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[1] Numerical biogeochemistry models suffer from equifinality problem in their
parameterizations using eddy flux tower data, which can contribute to diverged estimates of
regional carbon dynamics. To date, the uncertainty in regional estimates propagated from the
site-level parameterization equifinality has not been well characterized. Here, we use a
process-based biogeochemistry model, the Terrestrial Ecosystem Model (TEM), and a
Bayesian inference framework to quantify the influence of parameterization equifinality on
the estimates of carbon dynamics in boreal forest ecosystems during the 20th century. By
conducting three groups of ensemble regional simulations, we find that, given a certain
climate data set being used, (1) in comparison to the effects of random noises in climate
forcing, the regional uncertainty due to parameterization equifinality is remarkably greater,
(2) the parameterization equifinality results in drastically different decadal variations in
the estimation of carbon storage during the 20th century, and (3) the uncertainties
associated with parameterization equifinality and random noises in climate forcing vary
both spatially and seasonally. We conclude that the equifinality from site-level
parameterizations in biogeochemistry models is an important uncertainty source in
estimating regional carbon dynamics. Simply extrapolating the site-level
parameterization to large spatial and temporal scales could bias the regional estimates
irrespective of regional climate data sets used in our analysis. Ensemble process-based
biogeochemistry model simulations conditioned on observed ecosystem fluxes with
Bayesian inference techniques could provide more serious estimates of regional carbon
dynamics and their associated uncertainties.
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1. Introduction

[2] Earth system models usually have multiple interactive
physical, chemical, and biological components and are
mathematically formulated with numerous equations and
parameters associated with their processes and controls
[Entekhabi and Eagleson, 1989; Beven and Binley, 1992].
Equifinality in parameterizations of these models has long
been recognized to affect the model predictability and
uncertainty [e.g., Beven and Binley, 1992; Beven, 1996;
Franks et al., 1997; Beven and Freer, 2001; Schulz et al.,
2001]. Parameterization equifinality occurs when different
sets of parameters for a single modeling system result in
same or similar predictions, given that the model, forcing
data and observations used in calibration are not perfect

[Beven and Freer, 2001]. For example, in a previous study,
we have demonstrated that a biogeochemistry model, the
Terrestrial EcosystemModel (TEM), when calibrated against
eddy flux tower data, is able to reproduce the observed
carbon (C) fluxes with similar accuracy, but with very
different sets of parameters (J. Tang and Q. Zhuang, A global
sensitivity and Bayesian inference framework to improve the
parameter estimation and prediction of process-based terres-
trial ecosystemmodels, submitted toGlobal Change Biology,
2008, hereinafter referred to as Tang and Zhuang, 2008), for a
black spruce ecosystem in Canada. Thus, given the same
model structure, climate forcing, and initial conditions, there
is not a unique set of parameters, which could be used for
regional extrapolation. Rather, Bayesian theory suggests that
all the parameters derived with Bayesian inference technique
have a certain probability to be a ‘‘true’’ set of parameters
[Tarantola, 2005]. If we simply extrapolate one set of those
possibly ‘‘true’’ parameters to a region with biogeochemistry
models, the regional estimates of carbon dynamics will
potentially be seriously biased.
[3] In the past, in quantifying the uncertainty of regional

estimates of carbon dynamics due to site-level parameter-
ization equifinality, biogeochemistry models have been
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evaluated in the context of sensitivity analyses [e.g., Potter
et al., 2001; Knorr and Heimann, 2001]. These sensitivity
analyses are useful for biogeochemistry modelers to set the
upper and lower bounds on simulations, and are often
conducted by changing one parameter per simulation, and
neglect the interactions among the parameters [e.g., Potter
et al., 2001; Knorr and Heimann, 2001]. Rather, the
model parameters are often correlated [e.g., Wang et al.,
2006; Tang and Zhuang, submitted manuscript, 2008]. To
consider the parameter correlations, Ogle et al. [2003]
used Monte Carlo simulations by incorporating the infor-
mation of probability density functions (PDFs) of the
parameters and their covariance matrix into their analysis.
However, the prior knowledge of parameter correlations is
generally not readily available. Thus several researches
constructed some statistical models based on regression
between their biogeochemistry model outputs and param-
eters [Tatang et al., 1997; Ogle et al., 2007]. When a
proper multivariate regression is performed, the output

from the statistical model will be close enough to the
simulations from the process-based models. The uncertainty
analysis was then conducted using the statistical model and
the observed data [Ogle et al., 2007]. These efforts are able to
quantify regional uncertainty, in a first-order approximation,
due to equifinality associated with the model parameters, but
are not able to improve the model predictability as the
uncertainty in parameters of the biogeochemistry model has
not been constrained using any observed data, and higher-
order contributions to the uncertainties in the outputs due to
the nonlinear interactions among parameters are simply
neglected.
[4] Model-data fusion techniques, such as, the Bayesian

inference method, have been demonstrated to be able to
quantify and constrain the uncertainty of model parameters
and improve model predictability at site levels [e.g.,
Trudinger et al., 2007; Braswell et al., 2005; Raupach et
al., 2005; Xu et al., 2006; Williams et al., 2005; Gove and
Hollinger, 2006; Wang et al., 2001, 2007]. To apply these

Table 1. TEM Parameter Values for the Base Simulations at Black Spruce Forest Ecosystem in Bonanza Creek, Alaska, and the Standard

Simulations in the Northern Study Area of BOREAS, Manitoba, Canadaa

Name Unit Definition
Base

Simulation
Standard
Simulation Prior Range

kc mL/L Half saturation constant for CO2-C
uptake by plants

100 195.72 [20, 600]

ki J cm�2 d�1 Half saturation constant for PAR
use by plants

75 50.353 [20, 600]

Tmin �C Minimum temperature for GPP �8.0 �5.4756 [�12, �4]
Toptmin �C Minimum optimum temperature for GPP 5.5 5.8262 [0, 15]
Toptmax �C Maximum optimum temperature for GPP 20.0 19.037 [15, 25]
Tmax �C Maximum temperature for GPP 29.0 31.191 [25, 35]
RAQ10A0 None Leading coefficient of the Q10 model

for plant respiration
2.35665 2.7679 [1.3502, 3.3633]

RAQ10A1 �C�1 First-order coefficient of the Q10 model
for plant respiration

�0.053077 �0.051222 [�0.054577, �0.051183]

RAQ10A2 �C�2 Second-order coefficient of the Q10 model
for plant respiration

0.0023842 0.0023061 [2.2902, 2.4381] � 10�3

RAQ10A3 �C�3 Third-order coefficient of the Q10 model
for plant respiration

�4.110 � 10�5 �3.9835 � 10�5 [�4.17, �3.97] � 10�5

kn1 g/m3 Half saturation constant for
N uptake by vegetation

4.2 4.8716 [0.5, 10]

kn2 g/m3 Half saturation constant for N uptake by
heterotrophic organisms

4.2 3.8209 [0.5, 10]

MINLEAF None Minimum photosynthetic capacity
of vegetation

0.5 0.50327 [0.2, 0.8]

ALEAF None Coefficient to model the relative
photosynthetic capacity of vegetation

0.42893 0.28868 [0.1, 1.0]

BLEAF None Coefficient to model the relative
photosynthetic capacity of vegetation

0.33295 0.11575 [0.1, 1.0]

CLEAF None Coefficient to model the relative
photosynthetic capacity of vegetation

0.32228 0.41158 [0.0, 0.5]

MOISTOPT % saturation Optimum soil moisture content for RH 0.5 0.54753 [0.2, 0.8]
RHQ10 None Change in RH rate due to 10�C

temperature increase
2.00 2.4991 [1, 3]

CMAX g m�2 mo�1 Maximum rate of photosynthesis C 768.07 1656.75 [216.65, 1666.65]
CFALL g g�1 mo�1 Proportion of vegetation carbon loss

as litterfall monthly
0.0020.37 0.00048062 [0.0001, 0.015]

KRC None Logarithm of plant respiration rate at 0�C �6.467 �4.7447 [�7.5, �3.5]
KDC g g�1 mo�1 Logarithm of heterotrophic

respiration rate at 0�C
0.00216527 0.005868 [0.000906, 0.007406]

NMAX g m�2 mo�1 Maximum rate of N uptake by vegetation 374.6775 397.8875 [171.8375, 871.8375]
NFALL g g�1 mo�1 Proportion of vegetation nitrogen loss as

litterfall monthly
0.007955 0.0054617 [0.003, 0.012]

NUP g/g Ratio between N immobilized and
C respired by heterotrophs

29.2639 48.5549 [9.9019, 104.9019]

VEGC2N g/g Mean C:N of vegetation 375.0 462.45 [200, 600]
aThe prior ranges are based on the studies of Raich et al. [1991] andMcGuire et al. [1992], except for Tmin, Toptmin, Toptmax, Tmax, RAQ10A0, RAQ10A0,

RAQ10A0, RAQ10A0, CFALL, and VEGC2N, which are estimated based on conventional calibration.
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