modeling, the approach can allow more time for greater
exploration of model behavior under diﬀerent
scenarios or conditions.
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