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Abstract. Given the large differences between biosphericto identify simply by comparing net fluxes between models.
model estimates of regional carbon exchange, there is a nee@dverall, the systematic approach presented here provides a
to understand and reconcile the predicted spatial variabilityset of tools for comparing predicted grid-scale fluxes across
of fluxes across models. This paper presents a set of quantitanodels, a task that has historically been difficult unless stan-
tive tools that can be applied to systematically compare fluxdardized forcing data were prescribed, or a detailed sensitiv-
estimates despite the inherent differences in model formuity analysis performed.

lation. The presented methods include variogram analysis
variable selection, and geostatistical regression. These meth-

ods are evaluated in terms of their ability to assess and iden- ]

tify differences in spatial variability in flux estimates across 1  Introduction

North America among a small subset of models, as well as

differences in the environmental drivers that best explain thel Ne quantification of net ecosystem exchange (NEE) and its
spatial variability of predicted fluxes. The examined models'egional variability involves a great deal of uncertainty, due
are the Simple Biosphere (SiB 3.0), Carnegie Ames Stani0 the considerable spatial complexity of, and interactions
ford Approach (CASA), and CASA coupled with the Global @mong, its individual controlling processes (Melillo et al.,
Fire Emissions Database (CASA GFEDv2), and the analysed995; House et al., 2003). This uncertainty is compounded
are performed on model-predicted net ecosystem exchang@)’the fact that, at global and regional scales, carbon flux can-
gross primary production, and ecosystem respiration_ Varnot be measured direCtIy (Cramer et al., 1999) Yet, climate
iogram analysis reveals consistent seasonal differences jahange predictions depend on our ability to appropriately as-
spatial variability among modeled fluxes at @>11° spa-  S€SS and model the current (and future) behavior of carbon
tial resolution. However, significant differences are observedUPtake and release across various spatial scales.

in the overall magnitude of the carbon flux spatial variabil- In response to this need, a number of biospheric or
ity across models, in both net ecosystem exchange and conprocess-based models have been developed to estimate the
ponent fluxes. Results of the variable selection and geostamagnitude of carbon sources and sinks across regional and
tistical regression analyses suggest fundamental differencegpntinental scales. These models are based on the cur-
between the models in terms of the factors that explain thgent mechanistic understanding of how carbon is exchanged
spatial variability of predicted flux. For example, carbon flux Within ecosystems. Models are typically driven by climate
is more strongly correlated with percent land cover in CASA data, and constrained with environmental parameters and in-
GEEDV2 than in SiB or CASA. Some of the differences in formation about soil properties, nutrient cycling, vegetative
spatial patterns of estimated flux can be linked back to dif-cover, and other parameters that influence carbon fixation
ferences in model formulation, and would have been difficultand respiration (Wulder etal., 2007). Models differ, however,
in terms of the factors considered (e.g., land-use change, dis-
turbance events, nutrient cycling), how processes are formu-

Correspondence tdD. N. Huntzinger lated within the model, or the type of environmental driver
BY (deborah.huntzinger@nau.edu) data used (Knorr, 2000). This is due, in part, to the various
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purposes for which the models were created (e.qg., trackingty, or vegetation indices. Ruimy et al. (1999) applied linear
carbon stocks, estimating energy and/or carbon fluxes, foreregression to examine the direct dependence of net primary
casting future carbon cycling behavior or vegetative coverproductivity (NPP) on light use efficiency (LUE) in several
migration). As a result, each model generates a uniquebiospheric models. Similarly, Pan et al. (1998) studied the
and sometimes substantially different spatial distribution ofrelationship of NPP to mean annual temperature and annual
fluxes for a given time period. precipitation within individual biomes using multiple linear
There are several approaches for evaluating biosphericegression.
models. One way to assess model performance is through In these types of approaches, the influence, or importance,
validation with observational data. For example, some mod-of selected environmental factors on flux is examined indi-
els are parameterized (and validated) with site-level observidually and independently, and often without taking into ac-
vations from eddy-covariance flux towers (Baldocchi et al., count the spatial autocorrelation of fluxes. Not accounting
2001). However, because direct observations of carbon fluxor the spatial correlation of model estimates of NEE, how-
are not available at regional or continental scales, modelgver, can lead to misrepresentations of inferred relationships
used over large regions cannot be validated directly usingand their associated uncertainty (Hoeting et al., 2006). In ad-
field observations. Continental- to global-scale forward mod-dition, linear regression of fluxes to a single environmental
els can be compared with estimates from atmospheric invervariable may produce erroneous results. For example, many
sion models that couple measurements of,@0Oncentra- environmental variables exhibit a seasonal cycle similar to
tions with transport models to infer surface flux distributions NEE. When only one environmental variable is regressed
(e.g., Fodenbeck et al., 2003; Gurney et al., 2004; Peters etgainst NEE, the derived relationship may be a result of cor-
al., 2007; Gourdji et al., 2008). However, many of these in-relation in their seasonal cycles rather than a true explanatory
versions use biospheric model output as prior estimates ofelationship. Therefore, the resultant regression represents a
carbon flux, and, therefore, the resultant fluxes are not in-scaling parameter (e.g., how to scale the variable to look like
dependent of biospheric model assumptions. In the absenddEE), rather than that variable’s true relationship to flux.
of direct observations, forward model inter-comparisons are Recently, some studies have applied more sophisticated
a necessary first-step in assessing model performance, argtatistical methods for analyzing model predictions. For ex-
evaluating our current understanding of the terrestrial carborample, Wulder et al. (2007) used local spatial autocorrelation
cycle system. to compare outputs from multiple runs of a forest-growth
Model assumptions, formulation, and the environmentalmodel, to identify areas where there was a systematic sen-
driver data used all have an impact on the magnitude and spasitivity of the model to underlying changes in soil water and
tial distribution of model-estimated fluxes. There is a greatfertility inputs. Geostatistical regression and model selection
deal of uncertainty, therefore, when comparing fluxes amongapproaches have been used to assess the influence of vari-
models and making inferences about the root of their similar-ous environmental factors on carbon flux observed at eddy-
ities and differences. In order to reduce some of this uncercovariance flux tower sites (Mueller et al., 2010; Yadav et al.,
tainty, several studies (Melillo et al., 1995; Heimann et al., 2010), and wavelet analysis has been used at flux tower sites
1998; Cramer and Field, 1999; Cramer et al., 1999; Knorr,to decompose NEE into its component fluxes of gross pri-
2000) have compared model results after imposing a stanmary production (GPP) and ecosystem respiratiy) (e.g.,
dardized set of input driver data, thereby providing a uniform Stoy et al., 2005, 2009). Although both of these approaches
basis for comparison. Significant effort is required, however,account for autocorrelation in NEE, they deal with autocor-
for organizing and conducting a formal model intercompar-relation of fluxes in time, rather than space.
ison with standardized environmental driving data, spin up, In this paper, statistical tools that account for the spatial
and land-use history. In addition, such an approach may noautocorrelation in land-atmosphere carbon fluxes are applied
be feasible without sufficient resources and access to modeh order to compare flux estimates across models, in light of
code and input variables. Thus, as a complement to detailethherent differences among the models, and without the need
sensitivity analyses, there is a need for quantitative tools thafor new model simulations. The presented systematic ap-
can be applied to compare existing, in-hand model results. proach is especially useful when detailed sensitivity analyses
In the absence of standardized model simulations and/oare not possible. The applied tools are used to quantify the
detailed sensitivity analyses, quantitative methods employedlegree of spatial autocorrelation of the estimated fluxes, to
in model intercomparisons have traditionally relied on the di- statistically select environmental variables that best explain
rect comparison of estimated fluxes, or on relatively simplethe predicted fluxes, and, through geostatistical regression, to
statistics. For example, the use of linear correlation statis-evaluate the relationship between the selected variables and a
tics such as the Pearson correlation coefficient (e.g., Bondeamodel’s estimate of land-atmosphere surface flux. The meth-
et al., 1999) or Spearman Rank correlations (e.g., Schloseds are evaluated in terms of their usefulness in elucidating
et al., 1999) have been used to examine the correlation omodel differences using a small set of biospheric models: the
estimated fluxes to individual environmental or climatic pa- Simple Biosphere Model (SiB 3.0, e.g., Baker et al., 2008);
rameters such as precipitation, temperature, water availabilthe Carnegie Ames Stanford Approach (CASA, e.g., Potter
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Table 1. Comparison of environmental drivers, vegetation and soil distribution, phenology, compartments and photosynthetic and soil carbon
decomposition formulations among models.

Model Temporal Vegetation  Soil Weather/Climate Phenology Disturbance Reference
Resolution  Distribution  Distribution
CASA Monthly DeFriesand Zobler (1996)/ Leemans et GIMMS Cultivation  Potter et al. (1993);
Townshend FAO (1995) al. (1991); NDVI Randerson et al.
(1994) Hansen et al. derived LAl (2997)
(1999)
CASA Monthly MODIS Batjes (1996) IISAS, GIMMS Cultivation  van der Werf et
GFEDv2 GISSTEMP, NDVI al. (2003, 2006)
and GPCPv2 derived LAI
SiB3.0  Hourly IGBP IGBP-DIS NARR MODIS LAI - Sellers et al.
(19964a);
Baker et al.

(2003, 2008)

et al., 1993); and CASA coupled with the Global Fire Emis- Ames Stanford Approach (CASA) model, and CASA cou-
sions Database (CASA GFEDv2, e.g., van der Werf et al.pled with the Global Fire Emissions Database (CASA
2006). GFEDvV2) (Table 1). The models chosen for this study differ
in how they represent the processes controlling carbon ex-
change between the land and atmosphere, and were selected
2 Methods because (Edl) they have been widely applied across a va-
riety of regions and (ER) are frequently used as prior esti-
Geostatistical methods can be used to describe the spatiahates in inverse modeling studies (e.g., Gurney et al., 2004;
continuity of natural phenomena, and their relationship to in-Peters et al., 2007; Wang et al., 2007). There is growing
dependent variables (Isaaks and Srivashtava, 1989). Geostawareness of the strong influence of prior estimates in inver-
tistical approaches have been applied to many fields in th&ion results (Rdenbeck et al., 2003; Michalak et al., 2004;
Earth and environmental sciences, including geology, ecolMueller et al., 2008). Therefore, understanding how for-
ogy, and hydrology to study spatial phenomena (e.g., Chilesvard model estimates of NEE, GPP, aRd vary spatially
and Delfiner, 1999; Webster and Oliver, 2007). In study-and what drives this variability is of great importance, not
ing land-atmosphere carbon dynamics, geostatistical inverenly for forward model intercomparisons, but also for atmo-
sion modeling has been used to estimate the spatial distribuspheric inversion studies.
tion of carbon sources and sinks both globally, and regionally Information about the driving environmental variables
over North America (e.g., Michalak et al., 2004; Gourdji et used in each model is provided in Table 1. Monthly NEE,
al., 2008, 2010; Mueller et al., 2008). Geostatistical regres-GPP, andrg are compared among the models for 2002 over
sion approaches, such as the one described here, have bege domain of 10to 7¢° N and 50 to 170 W, at a spatial
used regionally to evaluate the relationship between environresolution of 2 x 1° (approximately 110 km by 50 km; the

mental variables (e.g., Erickson et al., 2005), and have redistance per degree longitude varies across the domain).
cently been applied to evaluate the potential controls on car-

bon uptake and release at flux tower sites in North America2.1.1 Simple Biosphere Model (SiB 3.0)
(NA) (e.g., Mueller et al., 2010; Yadav et al., 2010).

The approach presented here applies geostatistical regreSiB (Sellers et al., 1986, 1996a, b) is a biophysically-based,
sion modeling tools as a means to compare the spatial patand-surface model that is formulated based on the theory
terns of estimated flux from biospheric models. Thus, thethat the physiological controls operating at the plant level
analysis includes variogram analysis of modeled NEE and itsseek to maximize photosynthesis while minimizing water
component fluxes (GPP amRt), variable selection methods, loss (Baker et al., 2003, 2008). Thus, photosynthetic carbon

and geostatistical regression. fixation is based on enzyme kinetics (Farquhar et al., 1980),
and linked to stomatal conductance through the Ball-Berry
2.1 Models equation (Collatz et al., 1991). Soil respiration is calculated

based on temperature and soil moisture in each soil layer.
The three terrestrial biospheric models chosen for this analEcosystem respiration is forced within the model to balance
ysis are the Simple Biosphere model (SiB 3.0), the Carnegiannually with net uptake (Denning et al., 1996; Baker et al.,
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Winter Spring ) Summer 213 CASA Coupled W|th the GlObal Fil’e EmiSSionS
¥ SR ECR T \ Database (CASA GFEDv2)

The CASA GFEDv2 model (van der Werf et al., 2004, 2006)
is based on the CASA model described above, although fPAR
is estimated from Advanced Very High Resolution Radiome-
ter (AVHRR) NDVI from GIMMSg (Pinzon et al., 2005;
Tucker et al., 2005) instead from NOAA/NASA Pathfinder
NDVI (as in CASA). In addition, CASA GFEDv2 accounts
for the indirect (e.g. mortality and subsequent decay and re-
growth) effects of forest fires on carbon stocks in CASA's
above-ground carbon pools (leaf, wood, and litter). In both
CASA and CASA GFEDv2, the light utilization efficiency
term is set uniformly to a value derived from calibration of
Fig. 1. 2002 Winter (December, January, February), Spring (March,Predicted annual net primary production (NPP) to previous
April, May), Summer (June, July, August), and Fall (September, field estimates (Potter et al., 1993).

October, November) net ecosystem exchange (NEE) for examined
models. 2.2 Spatial covariance of modeled fluxes

umol m2 sec!

We apply variogram analysis to quantify monthly spatial au-
2003). SiB 3.0, hereafter referred to as SiB, specifies spatocorrelation of predicted NEE, and to examine how that
tial heterogeneity in some of its canopy properties throughvariability changes with season. Here, autocorrelation is de-
the use of satellite-derived vegetative indices such as leafined as the expected similarity between estimated fluxes as a
area index (LAI) and absorbed fraction of photosynthetically function of their separation distances for a given model, and
active radiation (PAR), rather than using published valuesis used as means to quantify spatial variability. This approach
of vegetation and soil parameters tied solely to vegetatiorenables not only the estimation of spatial variability in each
type (Baker et al., 2003). SiB has been coupled with theof the models, but, more importantly, the comparison of spa-
Regional Atmospheric Modeling System (e.g., SiB-RAMS) tial variability in predicted NEE across models. In addition,
in regional inversion and error estimation studies (Denningthe spatial variability of NEE’s component fluxes (GPP and
et al., 2003; Nicholls et al., 2004; Zupanski et al., 2007; Rg) is quantified for the three summer months of June, July,

Lokupitiya et al., 2008). and August.
. Quantifying spatial autocorrelation is needed to inform the
2.1.2  Camegie Ames Stanford Approach (CASA) statistical analysis (e.g., Sect. 2.3) geared towards identifying

CASA is a biogeochemical model that uses a system inotentlal drivers of observed spat|allpatte.rns_9f flux among
the models. The comparison of spatial variability among the

first-order linear differential equations to represent the flow : o .
models also provides a quantitative counterpart to the visual

of carbon between various pools, and track the Ic’ng'termexamination of variability depicted in maps of the spatial pat-

change in terrestrial carbon stocks on a monthly tlme-steqem of fluxes (e.g., Fig. 1). Quantitative comparisons help to

(Potter et al.,, 1993; Randerson et a_l., 19.97; Sc_haefer .Et alidentify significant differences between the models, and can
2008). CASA tracks photosynthesis using a simple light- . :
help to inform the comparison of model results. For exam-

use efficiency model, where maximum light-use efficiency le if dels vield f ith diff q f
is modified by factors such as temperature, water availabil-p & ! two MOdeIs yIeld Tuxes with very dilferent degrees o
. d litter substrate quality. Heterotrophic (i.e.. soil) res- spat!al varlablllty, then the models that generated these fluxes
'W’ and fitter quaity bhic {1.€., SO are likely very different.

piration is simulated within a number of soil-organic car- A variogram is a function used to describe the spatial cor-
bon pools; whereas autotrophic respiration is assumed to be , .. . : .
a constant fraction of GPP. The model’s soil moisture Sub_rglapop of observations, gnd is based on the degree of dis-
model is used to regulate both plant production and respira—s imilarity between two points(x) andy(x+h):
tion. This version of CASA is used as a priori information 1
in, among other studies, the TransComa3 inversion intercom¥ (%) = EE[(y(X +h)— y(X))z] N
parison study (e.g. Gurney et al., 2004; Baker et al., 2006).

No component fluxes (e.g., GPP aRg) were available for ~wherey represents the grid-scale flux (i.e., NEE, GPRRgy
this version of CASA. predicted from the models, ardis the separation distance

between two grid-scale estimates of flux. The raw variogram
obtained from Eq.X) is typically represented using a theoret-

ical variogram function. Here, we use an exponential model
to examine the spatial correlation of a particular biospheric
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model’s estimate of carbon flux. This choice is based onthe chosen driver or input data. Variable selection meth-
an examination of the raw variograms of flux estimates con-ods provide a measure of the overall linear sensitivity of es-
structed from the different models, and is consistent with thetimated fluxes to environmental variables, or other derived
work of Michalak et al. (2004). The exponential variogram quantities such a@10, without having to recreate the com-

is defined as: plex relationships or formulations within the models. Even
if these formulations could be recreated, such an approach
y (h) =02<1—exp<——)> (2 would be undesirable because it would not offer a common

metric of comparison across models. Variable selection also

where o2 represents the expected variance of carbon fluxProvides a means to compare models in light of their dif-
at large separation distances, drig the correlation range ferences (e.g., formulations, er_mronmental o!rlvers), and to
parameter. The practical correlation lengtt) s approxi- e_valg_ate whether tr_\e_ same enV|r_0nmer_1taI_ \_/ar!ables appear as
mately 3, beyond which the covariance between points is significant in explaining the spatial variability in flux across
negligible (e.g. Kitanidis, 1997). models. o _

To obtain an overall measure of spatial variability for each  Similarly to multiple linear regression, the GR approach
of the models, the spatial covariance parametefs i) of expresses the dependent variable, in this case the estimated
grid-scale estimates of flux for land cells within NA are NEE (or GPP orRe) from the modelsy, as the sum of a
optimized by fitting the theoretical variogram in EQ) o deterministic componentX(), and a stochastic terme)
the raw variogram (derived from Eq. 1) using ordinary least (Kitanidis, 1997):
squares (OLS). Conceptually, a higher variance is indicative X 4
of greater overall spatial variability, while a shorter corre- y=Xp+e “)

lation length indicates greater spatial variability at smaller-l-he deterministic component represents the portion of the
scales. . o predicted flux that can be explained using a set of grid-scale
In order to better compare the spatial variability in carbon g ironmental variables or covariates, while the stochastic
flux predicted by the models, the parameter(Alkhaled et ., ynonent describes the spatial variability in flux that could
al., 2008) is used '_[0 merge information from the fitted vari- ot e explained by the deterministic component. The de-
ance and correlation range par.a.meters, and to provide arministic component takes the form X8, whereX is a
overall measure of spatial variability: (n x p) matrix containing columns g environmental vari-
ho— 1 In (1— J/max) 3) ab!e_s that are s_caled bypax 1 \_/ector of unknoyvn drift co-
0= 2 efficients or weightsf). The simplest model is a spatially

o
) _ ) constant mean, where=1, X is a vector of ones, anf

wherel ando are_the fitted variogram parameters for each g the constant mean. More complex models include both
model from equation2), andho represents the distance at {he constant mean and a linear combination of environmental
which the variogram reaf:hes a certain preset VaiH%xl variables that best describe or represent the physical process
Thereforefig provides a single diagnostic metric with which being modeled (e.g., Erickson et al., 2005; Gourdii et al.,
to compare the overall spatial variability of the models. Both 5q0g- Mueller et al.. 2010: Yadav et al. 2010). Even though
a higher regional variancer§) and a shorter correlation e columns irx are linearly related tg, the columns them-
range parametef)(results in a shorter overdlp, indicating  se|yes can contain derived quantities or transformations of
a greater degree of spatial variability of the modeled flux overg,e or more environmental variables (e.g., Erickson et al.

smaller spati.al scales. The valueyafax used in the analysis 2005; Mueller et al., 2010). In this analysis, however, no
of model estimates of NEE and component fluxes (GPP ang{erived quantities or transformations were used.

—1y2 : ) : I
Rg) was chosen to be 0.05 and 1.0 (umolds—1) » Fespec- The variable selection step provides a means of objectively
tIV§|¥. The choice of this value is somewhat flexible, as long selecting the environmental variables to be includedjn
as itis below the lowest observed. while the geostatistical regression is used to obtain the best

estimate of the drift coefficientg] which represent the re-
lationship of model-predicted NEE, GPP, aRd to the se-

The geostatistical regression (GR) approach presented hefgcted gn\{ironmental variables, along with their associated
includes a combination of variable selection (e.g., Bumhamuncertamtlesdg).

and Anderson, 2002) and geostatistical regression (i.e. uni- Together, these two approaches have several advantages
versal kriging) (e.g., Kitanidis, 1997) in order to identify the over previous model intercomparison approaches. First,
factors explaining the spatial variability in monthly predicted the application of a variable selection method reduces the
NEE, GPP, an&g among biospheric models. Several factors risk of identifying spurious relationships between environ-
influence the response of estimated fluxes to environmentaiental variables and modeled fluxes as significant, because
variables, including model assumptions, the manner in whiclonly variables that jointly provide significant explanatory
mechanistic processes are formulated within the model, angpower can be selected. Second, the combination of variable

2.3 \Variable selection and regression analysis

www.biogeosciences.net/8/1579/2011/ Biogeosciences, 8, 15932011
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selection and regression analysis serves as a systematic SeNglple 2. Environmental variables considered in variable selection.

tivity test of flux estimates to common environmental drivers

used in biospheric models. Thus, biospheric models can be

Environmental Variable

Units Source

assessed by comparing which environmental variables are
selected as part of the GR model (Sect. 2.3), and by com-

Enhanced vegetation index (EVI)

unitess  MOBIS

- ) ) o . Normalized difference vegetation index (NDVI)  unitless
paring the estimated drift coefficients relating the selected Fraction absorbed photosynthetically active  unitless
environmental variables to each model's estimate of flux radi?tion (fAdPAR() ) |

Leaf area index (LAI unitless
(Sect. 2.3.2). Downward short-wave radiation Wn  NARR?
. . Evapotranspiration kgm2
2.3.1 Bayes Information Criterion (BIC) Monthly average precipitation kgT?
. . Near surface air temperature °C
One of the most widely used variable or model selec- soil moisture kg 2
tion techniques is the Bayes Information Criterion (BIC)  Specific humidity kgkg?

(Schwarz, 1978). The term “model” here refersdtpor a
collection of environmental variables that, either individually
or collectively, have the most explanatory power in terms of
the spatial variability of biospheric-model-derived monthly
NEE, GPP, antRg.

010(Q10(t) = 1.5(Tom/10)

Downward short-wave radiation fAPAR

Percent crop land
Percent evergreen needleleaf
Percent grassland

unitless  calculated
Wm=2  calculated
% IGEP
%
%

Percent mixed deciduous and broadleaf forests %

Percent shrubland

%

Criterion-based approaches, such as the BIC, have been

applied in studies focused on model selection for geospatiaj ‘ )

. . . MODIS for NACP, gap-filled and smoothed collection 5 data
data (Hoeting et aI:, 2006) and, more recently, gt elucidatingpitp:/7accweb.nascom.nasa.gov/
processes controlling carbon exchange at various tempor&INorth American Regional Reanalysis (NARR) provided by NOAA/OAR/ESRL PSD,
scales at eddy covariance towers sites (Mueller etal. 201 oulder, Colorado, USA from their Web site &tt{p://www.esrl.noaa.gov/psd/

. o Olsen and Randerson (2004%,, = temperature at 2m above ground surface.

Yadav et al., 2010). BIC aims to select the combination 0f4 jntemational Geosphere Biosphere Program (IGBP) Land Cover Classifications from
environmental variables that is most probable (Forster, 2000)/IODIS (http://www-modis.bu.edu/landcover/userguidelc/index.ntml
in terms of explaining the variability of fluxes.

The BIC value of a particular combination of environmen-
tal variables is a function of the unknown drift coefficients, mponent flux modelin
B, and the covariance of the regression residuglsssum- COThpOB?C ud Glg N Ig . ducted on 2002 i
ing that the regression residuals (Sect. 2.3.2) follow a Gaus- € an analysis IS conducted on monthly

sian distribution (Schwarz, 1978; Mueller et al., 2010). The;l\uxes coxenng"the;hree fsummﬁlr months OJ Jung, July anld
model with the lowest BIC is identified as the best model. UQUSt' \ Small su set_o mont y-average environmenta
variables is considered in the BIC analysis (Table 2). These

The covariance of the residuals is assumed to decay expo-— . .

nentially with separation distance: variables were chosen because they have full _spgtlal coverage
over North America and have a known association with bio-

spheric fluxes. The variables in Table 2 were mean-deviated

and normalized by their standard deviation prior to the re-

gression analysis, in order to make estimated regression co-

whereQ is ann x n covariance matrix of the regression resid- efficients, g, comparable across variables.

uals anch is ann x n matrix of separation distances between

flux estimate locations (i.e., points on the model grid). The2.3.2 Geostatistical regression analysis

spatial covariance parametets*(andl) in Q are optimized R

in a similar manner as described in Eq. (2) and Sect. 2 JEstimates of the drift coefficientg, and the covariance ma-

except that the covariance is quantified for the residugls, [ix describing their uncertaintie¥, ;, are obtained as (e.g.,

(Eq. 4) from the regression (see Gourdii et al., 2008) ratherCressie, 1993):

than the fluxes themselves. Accounting for the fact that the. .

drift coefficientsg are unknown, the BIC equation becomes g = (xTQ*1x> xTQ™ 1y )

(Mueller et al., 2010):

BIC approach has been applied in the context of NEE and

Q =ozexp<—?) (5)

BIC; =In|Q|+ B
v (@t (X x) XTQ )y epine @ Vi (x"e7x) ®

The reader is referred to Burnham and Anderson (2002) for Jhe dlagonél elements W are .the variances repr(?sentlng
more detailed description of BIC, and to Mueller et al. (2010) the uncertainty of the drift coeﬁ|C|ents§). The fraction of

and Yadav et al. (2010) for additional information on how the the flux variability explained by the GR model is quantified

Biogeosciences, 8, 1579593 2011 www.biogeosciences.net/8/1579/2011/
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1200 T T T T T T T

25 *
-—@— SiB 3.0

= —s—SiB30 —e—CASA 1
R —— CASA —e— CASAGFEDV2 | |
E 2 e CASAGFEDv2 1000 ¢ 1
[=]
g
S T 800 1
= < 600 |
=
E 05

400 f

0
200 g
8000
= o
< O W Wy sept o
— Jan Mar May July ep
= 6000 L
5 4
o a Fig. 3. Seasonal cycle of thiey parameter for the examined models.
5 A, - Ymax value of 0.05 (umol m? s—1)2,
f
8 2000 t
ing the dormant months, which is consistent with the lower

spatial variability observed in the variance parameter.

The ho parameter (Eqg. 3) shows that NEE from SiB is
Fig. 2. Covariance parameters (correlation length and semivari-more variable relative to the other models for most months,
ance) evaluated monthly for 2002 NEE for each model. and especially during the dormant months, followed by
CASA and CASA GFEDv2 (Fig. 3). SiB’'s forced cell-
by-cell, long-term balance in photosynthesis and respiration

Jan Mar May July Sept Nov

using the coefficient of determination: likely drives its greater spatial variability during the winter or
dormant months, because the underlying spatial structure or
(y _ Xl}) g <y _ Xl}) variability is retained during the dormant season within SiB,
RZ=1— 7 9) much more so than for CASA or CASA GFEDv2.
Y—EDD" (y—EDD Both SiB 3.0 and CASA GFEDv2's predictions of GPP

where E[y] is the mean of the estimated flux from a given have significantly greater spatial variability over smaller
biospheric model. scales than that of NEE, and slightly greater spatial variabil-

ity than Re. Component fluxes for CASA were not available.
, ) The average summertime variance in GPP Bagredicted
3 Results and discussion by CASA GFEDV2 is greater than that of SiB 3.0 (see Fig. 4).
The correlation lengths, however, of SiB’s summertime GPP
and Re (1100km and 1300 km, respectively) are slightly
The spatial covariance parameters obtained from the varshorter than for GFED (1200 km and 1400 km, respectively).
iogram analysis provide a measure of the scale at whichThus, using a/max of 1.0 (umolnT2s1)2, we see that the
model estimated carbon fluxes vary, or the scale of spatiabverall spatial variability of GPP for SiBi = 130 km) and
variability (e.g., correlation length arith). The models are  CASA GFEDv2 (o= 110km) are comparable. However,
driven by different data sets and represent the biogeochemi€ASA GFED ¢ = 190 km) exhibits slightly greater overall
cal processes controlling carbon flux in different ways, bothspatial variability in Rg during June, July, and August rel-
of which influence the spatial patterns and variability of a ative to SiB o =270km). Recall that the smallép, the
model’s estimated fluxes. more variable the modeled flux over smaller spatial scales.
Non-growing season NEE was found to consistently ex-The differing degrees of variability iRg among the models,
hibit lower variancesd?), reaching a minimum in Septem- combined with somewhat comparable degrees of variability
ber (~0.2 to 0.5 (umolmZ2s1)2), and remaining rela- in GPP, leads to the overall spatial variability observed in
tively constant until bud-burst and leaf-out in April and May NEE. Conceptually, NEE is the small difference between two
(Fig. 2). The variance during the growing season, on thelarge fluxes: gross primary productivity and ecosystem res-
other hand, is quite different between the models, with thepiration. Large differences in the variability of GPP aRg,
greatest variance in NEE exhibited by SiB (Figs. 2 and 3).as seen in SiB 3.0, can translate into more variability in re-
Similarly, correlation lengthsi() are generally longer dur- sultant NEE fluxes.

3.1 Spatial covariance
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: ; The spatial variability of soil respiration can be affected
-y by other factors, in addition to the soil respiration algorithm
[ —®— CASAGFEDv2 ] used in the model. For example, indirect effects, such as the
model’s ability to model soil temperature and/or soil water
content can also significantly impact how soil respiration is
represented.

Additional analyses were conducted to determine whether

the scales of variability in the modeled fluxes could be ex-
plained simply by the scale of variability in typical environ-
mental driver data used by these models. Using the same
approach as that described in Sect. 2.2, we estimated the
summertime correlation lengths of many of the environmen-
tal variables in Table 2. The correlation lengths of these
variables ranged from 3000 to 6000 km, lengths significantly
longer than those of model estimates of flux, indicating that
the scales of spatial variability of the environmental vari-
ables alone cannot explain the spatial variability of modeled
fluxes. Therefore, although the variability in environmen-
tal variables (such as those that reflect phenology in partic-
ular) certainly explain some of the spatial variability seen in
the models, model choice, assumptions, and structure were
found to be a primary influence on the scales of flux variabil-
| ity.
R, Overall, quantifying spatial variability allows for the com-
parison of flux estimates across models, in terms of how
differences in the degree of spatial variability in compo-
nent fluxes translate into each model’s grid-scale estimates
Fig. 4. 2002 (Summer June, July, and August) experimental vari-OfNEE' The variogram.analysis quantifigs spatial variability

T ‘ ' among the models, which, combined with knowledge about

ograms for net ecosystem exchange (NEE), gross primary produc; . .
tion (GPP), and ecosystem respiratiokg]. Component fluxes the model structure and formulations, is seen here to be a

were not available for CASA. Note the different range on the y- valuable tool for model intercomparisons. In addition, this
axes. type of information helps inform the geostatistical analyses
that is used to correlate modeled fluxes (and their spatial vari-
ability) to climatic variables and other environmental driving
Both models assume autotrophic respiration to be a fracvariables. This is shown in the next section, where the spatial
tion of GPP; however, they compute heterotrophic respiracorrelation structure described in Eg. (2) and shown in Fig. 2
tion in different ways (Table 1). CASA GFEDV?2 treats soil is used in assessing the relationship of flux to environmental
respiration uniformly as @10 response. However, it scales drivers and other ancillary variables.
respiration with the same soil moisture submodel that reg-
ulates productivity (Table 1). Therefore, soil carbon flux is 3.2 Variable selection and regression analysis
controlled by nondimensional scalars related to air temper-
ature, soil moisture, litter substrate quality, and soil textureGeostatistical regression is used to identify environmental
(Zhou et al., 2009). Conversely, SiB 3.0 calculates soil respi-variables that best explain the spatial variability in model-
ration from temperature and soil moisture in each layer, thergStimated fluxes. Whereas it is difficult to isolate the ex-
scales respiration to achieve carbon balance over an annuBlanatory power of environmental variables by looking at
scale (Baker et al., 2003). No such annual balance is enthem individually, the approach implemented here examines
forced in CASA GFEDv2, which allows carbon to accumu- the influence of multiple variables concurrently. Thus, the
late and move through various carbon pools. In the summege€ostatistical regression provides information about which
months, this prescribed annual balance in SiB may dampenariables significantly explain the variability in modeled flux,
the soil respiration variability, and therefore ecosystem resWhether these variables are consistent between models, and
piration, causing it to be less spatially variable (compared tohow much of the variability remains unexplained and is
CASA GFEDv2) at certain times of the year. therefore attributable to factors such as model assumptions,
model formulation, scaling choices, and environmental vari-
ables not considered in the analysis.

Semivariance, (Xmol m” sec”)’

O 1 1 1 L 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000
Separation Distance ( km)
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Drift coefficients and their associated uncertainties wereGFEDV?2 is scaled with the amount of tree cover. Therefore,
estimated for those variables selected using the BIC as outa cell with high percentage tree cover will have higher mor-
lined in Sects. 2.3.1 and 2.3.2 (Table 3). A positive sign ontality than, for example, an open grassland (van der Werf et
Bi indicates the variable is associated with an increaga=in  al., 2003). Mortality rates due to fire have an indirect effect
or a decrease in GPP, while a negative sign indicates that an respiration and productivity, and thus, might explain the
variable is correlated with a net increase in GPP or decreashigher apparent correlation of CASA GFEDv2 fluxes to per-
in Rg. cent land cover relative to CASA or SiB 3.0.

Q10 was selected for both SiB 3.0 and CASA GFEDv2 as
having a significant relationship to NEE. However, in SiB,
Q10 is correlated with uptake or sink in GOn SiB, while
Only evapotranspiration and the percent land cover by mixedn CASA GFEDV2 it is linked to an overall release (Ta-
and deciduous forests (MDBF) were found to have a sig-ble 3). For CASA GFEDv2, the drift coefficients @1
nificant relationship with estimated NEE across all modelsand evapotranspiration are highly correlated, and therefore
(Table 3). This is consistent with the expected strong rela-their impact cannot be assessed independently. In examin-
tionship between transpiration and photosynthesis. The coning the net apparent impacxﬁ) of temperature on NEE in
nection between land cover types, such as deciduous foressASA GFEDv2 (not shown), temperature accounts for the
and NEE is intuitive as well. HIgh'y productive regions tend greatest net uptake of GOmore than twice the magnitude
to have large gross fluxes, and small changes in these fluxast any other variable. Conversely, in SiB, evapotranspira-
(relative to mean uptake/respiration) can have a large impadon and Q1 are correlated with the greatest overall uptake
on net flux. Thus, the BIC successfully identifies variables and downward shortwave radiation with the largest release of
with known strong correlations to NEE. X CO, from the land to the atmosphere.

The magnitude and sign of the drift coefficiergt) (for The amount of NEE’s spatial variability explained by the
evapotranspiration in relation to NEE is consistent among theselected environmental variables for each model is shown in
three biospheric models (Table 3) indicating that evapotranfig. 5 using experimental variograms (e.g., a smoothed var-
spiration has a similar importance in each of the models ofiogram generated by averaging the raw variogram over con-
at least the spatial distribution of evapotranspiration is cor-secutive separation distance intervals, similarly as for a his-
related similarly to the spatial distribution of NEE. In con- togram). Included in Fig. 5 is the experimental variogram
trast, even though the percent cover of MDBF was selectedesulting if only those variables commonly selected across
as a significant variable explaining NEE across models, itamodels (i.e., evapotranspiration and MDBF) are used in the
weight (i.e., drift coefficient) varies, with the greatest weight trend, as well as when each model is detrended using all
observed for CASA GFEDv2 and the lowest weight in SiB of the variables selected for that modéﬂ[{). Evapotran-
3.0. The sign on the drift coefficients are consistent, how-spiration and percent cover of MDBF explain only a small
ever, with MDBF being associated with an overall uptake of portion of spatial variability in estimated NEE, relative to
CO; across models (Table 3). that explained by the complete model-specific environmental

In the analysis conducted with SiB fluxes, the GR ap-variables selected through BIC. This implies that the model-
proach selected the fraction of photosynthetically active ra-specific variables selected for each model are more impor-
diation (fPAR), leaf area index (LAI), downward short-wave tant for interpreting the predicted carbon flux than are the
radiation, soil moisture, an@1o, in addition to evapotranspi-  variables commonly selected for all models. This suggests
ration and percent cover by MDBF, as having the greatest exfundamental differences between the models in terms of the
planatory power for modeled NEE (Table 3). This is in con- factors that explain their predicted flux. For a given scale and
trast to the variables selected as having a significant relationtime period, this, in turn, provides an opportunity for compar-
ship to CASA's NEE fluxes, which include the enhanced veg-ing the variables selected for each model with those found to
etation index (EVI), normalized difference vegetation index pe important in explaining real flux observations (e.g., Law et
(NDVI), precipitation, and the percent land cover by crop- al., 2002; Urbanski, 2007; Mueller et al., 2010; Yadav et al.,
lands. While precipitation and percent cover by cropland2010), thereby providing a potential new avenue for model
were also selected for CASA GFEDv2, temperatupay, evaluation and improvement.
and land cover type appear to be more highly correlated with To further examine these relationships and to compare the
modeled NEE than in the other two models. Some of themode|s, a similar ana|ysis was conducted on NEE’s compo-
differences in variables selected for a given model may benent fluxes of GPP and respiratioRg). Because environ-
less important (e.g., LAl and fPAR, versus EVI and NDVI) mental variables such as water availability and temperature
because these variables are similar. What is interesting isnay have complex relationships with each other, as well as
that very few variables were commonly selected in CASA photosynthesis and respiration, isolating the GPPR&nds-
and CASA GFEDv2, even though the same base model isimates from the models may allow for a more robust com-
used for each (Table 3). In the modifications of CASA to parison of modeled output.
account for fire, the mortality of woody vegetation in CASA

3.2.1 Explanatory variables for modeled net ecosystem
exchange
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Table 3. Selected variables and their associated drift coefficiq@l,tsl(nol nm2s-1) as estimated from geostatistical regression for the
summer months of June, July, and August. The values inside the parentheses indicate the uncertainty in drift conZJ):ieVﬂmes of
[3 andV , are based on normalized varialilesThe variance explainedR€) by the trends is provided for each model. Dashes indicate

environmental variables that were not selected for a particular model. Note that component fluxes were only available for SiB 3.0 and CASA
GFEDv2.

Environmental Variables Net Ecosystem Exchange (NEE) Gross Primary Production (GPP) Ecosystem Respgijation (R
CASA SiB 3.0 CASA GFEDv2 SiB 3.0 CASA GFEDv2 SiB 3.0 CASA GFEDv2
Enhanced vegetation index -0.31 - - —0.67 (0.08) —0.56 (0.05) 0.41 (0.05) 0.47 (0.04)
Normalized difference vegetation 0.19 (0.03) - - 0.44 (0.07) 0.29 (0.05)—0.29 (0.04) —0.23(0.04)
index
Fraction absorbed photosynthetically - —0.06 (0.02) - - - —0.11 (0.02) -
active radiation (fPAR)
Leaf area index - 0.16 (0.02) - - —0.11 (0.02) 0.22 (0.03) 0.31(0.03)
Downward short-wave radiation 0.12 (0.03) 0.32 (0.04) - - 0.50 (0.06) - —0.35(0.04)
Downward short-wave radiation - - - - - - —0.18 (0.02)
fPAR
Evapotranspiration —0.21(0.01) -0.21(0.02) —-0.22(0.01) —0.42(0.04) —0.91(0.03) 0.20 (0.02) 0.67 (0.02)
Precipitation 0.08 (0.01) - 0.05 (0.01) - - - -
Near surface air temperature - - —0.31(0.04) —0.28(0.04) - 0.19 (0.03) 0.81 (0.07)
Soil moisture - 0.06 (0.01) - 0.15 (0.02) - —0.08 (0.01) -
Specific humidity - - - - 0.36 (0.06) - —0.38 (0.05)
010 - —0.11 (0.02) 0.32(0.04) - —0.21 (0.04) - —0.58 (0.07)
Percent crop land —0.08 (0.01) - —0.26 (0.01) —-0.31(0.04) —0.85(0.03) 0.16 (0.02) 0.62 (0.02)
Percent evergreen needleleaf - - —0.20(0.01) —0.24(0.03) —0.90(0.02) 0.08 (0.02) 0.69 (0.02)
Percent grassland - - —-0.10(0.01) -0.15(0.03) —0.38(0.02) - 0.27 (0.02)
Percent mixed deciduous and —0.13(0.01) -0.09(0.01) -0.25(0.01) -—0.28(0.03) —1.25(0.02) 0.12 (0.02) 0.99 (0.02)
broadleaf forests
Percent shrubland - - —0.09 (0.01) - —0.33(0.02) - 0.24 (0.02)
R? 0.27 0.04 0.49 0.36 0.72 0.41 0.70

*Variables are normalized by subtracting the mean and dividing by the standard deviation, making the normalized variable unitless. Therefore, the units on the drift coefficients
become pmol m2 s~ to correspond with flux.

3.2.2 Explanatory variables for modeled gross primary  ample, in a study by Mueller et al. (2010), which examined
production and respiration the relationship of environmental variables to measured flux
from an eddy-covariance flux tower, different variables were

In general, a greater number of environmental variables ar(%ound to be correlated with GPP thanftg. Thus, the degree

consistently identified as being correlated with GPP &ad ™2 which Re predictions from biospheric model can be inter-

across models, than were observed in the analysis conductepdreted here, may need to be re-evaluated. Because of this

with NEE. In addition, for a given biospheric model, many of inverse relationship in some environmental variables, their

the same environmental variables are correlated to both Gplg_fluence cancels out when the GR approach is used directly

and R (Table 3). However, with most variables, the sign of with model estimates of NEE. Thls.can be seen in Table 3
the recovered drift coefficients on GPP akis reversed. In when the results of the NEE analysis are compared to those
the analysis of component fluxes, uptake of GCe., GPP) of the component fluxes.

is denoted with a negative sign, while a positive sign repre- From the component flux analysis, temperature is seen to
sents release of GCfrom the land to the atmosphere (i.e., have a stronger correlation #®e in CASA GFEDv2 com-
Re). Those environmental variables that are correlated withPared to SiB, which is the reverse of what was observed in
an uptake of C@from the atmosphere in the analysis with the NEE analysis, where temperature was correlated with a
GPP, are correlated with a source of £®hen examined et uptake of C@ (Table 3). Temperature was not selected
againstRe. In CASA, CASA GFEDv2, and SiB 3.0, au- in the GPP analysis with CASA GFEDV2. In terms of NEE,
totrophic respiration is formulated as being an instantaneouéemperature may be acting as a proxy for another variable not
fraction of GPP. Therefore, the similar but opposite relation-included in the analysis, or the interaction of variables whose
ship of selected environmental variables to GPPRadhay ~ SPatial coverage can be captured (in part) by temperature.
be a result of model formulation rather than a real associa- Vegetative indices appear to be similarly correlated to GPP
tion with the physiological processes drivilg. However,  andRg in SiB and CASA GFEDv2. While land cover classi-
the heterotrophic contribution tBg could be 50 % or more, fication appears to have a significant impact in both models,
and the controls on RH may vary among the models. For exas also seen with NEE, the relationship to flux is stronger in
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; ; ; ; ; ; ; duced for SiB when GPP arRk are detrended using the se-
SiE:2:0 lected variables, whereas the variability for CASA GFEDv2

z is reduced at all separation distances. In addition, a sig-
T T i n e R K Ry nificant proportion of the variability explained in both SiB

| and CASA GFED’s GPP anRg by their model-specific GR

05 | ] trends is from those variables commonly selected across both
models (Fig. 6). The magnitude of the drift coefficients on

0 : : : : : : : these common variables differs between the two biospheric
: : : : : : : models, however, with larger drift coefficients estimated for
CASA CASA GFEDvV2 fluxes versus SiB 3.0.

157 I The greater overall ability of the GR models to explain
component flux spatial variability (and NEE) in CASA
"""""""""""""""" < GFEDv2, compared to SiB, likely results for the types of
I | candidate environmental variables used in this study (Ta-
ble 2). CASA is a diagnostic model that uses remote sens-
0 \ : \ \ \ \ \ ing data as input. Thus, it makes sense that the flux esti-
2 ‘ ‘ ‘ ‘ ‘ ‘ ‘ mates from CASA would be more sensitive to datasets de-
CASA rived from remote sensing information (e.g., vegetative in-
15 GFED2 —MER dices, land cover). While SiB fluxes are also sensitive to
= = = *NEE deftrended (commen) similar ancillary environmental variables, these parameters
explain far less of SiB’s spatial variability. Such a finding
has several possible implications. If the true flux variability
.................................................. does not significantly correlate with remote-sensing-based
i products, model estimates that strongly correlate with, and
depend on, such datasets (such as those from CASA) could
potentially have significant biases. Conversely, more com-
Fig. 5. 2002 Summer (June, July, August) experimental variogramsplex models, such as SiB, that. derive their OWF.I .measures of
for net ecosystem exchange (NEE) of original fluxes as providedplam_phenmogy based on enVI.ronmentaI condltlons,'de.p.end
by the biospheric models (solid-line), as well as for the residualN€avily on their model formulation rather than the variability
(unexp|ained portion of NEE) using 0n|y those variables Commomyin Observed enVironmental driVerS. Self'derived quantities
selected across models (dashed-line); and all of variables selectewithin such models could also introduce a bias if the pro-
that best explained predicted NEE for a specific biospheric modelcess parameterizations do not emulate the behavior of the
(dotted-line). real processes driving phenological variability. While this
type of diversity in models makes intercomparisons difficult,
the GR approach helps to highlight the impact of differences

CASA GFEDv2. The incremental impact of land cover is caused by alternative model formulations, which can be used
largest for deciduous and mixed broadleaf forests, evergreegy guide further model enhancements.

and needleleaf forests, and croplands. This relationship be-

tween flux and land cover makes intuitive sense. In areas

where CQ uptake is large (e.g., deciduous and mixed forests4 Conclusions

or croplands), respiration will likely be large as well. Fur-

thermore, in regions where there are large gross fluxes, therghis study applies a set of quantitative methods, including
is also the possibility for the largest variability in flux. The variogram analysis, variable selection, and geostatistical re-
converse would be true for relatively unproductive regions,gression, for comparing biospheric model estimates of NEE
such as shrublands. This, combined with the potential impactnd its component fluxes. Using a small subset of biospheric
of how mortality rates are parameterized in CASA GFEDvZ2, models, these methods are evaluated in terms of their abil-
explains the apparent strong relationship between percerity to identify overall similarities and differences in modeled
land cover and CASA GFEDV2's prediction of GR®, and  fluxes, quantify and compare the scales of variability among

Tant

Semivariance, ¢” (umol m?s™y*

1 b - = = = NEE detrended (model-specific)

0 500 1000 1500 2000 2500 3000 3500 4000
Separation Distance (km)

subsequently NEE. the models, and determine the environmental factors explain-
The linear combination of selected variables (i%8) ing the observed variability in fluxes.
associated with carbon uptake (GPP) and rele®&sg éx- Both the variogram analysis and the relatgedparame-

plains approximately 70 % of CASA GFEDv?2 flux variabil- ter provide information about the degree of flux spatial vari-
ity during the summer months and approximately half thatability in the different models, beyond what is evident from
amount for SiB 3.0 (Table 3). This can also be seen in Fig. 6visual examination and comparison of flux patterns. The re-
where the variability at smaller scales is only marginally re- sults show that while SiB exhibits greater variability in NEE
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Fig. 6. 2002 Summer (June, July, August) experimental variograms for gross primary production (GPP) and ecosystem reBpiration (

of original fluxes as provided by the biospheric models (solid-line), as well as for the residual (unexplained portion of flux) using only
those variables commonly selected across models (dashed-line); and all of variables selected that best explained predicted flux for a specifi
biospheric model (dotted-line). Component fluxes were not available for CASA.

than both CASA and CASA GFEDv2, particularly during the in a study conducted by Mueller at al. (2010) examining the
dormant and transition months of the year, the overall smallfactors explaining temporal flux variability at the University
scale variability in SiB’s component fluxes is much less thanof Michigan Biological Station eddy covariance site, differ-
that of CASA GFEDv2. Moreover, it is these differences in ent environmental variables were found to be correlated with
the amount of variability in SiB'®Rg and GPP that drive the GPP than taRg. This is contrary to the results of this analy-
overall variability observed in NEE. In addition, as seen with sis, which found the biospheric model estimates of GPP and
GPP andRg, ho is a single diagnostic that allows for the Rg to be sensitive to similar sets of environmental variables.
comparison of complex variability, where the influence of This inconsistency between the sensitivity of modeled and
variance and correlation length are merged to provide a morebserved fluxes indicates that, for the examined models, pre-
informative, and comparable, measure of flux variability over dictions of Rg appear to reflect a scaling of GPP, rather than
smaller scales. Finally, information about flux autocorrela- sensitivity to environmental variables that control respiration
tion helps to inform the regression analysis used to corredirectly. Whether this type of relationship is reasonable re-
late modeled NEE to common climatic and environmentalquires further investigation with other models and flux mea-
parameters. surements, and provides a new avenue for model-data inter-

The GR approach, which combines variable selection and:olr:np?r?sons. the GR Vsi b dtod inf
geostatistical regression, provides a means to identify and urthermore, the analysis can be used 1o draw inter-

compare the environmental variables that are most signifi~ o> about how differences in model formulation translate

cant in explaining modeled flux spatial variability. The ap- into observed differences in flux variability across mode_ls.
proach highlights those environmental variables that corre-':Or example, CASA GFEDv2's method of scaling mortality

late to flux as predicted by each examined model, and proyvith percent tree cover appears to strongly influence its flux

vides a means for identifying the strength of the relationshipd'hsmbu“on' ASI‘\”} retf]u'l‘t, th? Sp.at'gk\gxagg'éyDszc.arbf n e)i'
between these variables and predicted flux. This, in turnC1aNge across Worth America in & g Ve IS Strongly
orrelated to land cover. In addition, SiB’s model formula-

provides an opportunity for comparing the variables selected . . o X
for each model with those found to be important in explain- tion appears to be far more important in explaining the spatial

ing true flux observations (e.g., eddy-covariance flux towerv"’m""tbIIIty of ﬂl.JX.(taSt.t han er|1V|rgnmentaI factors such as tem-
measurements or inventory-based estimates). For exampl@,era ure, precipitation, orland cover.
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