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Abstract Soil microbial respiration pulses in response to episodic rainfall pulses (the “Birch effect”) are poorly
understood. We developed and assessed five evolving microbial enzyme models against field measurements
from a semiarid savannah characterized by pulsed precipitation to understand the mechanisms to generate the
Birch pulses. The five models evolve from an existing four-carbon (C) pool model to models with additional C
pools and explicit representations of soil moisture controls on C degradation and microbial uptake rates.
Assessing the models using techniques of model selection and model averaging suggests that models with
additional C pools for accumulation of degraded C in the dry zone of the soil pore space result in a higher
probability of reproducing the observed Birch pulses. Degraded C accumulated in dry soil pores during dry
periods becomes immediately accessible to microbes in response to rainstorms, providing a major
mechanism to generate respiration pulses. Explicitly representing the transition of degraded C and enzymes
between dry andwet soil pores in response to soil moisture changes and soil moisture controls on C degradation
andmicrobial uptake rates improve themodels’ efficiency and robustness in simulating the Birch effect. Assuming
that enzymes in the dry soil pores facilitate degradation of complex C during dry periods (though at a lower rate)
results in a greater accumulation of degraded C and thus further improves the models’ performance. However,
the actual mechanism inducing the greater accumulation of labile C needs further experimental studies.

1. Introduction

Global soils store 2300 Pg carbon (C), an amount more than 3 times that of the atmosphere [Schmidt et al.,
2011] and release 60–75 Pg C/yr, about 10 times more CO2 to the atmosphere than all human-caused
emissions [Schlesinger and Andrews, 2000]. Coupled C-climate models projected a high variability in global
soil C storage [Todd-Brown et al., 2013], atmospheric CO2 concentration, and hence various rates of warming
[Friedlingstein et al., 2006]. Recognizing the flaws of the first-order decay kinetics currently used in most
coupled C-climate models, researchers have developed new soil organic carbon (SOC) decomposition
models to directly link SOC turnover to microbial growth and physiology [Schimel and Weintraub, 2003;
Allison et al., 2010; Wieder et al., 2013].

Microbes produce extracellular enzymes to degrade complex SOC into dissolved organic C (DOC) through
catalysis and assimilate DOC into microbial biomass for growth, releasing CO2 during respiration [Sinsabaugh
et al., 1991]. Moreover, microbial communities may change in biomass, shift in composition, or adapt
physiologically in response to changes in environmental conditions, and thus mediate SOC decomposition
[Luo et al., 2001; Schimel et al., 2007; Bradford et al., 2008; Frey et al., 2013]. These fundamental processes
have been represented in recent microbial enzyme models [Schimel and Weintraub, 2003; Allison et al.,
2010] by implementing the Dual Arrhenius and Michaelis-Menten kinetics (DAMM) [Davidson et al., 2012]
and the concept of microbial C use efficiency (CUE) [Allison et al., 2010; Wieder et al., 2013]. The Arrhenius
kinetics represents increases in decomposition with temperature and dependence on substrate quality
through activation energy, while the Michaelis-Menten kinetics represents the limitation of substrate
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availability (C and O2) and chemical
affinity of substrates on temperature
sensitivity [Davidson and Janssens,
2006]. In addition, these models
represent the temperature sensitivity
using microbial CUE, which controls
microbial growth, enzyme production,
and microbial respiration [Allison et al.,
2010; Bradford et al., 2008; Frey et al., 2013;
Manzoni et al., 2012]. A small change in
CUE may have profound effects on soil
CO2 production and soil C dynamics
[Allison et al., 2010; Wieder et al., 2013].

Microbes typically operate in the wet
pores of the soil pore space, and hence,
their activity is largely affected by soil
moisture. Soil moisture controls the
transport of substrates (e.g., O2 and DOC)
and thus regulates microbial accessibility
to these substrates. During dry periods,
low soil water content decreases diffusion
and advection of solutes, thereby limiting
the supply of substrates to microbial
communities and reducing microbial
biomass growth and soil respiration rates
[Skopp et al., 1990; Moyano et al., 2013].
The transient effects of soil moisture on
soil respiration have long been observed
from laboratory and field experiments.

Pulsed wetting causes a dramatic increase in soil respiration after a period of drought (known as the “Birch
effect” [Birch, 1958]), sustaining greater microbial biomass than constantly moist soils and resulting in greater
CO2 efflux [Moyano et al., 2013; Jarvis et al., 2007; Miller et al., 2005]. Various mechanisms causing the Birch
effect have been proposed such as sudden release of osmoregulatory substances accumulated at low water
potentials, extracellular enzyme activities unaffected by soil moisture, spontaneous increase inmicrobial biomass
in response to wetting, increase in dead microbial biomass caused by drying, microbial cell lysis,
photodegradation, and destruction of soil aggregates [Lawrence et al., 2009; Schimel et al., 2007; Moyano et al.,
2013; Jarvis et al., 2007;Miller et al., 2005]. Due to a lack of understanding of the exact mechanism underlying
the Birch effect, conventional first-order decay models represent soil moisture controls on microbial
respiration in a variety of ways, such as linear or nonlinear functions of soil water content or water potential as
summarized in Reichstein and Beer [2008]. Lawrence et al. [2009] suggested that within a microbial enzyme
model framework, accumulation of labile C during dry periods provides a promising mechanism to reproduce
respiration pulses measured during periodic rewetting experiments in laboratory. Adopting this concept, we
developed five evolving microbial enzyme models with different numbers of C pools in separated dry and wet
soil pores and with (or without) explicit representations of soil moisture controls on SOC degradation and
microbial uptake rates to explore the mechanisms that generate the Birch pulses. We then assessed these
models against field measurements from a semiarid savannah ecosystem driven by episodic rainfall pulses.

2. Methods
2.1. Models

Table 1 lists the formulations of SOC degradation and microbial uptake rates of the five models. We started
with a model of Allison et al. [2010] that includes four C pools of SOC, DOC, microbial biomass (MIC), and
enzymes (ENZ) but without an explicit representation of soil moisture controls on the rates or O2 limitation

Table 1. Model Formulations of the SOC Degradation and Microbial
Uptake Ratesa

Models Formulations

4C_NOSM Vdecom ¼ f d CENZð Þ ¼ VmaxCENZ
CSOC

KmþCSOC
;

Vuptake ¼ f u CDOCð Þ ¼ V max_upCMIC
CDOC

Km_upþCDOC

CO2
Km_upO2þCO2

4C Vdecom= fd(CENZ)(θ/θs);
Vuptake = fu(CDOC)(θ/θs)

5C_NOSM Vdecom= fd(CENZ);
Vuptake = fu(CDOC _W)

5C Vdecom= fd(CENZ)(θ/θs);
Vuptake = fu(CDOC_W)(θ/θs)

6C Vdecom_W= fd(CENZ _W)(θ/θs);
Vdecom_D= fd(CENZ _D)(1� θ/θs)εD;

Vuptake = fu(CDOC_W)(θ/θs)
aWhere Vdecom is SOC degradation rate; Vuptake microbial uptake

rate; CSOC SOC pool size (g C m�3); CDOC DOC pool size (g C m�3);
CMIC microbial biomass pool size (g C m�3); CENZ enzyme pool size
(g C m�3); CO2 (m

3m�3) the gas concentration of O2 in the soil pore;
Vmax (s�1) the maximum SOC degradation rate per unit enzyme
when substrates are not limiting; Km the half-saturation constant
for SOC; Vmax_up the maximumDOC uptake rate (s�1) when substrates
are not limiting; Km_up (g C m�3) and Km_upO2 (m

3m�3) are the corre-
sponding half saturation constants for DOC and O2, respectively;
Vdecom_W and Vdecom_D are the SOC degradation rates in the wet
and dry zones, respectively; CDOC_W (g C m�3) DOC pool size in the

wet soil pores; CDOC_D (g C m�3) degraded C (dissolvable but not
dissolved) pool size in the dry soil pores; CENZ_W (g C m�3) and
CENZ_D (g C m�3) are the enzyme pool sizes in the wet and dry soil
pores; θ is volumetric soil moisture; θs porosity; and εD is the catalysis
efficiency of the dry zone enzymes. Readers can refer to Allison et al.
[2010] for formulations of Vmax, Vmax_up, Km, and Km_up, as functions
of temperature, and Davidson et al. [2012] for Km_upO2 as a constant.
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(4C_NOSM in Table 1). Following Davidson et al.’s [2012] model, we added O2 limitation to all the five models.
The second model (4C in Table 1 and Figure 1a) is the same as 4C_NOSM, but the rates are revised with soil
moisture controls. The third model (5C_NOSM) splits DOC into two subpools, one for the wet zone and the
other for the dry zone of the soil pores; however, the rates are not controlled by soil moisture. In this model,
microbes can only access DOC in the wet pores. DOC in the dry pores (dissolvable but not dissolved) is the
residual DOC that is not consumed by microbes and thus remained in the dry soil pores (due to contraction of
hydroscopic film); it is controlled only by changes in the volume of dry and wet pores without any additional
production inputs through SOC degradation. The fourthmodel (5C in Table 1) is the same as 5C_NOSM, but the
rates are revised with soil moisture controls. The fifth model (6C in Table 1) splits both DOC and ENZ into
two subpools for the wet and dry pores and allows mass changes corresponding to changes in soil water
volume (Figure 1b). This model allows additional SOC degradation in the dry pores through catalysis of ENZ in
the dry pores but at a reduced efficiency due to enzyme immobilization [Alster et al., 2013]. Generally, enzymes
in the dry pores have a lower turnover rate due to protection from degradation [Alster et al., 2013].

We simply use a linear relationship between the rates and soil moisture (in degree of water saturation; see
Table 1), although other forms of the relationship exist [Lawrence et al., 2009; Davidson et al., 2012]. At both
very low and at high water contents, the relationship is likely to be nonlinear [Moyano et al., 2013]. For
instance, as soil moisture approaches saturation, O2 concentration decreases and becomes a limiting factor
for the microbial aerobic activities; at very low water content, diffusion through very thin and discontinuous
water films is highly limiting. However, a mechanistic representation of the soil moisture effects on the supply
of substrates through an explicit representation of transport of these substrates through soil water at pore
scales is beyond the scope of this paper. For themajority of the range of soils moisture experienced at this study
site, we assume that an empirical linear relationship is adequate.

We developed a scheme for the transition of DOC between the wet and dry zones. When soil moisture increases,
the transition of degraded C from the dry to the wet pores is a portion of the degraded C in the dry pores
(CDOC_D) that is wetted within a time step: FVW CDOC_D. FVW= (θN� θN� 1)/(θS� θN� 1) is the wetted fraction
(relative to previous dry volume), where θN and θN�1 are volumetric water content at current (N) and previous
(N � 1) time steps, respectively, and θs is porosity dependent on soil texture. When soil moisture decreases,
the transition of DOC from the wet to the dry pores is a portion of the degraded C in thewet pores (CDOC_w) that
is dried within a time step: FVDCDOC_W. FVD= (θ

N� 1� θN)/θN� 1 is the dried fraction (relative to previous wet
volume). This mass-conservative scheme is also implemented for the transition of enzymes in model 6C.

2.2. Observational Data

The study site is located within the Santa Rita Experimental Range (SRER, 31.8214°N, 110.8661°W, elevation
1116m) outside of Tucson, Arizona [Scott et al., 2009; Barron-Gafford et al., 2011]. This savannah site was
covered by 22% perennial grass, forbs and subshrubs, and 35% of mesquite. The soils are uniformly Comoro
loamy sand (77.6% sand, 11.0% clay, and 11.4% silt). The half-hourly atmospheric forcing data to drive the
models were collected frommeasurements through an eddy covariance tower [Scott et al., 2009]. Volumetric
CO2 concentration was measured at half-hourly interval through compact probes. CO2 efflux was derived

a b

Figure 1. Diagrams of the (a) 4C and (b) 6C models. The 4C model represents processes of degradation of SOC into DOC
through catalysis of enzymes (ENZ) produced by microbes (MIC) and microbial uptake of DOC and respiration. SOC
degradation andmicrobial uptake rates are controlled by water saturation (θ/θs). The 6C poolmodel splits DOC and ENZ pools
into two subpools, respectively, one for the wet zone and the other for the dry zone of the soil pore space. Microbial uptake
of DOC occurs only in the wet zone, and the uptake rate is linearly related to θ/θs. Catalysis through ENZ in the wet zone
is proportional to θ/θs, while that in the dry zone is proportional to 1 � θ/θs at a reduced efficiency.
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from the gradient of CO2 concentration measured at two depths of 2 cm and 10 cm through Fick’s first law
of diffusion and validated against measurements from a portable CO2 gas analyzer. The half-hourly
volumetric soil moisture was measured using commercial soil moisture probes at eight depths of 5, 10, 20,
30, 50, 70, 100, and 130 cm. The data used in this study are during the whole year of 2007 covering a long
period of dry season prior to the monsoon and episodic rainfall events during the monsoon season.

2.3. Model Evaluation and Parameter Estimation

We use the observed soil moisture and temperature at 10 cm to drive the five microbial enzyme models. We
use the community NoahMP land surface model [Niu et al., 2011], which includes a dynamic vegetation
model, to produce root exudates and leaf litter as inputs to the soil C pool of the five models. We added the
NoahMP-produced autotrophic root respiration to the total soil CO2 efflux for comparing with the observed.
We set up soil C initial values according to total C concentration measured in SRER [McClaran et al., 2008]
for the top 43.2 cm soil.

Considering the uncertainties in model parameters, we estimate the base CUE ε0 (g/g), enzyme production rate
ke (g/m

3 s), microbial turnover rate τm (1/s), and enzyme turnover rate τe (1/s) over a wide prior parameter space of
0.2–0.95, 1×10�12–1×10�6, 1×10�11–1×10�6, and 1×10�12–1×10�7, respectively. Other parameters, whose
values are from Allison et al. [2010], are fixed. Two extra parameters in the 6C model, which are the catalysis
efficiency εD [�] and turnover rate of the dry zone enzymes τed [1/s] are also estimated with the prior range of
0.2–0.8 and 1×10�12–1×10�8, respectively.We estimate the posterior probability density function of the unknown
parameters and the CO2 efflux simulations using the Markov chain Monte Carlo (MCMC) MT-DREAM(ZS) sampler
[Laloy and Vrugt, 2012] with the Gaussian likelihood function. For each model, 4×105 samples are drawn using
four Markov chains. Although the Gelman and Rubin [1992] R statistic for convergence diagnostic approaches
one in less than 1×104 sample period, the initial 50% samples are discarded during the burn-in period.

We comparatively evaluate the simulations of the five models using three assessment criteria, which are
Bayesian information criterion (BIC), model probability, andNash-Sutcliffemodel efficiency, ε. BIC is a commonly
used model selection criterion to select the best model from a model set with consideration of goodness of fit
and model complexity. When selecting a single model cannot be justified by available data and knowledge,
model probability is used to measure plausibility of a model relative to other models. ε is commonly used to
measure performance of a model for different parameter sets. Following equation (3) of Ye et al. [2008], we

computed BIC ¼ �2 ln L̂
� �þ k ln nð Þ, where n is the number of observations (n=15,272), k the number of free

parameters (six in the 6C model while four in the other models), and L̂ the maximum likelihood of the MCMC
sample. The second term of BIC represents a penalty for k. A model with a lower BIC is preferable. Table 2
shows the ΔBIC=BIC� BICmin, where BICmin is the minimum BIC value among all the models. (The best
realization of model 6C has the minimum BIC; BICmin =� 24, 810.) With uniform prior model probability, the

model probability is evaluated asP Mi DÞ ¼ P D MiÞ=
X5

i¼1
P D MiÞjð

���
����

�
, which is the ratio of themarginal likelihood

P(D|Mi) of the respective modelsMi given observational data D. Following equation (11) of Kass and Raftery [1995],

we estimate the marginal likelihoods P D MiÞ ¼ 1
N

XN

n¼1
P D θn;MiÞ�1�� ��1
�.n���

�
by taking the geometric

mean of the joint likelihoods P(D|θn,Mi) of the parameter samples θn and model Mi, using MCMC ensemble of
N=2×105 samples after discarding the burn-in samples. The estimatedmodel probabilities are listed in Table 2.
Models are ranked according to their model probabilities such that the best model and the worst model
have the highest and lowest posteriormodel probabilities, respectively. The third assessment criterion is ε, which
is a measure of model robustness in capturing the observed variability (especially sensitive to peak values).

Table 2. Root-Mean-Square-Error (RMSE) and ΔBIC, Given the Best Realizationa

Model RMSE (μmolm�2 s�1) ΔBIC Model Probability [�] Model Efficiency ε [�]

4C_NOSM 0.712 14,454 0.11 0.47 ± 9× 10�5

4C 0.664 12,332 0.16 0.54 ± 9× 10�5

5C_NOSM 0.570 7,656 0.19 0.66 ± 7× 10�5

5C 0.528 5,358 0.25 0.71 ± 5× 10�5

6C 0.443 0 0.29 0.80 ± 4× 10�5

aModel probability and model efficiency ε (mean± standard deviation), given the MCMC ensemble.
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3. Results Analyses

Driven by the observed soil moisture and temperature (Figure 2a), models 4C and 5C with soil moisture
controls result in much lower ΔBIC and higher model probabilities thanmodels 4C_NOSM and 5C_NOSM that
are without soil moisture controls (Table 2 and Figure 2). With an additional DOC pool in the dry zone, models
5C and 5C_NOSM have lower ΔBIC and highermodel probabilities thanmodels 4C and 4C_NOSM, respectively.
Model 6C with additional DOC and ENZ pools in the dry soil pores further improves the simulation with
the lowest ΔBIC and highest model probability (Table 2). The model efficiency results (Table 2) indicate that
model 6C has generally the highest model efficiency followed by model 5C and then model 4C, which is
consistent with the ΔBIC and model probability results. This suggests that models with explicit moisture
controls and with extra C pools are preferable.

Figure 2. (a) Observed half-hourly volumetric soil moisture (in m3 m�3) and temperature (in K) at 10 cm. Measured half-
hourly CO2 efflux at the soil surface (in μmol m�2 s�1) compared with those modeled by the (b) 4C_NOSM, (c) 4C,
(d) 5C_NOSM, (e) 5C, and (f ) 6C models. The shaded area (in red) represents the 95% credible interval, while the green
line is for the best realization. In the legends, εbest stands for model efficiency and Rbest for the correlation coefficient
of the best realization.
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During the dry periods, the degraded C in models 5C and 6C accumulates in the dry pores (Figure 3c) since
the degraded C is not accessible to microbes. In the wet pores, in response to the monsoon rainstorms,
the degraded C immediately converts into DOC (Figure 3b), becoming readily available for microbial use.
Since model 6C includes an extra SOC degradation process through catalysis of the enzymes in the dry pores
(Figure 3f), which is assumed to function during dry conditions, model 6C results in a greater accumulation
of degraded C in the dry pores (Figure 3c) and thus a larger volume of degraded C that is transitioned to
DOC in the wet pores (Figure 3b). The cumulative CO2 efflux for the entire modeling period modeled by
models 4C, 5C, and 6C are 210, 237, and 293 gm�2, about 30%, 22%, and 3% lower than the observed
(302 gm�2), respectively. This indicates that a proper representation of the Birch pulses may have long-term
effects on the modeled soil C storage (Figure 3a) and changes in atmospheric CO2 concentration.

4. Conclusions

Recent microbial enzyme-based models that incorporated the DAMM kinetics improved the representation
of the temperature sensitivity of SOC decomposition, yet poorly capture dry-wet pulse dynamics. Our
rigorous assessment of the five models developed in this study using techniques of model selection and
model averaging suggests that models with additional C pools for accumulation of degraded C in the dry soil
pores result in a higher probability of reproducing the observed Birch pulses. In response to rainstorms,
labile C accumulated in the dry pores during dry periods becomes immediately accessible to microbes,
providing a major mechanism to generate respiration pulses. Transition of labile C between the dry and wet
soil pores helps maintain an amount of labile C in the dry pores (model 5C in Figure 3c) during dry periods
(because it is not accessible to microbes). Including this mechanism, together with the soil moisture controls
on the rates of SOC degradation and microbial uptake, improves the model’s efficiency of simulating the

Figure 3. C storages of the best realizations by the 4C, 5C, and 6Cmodels: (a) total SOC, (b) DOC in the wet zone, (c) degraded
C in the dry zone, (d) microbial biomass, (e) enzymes in the wet zone, and (f) enzymes in the dry zone.
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Birch effect (model 5C in Figure 2). Assuming that enzymes in the dry soil pores facilitate SOC degradation
during dry periods (model 6C) results in a greater accumulation of labile C in the dry pores (model 6C in
Figure 3c) and thus further improves the model’s efficiency (model 6C in Figure 2). However, revealing
the actual mechanism inducing the greater accumulation in the dry pores still needs further experimental
studies, because it may also attribute to many other mechanisms as summarized in Moyano et al. [2013].
Photodegradation of surface litter may be a pathway, but its effect is largely reduced through attenuation of
ultraviolet radiation by the soil film formed through deposition of soil particles on the litter at this dryland site
[Barnes et al., 2012]. With climate change, including an increase in variability of precipitation frequency and
intensity, understanding and representing the Birch pulses will become an issue of global importance.
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