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Abstract There is a pressing need to develop earth system models (ESMs), in which
ecosystem processes are adequately represented, to quantify carbon-climate feedbacks. In
particular, explicit representation of the effects of microbial activities on soil organic carbon
decomposition has been slow in ESM development. Here we revised an existing Q,(-based
heterotrophic respiration (Ry) algorithm of a large-scale biogeochemical model, the Terrestrial
Ecosystem Model (TEM), by incorporating the algorithms of Dual Arrhenius and Michaelis-
Menten kinetics and microbial-enzyme interactions. The microbial physiology enabled model
(MIC-TEM) was then applied to quantify historical and future carbon dynamics of forest
ecosystems in the conterminous United States. Simulations indicate that warming has a weaker
positive effect on Ry than that traditional Q;o model has. Our results demonstrate that MIC-
TEM is superior to traditional TEM in reproducing historical carbon dynamics. More impor-
tantly, the future trend of soil carbon accumulation simulated with MIC-TEM is more
reasonable than TEM did and is generally consistent with soil warming experimental studies.
The revised model estimates that regional GPP is 2.48 Pg C year ' (2.02 to 3.03 Pg C year ')
and NEP is 0.10 Pg C year ' (~0.20 to 0.32 Pg C year ') during 2000-2005. Both models
predict that the conterminous United States forest ecosystems are carbon sinks under two
future climate scenarios during the 21st century. This study suggests that terrestrial ecosystem
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Climatic Change

models should explicitly consider the microbial ecophysiological effects on soil carbon
decomposition to adequately quantify forest ecosystem carbon fluxes at regional scales.

1 Introduction

Over the period 1951-2012, the global land and ocean instrumental temperature records show
an increasing trend of 0.12 °C per decade (IPCC 2013). To date, ecosystem models are the
primary tools to quantify carbon (C) dynamics (McGuire et al. 1992; Potter et al. 2007,
Zhuang et al. 2003; Chen et al. 2011; Wieder et al. 2013; Todd-Brown et al. 2014). However,
the response of the terrestrial C dynamics to changing climate remains highly uncertain
(Friedlingstein et al. 2006; Wieder et al. 2013). Much of the uncertainty is due to the
inadequate representation of ecosystem processes that determine the exchanges of water,
energy and C between the land ecosystems and the atmosphere (Wieder et al. 2013). There
is a pressing need to improve our understanding of the feedbacks between terrestrial biosphere
and the atmosphere, and provide critical information to studying long-term biosphere interac-
tions with other components of the Earth system (Law et al. 2006; IPCC 2007; Potter et al.
2007; Xiao et al. 2011). Given the large amounts of soil carbon and intensifying carbon-
climate feedbacks (Davidson et al. 2012), greater attention should be paid on improving the
numerical representation of soil biogeochemistry models at multiple scales in Earth System
Models (ESMs) (Wieder et al. 2013).

Recently, ecosystem models explicitly incorporated the dynamics of microbial enzyme
kinetics are shown to perform well in comparison with observed data (Allison et al. 2010;
Wieder et al. 2013). Further, the effects of environmental factors and substrate availability on
microbial physiology, in turn, affecting soil carbon decomposition have been well investigated
(Xu et al. 2014). While these studies focused on either soil C pool or model performance, they
have been slow to incorporate these microbial mechanisms into large-scale ecosystem models
to quantify soil respiration under future climatic conditions. Heterotrophic respiration (Ry) is
an indispensable component of soil respiration and approximates the rate of soil organic matter
(SOM) decomposition (Hanson et al. 2000; Bond-Lamberty and Thomson 2010). Moreover,
SOM decomposition process is closely coupled with soil nitrogen (N) mineralization that
determines soil N availability and affects gross primary production (GPP). However, these
processes have not been adequately incorporated into ESMs to quantify ecosystem C dynam-
ics, especially at large spatial and long temporal scales.

Terrestrial Ecosystem Model (TEM) is a large-scale biogeochemical model which has been
widely used to evaluate the response of terrestrial ecosystem carbon dynamics to climatic
changes (Felzer et al. 2004; Tang and Zhuang 2009; Zhuang et al. 2010). However, TEM is
lacking the detailed representation of soil microbial physiological effects on Ry. In order to
improve the mechanistic robustness of the model, we revised the classic Q;¢- based Ry
algorithms by incorporating the algorithms developed in He et al. (2014) to develop a new
version of TEM (MIC-TEM). The new algorithms explicitly consider the direct impacts of soil
temperature on biochemical reactions and the indirect effects on Ry affected by substrate
availability, enzyme activities, and microbial physiology (Appendix 1). MIC-TEM was then
used to estimate the carbon fluxes under changing climates over the conterminous United
States. This study aimed to assess the reliability of MIC-TEM and examine the effects of the
detailed microbial physiological representation on seasonal and annual carbon dynamics at
regional and long-term temporal scales.
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2 Method
2.1 Overview

We first revised Ry formula of TEM by incorporating the effects of changing microbial carbon
(MIC), enzyme carbon (ENZ), and soluble carbon (SOLC) as well as soil microbial physiol-
ogy. The model was then calibrated and verified for forest ecosystems with observed net
ecosystem exchanges (NEE) and estimated GPP from eddy covariance flux towers. Next, we
applied the model to estimate forest carbon fluxes for each 0.5°x0.5° grid cell across the
conterminous US under future climate scenarios of RCP 2.6 and RCP 8.5 for the 21st century.

2.2 The revised terrestrial ecosystem model

TEM is a terrestrial ecosystem model to estimate carbon and nitrogen fluxes and pool sizes of
plants and soils using spatially referenced information (Raich et al. 1991; McGuire et al. 1992;
Melillo et al. 1993; Zhuang et al. 2003, 2010). A daily version of TEM (Zhu et al. 2013), which
has been coupled with a Soil Thermal Model (STM) and a Water Balance Model (WBM) to
account for the effects of soil temperature and hydrological dynamics on carbon fluxes, was used.
In TEM, Ry is defined as a function of soil organic carbon (SOC), temperature (Qj), soil
moisture (MOIST), and the gram-specific decomposition constant K;:

Ry = K4 x SOC x Q4 x MOIST (1)

More details of Ry algorithms can be found in previous publications (e.g., Zhuang et al.
2003, Chen et al. 2011). The revised Ry algorithm for MIC-TEM was based on a microbial-
enzyme model (Allison et al. 2010) and the DAMM model (Davidson et al. 2012), where Ry
was directly controlled by either microbial biomass (MIC) or enzyme (ENZ) using a
Michaelis-Menten enzyme kinetic function (Table S1) (He et al. 2014):

s 10
Kme =+ [Sr} kmOz + [02]

Ry = Vmaxg,, X x MIC (2)
where V'maxco, is the maximum reaction rate of heterotrophic respiration (mg Sx C cm >
soil). kM (unit substrate C cm > soil) is the corresponding Michaelis-Menten half-saturation
constant. MIC is microbial biomass (mg C cm > soil). More details on Vmaxco,, kM, and MIC
calculation could be found in Supplementary Material (Appendix 2).

[S«] is the concentration of dissolved organic substrates, defined as a function of total
soluble C (i.e., Soluble C pool), volumetric water content of the soil, and the diffusion
coefficient of substrate in liquid phase:

[SX] = [stoluble} X D[,‘q X 93 (3)

where [Sysomnic] i total soluble C, § is the volumetric water content of the soil, and Dy, is a
diffusion coefficient of the substrate in liquid phase.

[O,] is the concentration of O,, modeled with a simple function of air-filled porosity and the
diffusion coefficient for O, in air:

4 / 3
(03] = Dgqs x 0.209 X ¢ (4)
where Dy, is the diffusion coefficient. 0.209 is the volume fraction of O, in air and a is the air-
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filled porosity of the soil. The total porosity is calculated based on bulk density (BD) and
particle density (PD).

BD

a=1-——
PD

0 (5)
More details of these algorithms could be found in Supplementary Materials (Appendix 2)
and a previous study (He et al. 2014).

2.3 Model sensitivity analysis and parameterization

A sensitivity analysis focusing on Ry dynamics would help identify which processes
are important in simulating Ry and was achieved by using a variance-based global
sensitivity analysis technique based on the SOBOL sampling method (Pappas et al.
2013). Ten key parameters were selected to conduct the sensitivity analysis (Table 1;
He et al. 2014; Chen et al. 2011; Zhu and Zhuang 2013). After that, we parameter-
ized MIC-TEM with a global optimization algorithm (Shuffled complex evolution
method developed at the University of Arizona (Duan et al. 1992; Duan et al. 1994)
at six selected AmeriFlux sites which represent major forest types across the con-
terminous US (Table S2, Fig. S1). The parameterization method followed the pro-
cedures described in He et al. (2014). The global optimization method was then used
to minimize the cost functions:

k
J1 = (NEPuy~NEPy,,)’ (6)
i=1

k
Jr = Z (GPP()bs,i_GPPSim‘l)z (7)
i=1

where NEP,;,, and GPPj,;,, are the simulated NEP and GPP and NEP,;, and GPP,; are the
observed NEP and GPP, respectively. & is the number of data pairs for comparison. We
optimized parameters through minimizing the two cost functions simultaneously (Egs. (6)
and (7)) with a global optimization method (He et al. 2014).

3 Results
3.1 Model performance at AmeriFlux sites

The parameterized MIC-TEM was able to reproduce the annual dynamics of the observed
NEP and GPP at each verification site (Table S2), with r* mostly larger than 0.6 and root mean
square errors (RMSE) around 2 g C m > day ' for NEP. r* was mostly larger than 0.74 and
RMSEs were around 4 g C m > day ' for GPP (Table S2). Specifically, at deciduous forest
sites, MIC-TEM better captured the variation of carbon fluxes and had a significant correlation
(*>0.70 for NEP and r*>0.87 for GPP) when compared to evergreen forest sites (*>0.35 for
NEP and 1*>0.74 for GPP). At the Niwot Ridge site, there was a relatively weak linear
relationship between simulated and observed NEP (*=0.35). This discrepancy mainly came
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Table 1 Key MIC-TEM Parameters

Parameter Definition Unit Prior Range

Cmax Maximum rate of photosynthesis C g Cm > day’ [50, 1500]

Kr Logarithm of plant respiration gg ' day’ [-9.5,-0.2]
rate at 0 °C

Kc Half saturation constant for CO,-C puL L™ [20,600]
uptake by plants

Raqioag Leading coefficient of the Q;o model None [1.35,3.36]
for plant respiration

Ea_micup Soluble and diffused Sx uptake J mol™! [3.5¢4, 7.0e4]
by microbial

Ea_Sx Activation energy of microbes J mol ™! [3.5¢4, 7.0e4]
assimilating Sx to CO,

Ea SOC Activation energy of decomposing SOC ] mol ™" [3.5e4, 7.0e4]
to soluble C

Vmax_CO,, Maximum microbial respiration mg respired Sx cm > soil h™! [1.0e6, 1.0e8]
rate

Vmax_uptake, Maximum microbial uptake rate mg Sx cm ° soil (mg [1.0e6, 1.0e8]

biomass cm > soil) 'h™!

Vmax_SOC, Maximum rate of converting mg decomposed SOC cm > [1.0e6, 1.0e8]

SOC to soluble C soil (mg Enz cm > soil) 'h™!

from Ry estimation since the STM only had a crude algorithm for snow dynamics, which was
not able to fully capture the magnitude of soil temperature in winter (Zhuang et al. 2002; Hao
et al. 2014).

Overall, the performance of MIC-TEM was superior to that of TEM as shown in Table S2
at the six sites. Specifically, statistics of MIC-TEM results had notable higher r* and lower
RMSE than that of TEM at four validation sites (Table S2), showing that MIC-TEM was better
able to capture the observed variations and magnitudes of NEP and GPP fluxes.

3.2 Comparison between MIC-TEM simulations and other studies

To demonstrate the performance of MIC-TEM, we simulated the carbon fluxes from
2000 to 2005, driven with the global climate dataset from the National Centers for
Environmental Prediction (NCEP) at a 0.5° spatial resolution (Kistler et al. 2001).
Estimated annual GPP, net primary production (NPP), and NEP for the conterminous
United States over the period varied from year to year (Table 2), with GPP varying from
2.02 to 3.03 Pg C year '. Average GPP is 2.48 Pg C year ' (Table 3). This value was
close to 1.68 Pg C year ' estimated by Xiao et al. (2008) over the period 2001-2006 but
lower than 3.93 Pg C year ' based on MODIS GPP product (Zhao et al. 2005) for the
period 2000-2005. Annual NPP ranged from 1.20 to 2.12 Pg C year ' during the same
period, average NPP was higher than that of 1.66 Pg C year ' from MODIS NPP product
over 2000-2005 (Zhao et al. 2005). Our estimated NEP was —0.20 to 0.32 Pg C year '
with an average of 0.10 Pg C year '. Overall our estimates of NEP were lower than
0.148 Pg C year ' from Chen et al. (2011), but were higher than —0.4 Pg C year ' from
Xiao et al. (2011).
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Table 3 MIC-TEM estimated an-

nual GPP, NPP, and NEP across the Year GPP NPP NEP

conterminous United States over

2000-2005. The units of the carbon 2000 2.02 1.85 -0.20

fluxes are Pg C year ' 2001 2.34 2.06 0.32
2002 3.03 1.81 —0.16
2003 244 2.12 0.25
2004 2.98 1.38 0.24
2005 2.12 1.20 0.18
Average 248 1.73 0.10

3.3 Sensitivity study

We found that the magnitudes of the first order sensitivity index (Si) followed the order of
Ea Sx>Ea micup>Ea SOC>Vmax_SOCy>Vmax CO,o>Vmax_uptake, (Fig. S2). The
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Fig. 1 Projected dynamics of carbon fluxes and stocks projected by TEM and MIC-TEM under the RCP 2.6 and
8.5 scenarios for the conterminous United States from 2006 to 2100. Left panels are the simulations under the
RCP2.6 scenario while right panels under RCP8.5. GPP represents gross primary production, NPP represents net
primary production, NEP represents net ecosystem production, R represents autotrophic respiration, Ry
represents heterotrophic respiration, SOC represents soil organic carbon, VEGC represents vegetation carbon.
Positive NEP values represent carbon sinks while negative values represent carbon sources to the atmosphere
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Fig. 2 Seasonal variations in mean soil organic carbon (SOC) and heterotrophic respiration (Ry) simulated with

TEM under RCP 2.6 and 8.5 scenarios
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Fig. 3 Seasonal variations in mean soil temperature, heterotrophic respiration (Ry), soil microbial biomass,
enzyme biomass simulated with MIC-TEM under RCP 2.6 and 8.5 scenarios
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first three high-sensitivity parameters were Ea_Sx, Ea_micup and Ea_SOC, and the last three
were Vmax_SOC,, Vmax_CO,, and Vmax_uptake,. Herein, the activation energy and the
maximum reaction rate were the most and secondary sensitive parameters in MIC-TEM.
Microbial assimilation and enzyme decay processes, with which the six parameters are
associated, determined the magnitudes of SOLC (Sx). Thereby Ry dynamics might be
controlled by substrate availability. Vmax also played an important role in Ry affected by
soil temperature (Appendix 2).

To quantify the impact of changes in temperature, MIC-TEM simulations were conducted
by varying air temperature at an evergreen and a deciduous forest, respectively (Fig. S3). For
these forests, air temperature had a positive effect on Ry and SOLC, but a negative effect on
MIC. Two ecosystems were comparably sensitive to air temperature. In the evergreen forest,
SOLC was most sensitive to air temperature, where a 10 % air temperature increase caused a
25 % increase of SOLC and a 16 % decrease of MIC. Ry was least sensitive to air temperature,
only 7 % Ry changed due to a 10 % air temperature change. In the deciduous forest, SOLC
was still most sensitive to air temperature, and a 10 % temperature change caused a 24 %
SOLC change.

3.4 Projected carbon fluxes

TEM simulated GPP and NPP increased slowly at first but decreased sharply after the 2090s
due to decreasing air temperature (data not shown) in the RCP 2.6 experiment (Fig. 1a), while
NEP had a similar trend (Fig. le), but slightly decreased after the 2090s. In the RCP 8.5
experiment, GPP, NPP and NEP all showed an increasing trend (Fig. 1b, d and f). Overall, Ry
in both experiments showed an increasing trend. Moreover, autotrophic respiration (R,) and
Ry are both significantly correlated to the air temperature trends (Fig. 1g, h, i and j) (»=0.85,
p<0.05, n=94).

MIC-TEM simulated GPP and NPP continuously increased during the 95-years period
(2006-2100) in both experiments (Fig. la, b, ¢ and d). In the RCP 2.6 experiment, NEP
showed a fluctuating trend (Fig. 1¢). Compared to the fluctuating trend of NEP in the RCP 2.6
experiment, NEP decreased sharply in the middle of the 2010s, but slightly increased after the
2020s, which is similar to NPP in the RCP 8.5 experiment (Fig. 2d). In both experiments, Ry
trends did not change with air temperature increasing, but Ry in MIC-TEM fluctuated
comparing to a Ry steady change in TEM (Fig. 1i and j), which might be due to oversensitivity
of Ry in MIC-TEM to high air temperature.

The magnitudes of the estimated carbon fluxes were different between TEM and MIC-TEM
models. In the RCP 8.5 experiment, MIC-TEM estimated that GPP, NPP and NEP were 0.98
(0.2 %), 0.42 (0.1 %) and 0.34 (0.5 %) Pg C year ' higher than those estimated by TEM,
respectively (Appendix 2). MIC-TEM estimated that Ry; was 0.07 Pg C year ' (0.03 %) higher
than that estimated with TEM. In the RCP 2.6 experiment, the differences were similar to that
in the RCP 8.5 experiment, except MIC-TEM simulated Ry was 0.05 Pg C yeaf1 (0.02 %)
lower than that estimated by TEM. The cumulative difference between simulations with two
models during the 95-years period was 17.1 Pg C. Under both future climate scenarios, both
models predicted that the conterminous United States forest ecosystems acted as a carbon sink
during the study period.

TEM Ry was directly controlled by both SOC and soil temperature, while MIC-TEM Ry
was directly controlled by SOLC and indirectly by soil temperature. TEM Ry was modeled as
a function of Q9 and SOC (Eq. (1)). The seasonal TEM Ry had a similar trend with soil
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temperature (Figs. 2b and 3a). Specifically, the seasonal TEM Ry slowly increased and started
to decline from July. TEM Ry; in the RCP 8.5 experiment was higher than that in the RCP 2.6
experiment (Figs. 2a and 3a). Some modeling studies suggested that there is no significant
relationship between Ry and soil temperature when soil temperature ranged from —5 to 0 °C
(Zhou et al. 2010). But our results showed that there was still a high correlation between soil
temperature and Ry in TEM (r=0.65; p<0.05, n=470). MIC-TEM Ry showed the same trend
in both future climate scenario experiments (Fig. 3b) and there was a significant correlation
between SOLC and Ry (#=0.73; p<0.05, n=18).

3.5 Interactive effects of warming and soil microbial physiology on seasonal Ry

Soil microbial biomass varies seasonally, leading to different correlations between Ry
and soil temperature (Bradford et al. 2010; Davidson et al. 2012). MIC-TEM simula-
tions showed that both soil microbial biomass and Ry varied seasonally. In both future
climate scenario experiments, the simulated Ry is high from June to August and low
in fall and increases from March to May due to increasing ENZ (»=0.67) (Fig. 3b).
Filed studies have also showed that increasing enzyme activity due to rising soil
temperature can stimulate CO, effluxes (Ostroumov and Siegert 1996; Hanson et al.
2003; Hubbard et al. 2005; Hopkins et al. 2014) (Fig. 3d). Ry and soil temperature
has a similar trend, reaching a peak in July (Fig. 3a and b). Ry and soil microbial
biomass has a similar trend, sharply decreasing from July to August (Fig. 3b). From
May to June, Ry and soil temperature show an increasing trend, while soil microbial
biomass and enzyme biomass have a decreasing trend. Warm summer temperature
leads to higher microbial Ry but lower soil microbial biomass (Fig. 3b and c), which
is consistent with the findings from field studies (Bradford et al. 2008; Frey et al.
2008; Rousk et al. 2012; Weedon et al. 2012). The seasonality of the simulated soil
microbial biomass is high in early spring and low in fall, which is consistent with the
findings of Xu et al. (2014) (Fig. 3c).

4 Discussion
4.1 The effect of soil temperature on Ry

In Q¢ based models, raising soil temperature would increase Ry (Eliasson et al. 2005;
Davidson and Janssens 2006). For example, TEM Ry in the RCP 8.5 experiment is higher
due to higher soil temperature in comparison with the RCP 2.6 experiment. In microbial
physiology models, soil temperature indirectly affects soil respiration via the effects on
substrate supply (Davidson and Janssens 2006). This indirect effect may explain why SOLC
is more sensitive than Ry to raising air temperature (Fig. S3). Recently, laboratory experiments
have showed that the temperature sensitivity of microbial community varies with temperature
changes (Wei et al. 2014). Thus, future models shall include the effects of soil temperature on
microbial community, to adequately quantify microbial biomass, thereby Ry.

In microbial physiological models, microbial carbon use efficiency (CUE) is an important
parameter of carbon decomposition process (Tang and Riely 2014). However, to reduce model
uncertainties, our study did not consider CUE. Instead, we only assessed the Ry considering
the effects of soil microbial biomass and activity (Shi et al. 2006). Further, our model did not

@ Springer



Climatic Change

simulate winter Ryy because of microbial dormancy in winter (Davidson et al. 2012). However,
snow cover insulates the soil surface from cold air temperature and allows heterotrophic
respiration to continue through much of the winter (Raich et al. 1991). Therefore, the winter
microbial physiology shall be represented in MIC-TEM to improve future model predictions.

4.2 Evaluation of MIC-TEM and its uncertainties

The performance of MIC-TEM was better than that of TEM in simulating carbon fluxes at six
AmeriFlux sites (Table S2). Both models are calibrated using the same data and optimization
method. Therefore, we could attribute the MIC-TEM performance superiority to its model
structure that explicitly considers soil microbial physiology. Meanwhile, compared to previous
studies for the same region and similar period, the incorporation of soil microbial processes
into TEM shall provide more convincing estimation of carbon fluxes. The models having not
explicitly considered the impacts of microbial activities might have provided good estimates.
However those seemingly reasonable results might have been due to an inadequate represen-
tation of mechanistic processes of terrestrial ecosystems in those models.

The interannual variability of MIC-TEM Ry, differs significantly from TEM Ry because Ry
in MIC-TEM is controlled by MIC, SOLC and ENZ that changed significantly with time.
These differences in Ry may explain the differences in NEP between two models
(Appendix 1).

MIC-TEM development is an important step forward to considering the effects of microbial
biomass and activities on soil decomposition. However the shift in microbial community
structures could also alter the temperature sensitivity of Ry (Bradford et al. 2008, 2010). The
microbial community composition changes induced by warming, fire, and soil freeze-thaw
processes could also affect soil decomposition (Billings and Ballantyne 2013). These complex
feedbacks were not yet included in MIC-TEM. In addition, the NCEP data used to drive MIC-
TEM could be another uncertainty source for our estimation. As indicated by Zhao et al.
(2005), the NCEP reanalysis data overestimated solar radiation and underestimated tempera-
ture. The errors in temperature might introduce errors in carbon fluxes because of the nonlinear
relationship between temperature and ecosystem respiration (Chen et al. 2011).

A number of recent studies concluded that better understanding of the temperature
response of the processes that control substrate availability, depolymerization, micro-
bial carbon use efficiency, and enzyme production is important to predicting the fate
of soil carbon stocks in a warmer world (Eliasson et al. 2005; Allison et al. 2010;
Wieder et al. 2013; Hopkins et al. 2014). Thus, future development of MIC-TEM shall
incorporate these processes to adequately quantify ecosystem carbon dynamics.

5 Conclusions

We incorporated a number of microbial physiological processes into a process-based
biogeochemistry model TEM to more adequately quantify ecosystem carbon fluxes
during the 21st century for the conterminous United States. Multiple eddy flux tower
data were used to parameterize and verify our models. Ensemble simulations with
posterior parameters were conducted at both site and regional levels. The site-level
comparisons indicated that the revised TEM performs better. The regional extrapola-
tion of new model across the conterminous United States for the 21st century shows
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that the seasonal trends of Ry are dominated by the changes of soil microbial biomass
and enzyme biomass other than soil temperature. Our study suggests that quantifying
the future net carbon exchange should explicitly consider soil microbial physiological
effects. To improve the microbial physiologically-based soil decomposition models,
developing more observational data of soil respiration, soil microbial biomass, and
enzyme biomass of terrestrial ecosystems should be a research priority.

Acknowledgments We acknowledge the AmeriFlux community to provide the eddy flux data. This research is
supported with projects funded to Q.Z., including NSF projects (DEB-#0919331; NSF-0630319), the NASA
Land Use and Land Cover Change program (NASA-NNXO09AI26G), Department of Energy (DE-FGO02-
08ER64599), and the NF Division of Information & Intelligent Systems (NSF-1028291).

References

Allison SD, Wallenstein MD, Bradford MA (2010) Soil-carbon response to warming dependent on microbial
physiology. Nat Geosci 3:336-340

Billings SA, Ballantyne F (2013) How interactions between microbial resource demands, soil organic
matter stoichiometry, and substrate reactivity determine the direction and magnitude of soil
respiratory responses to warming. Glob Chang Biol 19:90-102

Bond-Lamberty B, Thomson A (2010) A global database of soil respiration data. Biogeosciences 7:1915-1926

Bradford MA, Davies CA, Frey SD et al (2008) Thermal adaptation of soil microbial respiration to elevated
temperature. Ecol Lett 11:1316-1327

Bradford MA, Watts BW, Davies CA (2010) Thermal adaptation of heterotrophic soil respiration in laboratory
microcosms. Glob Chang Biol 16:1576-1588

Chen M, Zhuang Q, Cook DR et al (2011) Quantification of terrestrial ecosystem carbon dynamics in
the conterminous United States combining a process-based biogeochemical model and MODIS
and AmeriFlux data. Biogeosciences 8:2665-2688

Davidson EA, Janssens IA (2006) Temperature sensitivity of soil carbon decomposition and feedbacks to climate
change. Nature 440:165-173

Davidson EA, Samanta S, Caramori SS, Savage K (2012) The dual Arrhenius and Michaelis—Menten
kinetics model for decomposition of soil organic matter at hourly to seasonal time scales. Glob
Chang Biol 18:371-384

Duan Q, Sorooshian S, Gupta V (1992) Effective and efficient global optimization for conceptual rainfall-runoff
models. Water Resour Res 28:1015-1031

Duan Q, Sorooshian S, Gupta VK (1994) Optimal use of the SCE-UA global optimization method for calibrating
watershed models. J Hydrol 158:265-284

Eliasson PE, McMurtrie RE, Pepper DA, Stromgren M, Linder S, Agren GI (2005) The response of heterotrophic
CO, flux to soil warming. Glob Chang Biol 11:167-181

Frey SD, Drijber R, Smith H, Melillo J (2008) Microbial biomass, functional capacity, and community structure
after 12 years of soil warming. Soil Biol Biochem 40:2904-2907

Friedlingstein P, Cox P, Betts R et al (2006) Climate-carbon cycle feedback analysis: results from the C4MIP
model intercomparison. J Clim 19:3337-3353

Felzer B, Kicklighter D, Melillo J (2004) Effects of ozone on net primary production and carbon sequestration in
the conterminous United States using a biogeochemistry model. Tellus 56B:230-248

Hao GC, Zhuang Q, Pan JJ, Jin ZN, Zhu XD, Liu SQ (2014) Soil thermal dynamics of terrestrial
ecosystems of the conterminous United States from 1948 to 2008: an analysis with a process-
based soil physical model and AmeriFlux data. Clim Chang 126:135-150

Hanson P, Edwards N, Garten C, Andrews J (2000) Separating root and soil microbial contributions to soil
respiration: a review of methods and observations. Biogeochem 48:115-146

Hanson PJ, O’Neill EG, Chambers MLS et al. (2003) Soil respiration and litter decomposition:
North American temperate deciduous forest responses to changing precipitation regimes.
Springer, pp 163-189

He Y, Zhuang Q, Harden J et al (2014) The implications of microbial and substrate limitation for the fates of
carbon in different organic soil horizon types: a mechanistically based model analysis. Biogeosciences 11:
2227-2266

@ Springer



Climatic Change

Hopkins FM, Filley TR, Gleixner G et al (2014) Increased belowground carbon inputs and warming promote loss
of soil organic carbon through complementary microbial responses. Soil Biol Biochem 76:57-69

Hubbard RM, Ryan MG, Elder K, Rhoades CC (2005) Seasonal patterns in soil surface CO, flux under snow
cover in 50 and 300 year old subalpine forests. Biogeochem 73:93—107

Intergovernmental Panel On Climate Change, Climate Change— The Physical Science Basis (2007) Contribution
of working group i to the fourth assessment report of the IPCC. Cambridge University Press, New York

Intergovernmental Panel On Climate Change, Climate Change 2013 — The Physical Science Basis (2013) Contribution
of working group i to the fifth assessment report of the IPCC. Cambridge University Press, New York

Kistler R, Collins W, Saha S et al (2001) The NCEP-NCAR 50-year reanalysis: monthly means CD-ROM and
documentation B. Am Meteorol Soc 82:247-267

Law BE, Turner D, Campbel J et al. (2006) Carbon fluxes across regions: observational constraints at multiple
scales. In: Scaling and uncertainty analysis in ecology, Springer, pp 167-190

McGuire AD, Melillo J, Joyce L et al (1992) Interactions between carbon and nitrogen dynamics in estimating
net primary productivity for potential vegetation in North America. Glob Biogeochem Cycles 6:101-124

Melillo JM, McGuire AD, Kicklighter DW et al (1993) Global climate change and terrestrial net primary
production. Nature 363:234-240

Ostroumov V, Siegert C (1996) Exobiological aspects of mass transfer in microzones of permafrost deposits. Adv
Space Res 18:79-86

Pappas C, Fatichi S, Leuzinger S, Wolf A et al (2013) Sensitivity analysis of a process-based ecosystem model:
pinpointing parameterization and structural issues. J Geophys Res-Biogeo 118:505-528

Potter C, Klooster S, Huete A, Genovese V (2007) Terrestrial carbon sinks for the United States predicted from
MODIS satellite data and ecosystem modeling. Earth Interactions 11:1-21

Raich J, Rastetter E, Melillo J et al (1991) Potential net primary productivity in South America: application of a
global model. Ecol Appl 1:399-429

Rousk J, Frey SD, Baath E (2012) Temperature adaptation of bacterial communities in experimentally warmed
forest soils. Glob Chang Biol 18:3252-3258

Running S, Nemani R, Heinsch F, Zhao M, Reeves M, Hashimoto H (2004) A continuous satellite-derived
measure of global terrestrial primary production. Bioscience 54:547-560

Shi W, Yao H, Bowman D (2006) Soil microbial biomass, activity and nitrogen transformations in a turfgrass
chronosequence. Soil Biol Biochem 38:311-319

Tang JY, Zhuang Q (2009) A global sensitivity analysis and Bayesian inference framework for improving the
parameter estimation and prediction of a process-based terrestrial ecosystem model. J Geophys Res 114,
D15303. doi:10.1029/2009JD011724

Tang JY, Riely WJ (2014) Weaker soil carbon-climate feedbacks resulting from microbial and abiotic interac-
tions. Nat Clim Chang. doi:10.138/NCLIMATE2438

Todd-Brown K, Randerson J, Hopkins F et al (2014) Changes in soil organic carbon storage predicted by Earth
system models during the 21st century. Biogeosciences 11:2341-2356

Weedon JT, Kowalchuk GA, Aerts R et al (2012) Summer warming accelerates sub- arctic peatland
nitrogen cycling without changing enzyme pools or microbial community structure. Glob Chang Biol
18:138-150

Wei H, Guenet B, Vicca S et al (2014) Thermal acclimation of organic matter decomposition in an artificial forest
soil is related to shifts in microbial community structure. Soil Biol Biochem 71:1-12

Wieder WR, Bonan GB, Allison SD (2013) Global soil carbon projections are improved by modelling microbial
processes. Nat Clim Chang 3:909-912

Xiao J, Zhuang Q, Baldocchi DD et al (2008) Estimation of net ecosystem carbon exchange for the conterminous
United States by combining MODIS and AmeriFlux data. Agric Forest Meteorol 148:1827-1847

Xiao J, Zhuang Q, Law BE et al (2011) Assessing net ecosystem carbon exchange of US terrestrial ecosystems
by integrating eddy covariance flux measurements and satellite observations. Agric Forest Meteorol 151:60—
69

Xu XF, Schimel JP, Thornton PE, Song X, Yuan FM, Goswami S (2014) Substrate and environmental controls
on microbial assimilation of soil organic carbon:a framework for Earth system models. Ecol Lett 17:547—
555

Zhao M, Heinsch FA, Nemani RR, Running SW (2005) Improvements of the MODIS terrestrial gross and net
primary production global data set. Remote Sens Environ 95:164-176

Zhou X, Luo Y, Gao C et al (2010) Concurrent and lagged impacts of an anomalously warm year on autotrophic
and heterotrophic components of soil respiration: a deconvolution analysis. New Phyto 187:184-198

Zhu Q, Zhuang Q (2013) Modeling the effects of organic nitrogen uptake by plants on the carbon cycling of
boreal ecosystems. Biogeosci Discussions 10:13455-13490

Zhuang Q, McGuire A, O’neill K et al (2002) Modeling soil thermal and carbon dynamics of a fire
chronosequence in interior Alaska. JGR-Atmos 107:3-26

@ Springer


http://dx.doi.org/10.1029/2009JD011724
http://dx.doi.org/10.138/NCLIMATE2438

Climatic Change

Zhuang Q, McGuire A, Melillo J et al (2003) Carbon cycling in extratropical terrestrial ecosystems of the
Northern Hemisphere during the 20th century: a modeling analysis of the influences of soil thermal
dynamics. Tellus B 55:751-776

Zhuang Q, He Y, Lu Y et al (2010) Carbon dynamics of terrestrial ecosystems on the Tibetan Plateau during the
20th century: an analysis with a process-based biogeochemical model. Global Ecol Biogeogr 19:649-662

@ Springer



	Quantifying microbial ecophysiological effects on the carbon fluxes of forest ecosystems over the conterminous United States
	Abstract
	Introduction
	Method
	Overview
	The revised terrestrial ecosystem model
	Model sensitivity analysis and parameterization

	Results
	Model performance at AmeriFlux sites
	Comparison between MIC-TEM simulations and other studies
	Sensitivity study
	Projected carbon fluxes
	Interactive effects of warming and soil microbial physiology on seasonal RH

	Discussion
	The effect of soil temperature on RH
	Evaluation of MIC-TEM and its uncertainties

	Conclusions
	References


