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Abstract
Many studies have shown that elevated atmospheric CO2 concentrations result in increased plant carbon inputs to
soil that can accelerate the decomposition of native soil organic matter, an effect known as priming. Consequently, it
is important to understand and quantify the priming effect for future predictions of carbon–climate feedbacks. There
are potential pitfalls, however, when representing this complex system with a simple, first-order model. Here, we
show that a multi-pool soil carbon model can match the change in bulk turnover time calculated from overall respiration and carbon stocks (a one-pool approach) at elevated CO2, without a change in decomposition rate constants of
individual pools (i.e., without priming). Therefore, the priming effect cannot be quantified using a one-pool model
alone, and even a two-pool model may be inadequate, depending on the effect size as well as the distribution of soil
organic carbon and turnover times. In addition to standard measurements of carbon stocks and CO2 fluxes, we argue
that quantifying the fate of new plant inputs requires isotopic tracers and microbial measurements. Our results offer
insights into modeling and interpreting priming from observations.
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Introduction
Soils are a major reservoir of carbon, containing more
than double the carbon currently in the atmosphere. As
atmospheric CO2 levels increase, plant productivity
generally increases (Ainsworth & Long, 2005). However, increased carbon inputs to soils do not necessarily
result in more soil carbon storage. An increase in plant
inputs to soil may enhance microbial activity, thereby
accelerating the decomposition rate of native soil
organic matter (SOM) and limiting carbon storage. This
‘priming effect’ has been observed in field and laboratory studies of increased carbon inputs to soils (Carney
et al., 2007; Paterson et al., 2008; Cheng et al., 2014).
Although the underlying mechanism is not well understood, this process could have a significant effect on
global carbon cycle responses to climate change and rising CO2. Direct observations are difficult, so it is uncertain how widespread or large this effect is. It is
therefore important to develop accurate detection and
quantification of priming, and to represent this process
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in Earth system models (ESMs) for better prediction of
carbon–climate feedbacks.
Here, we provide a quantitative examination and
cautionary note on analytical approaches that use bulk
soil turnover time (such as one based on a one-pool
model) to infer a change in decomposition rate constants (Torbert et al., 2004; Prior et al., 2008; Foereid
et al., 2014; van Groenigen et al., 2014). Such methods
have been used to infer priming in response to
increased soil carbon inputs. We show, numerically
and conceptually, why a one-pool SOM model alone is
unable to infer an increase in SOM decomposition rates
given observations of respiration and carbon stocks
over time, and that other simple linear models (e.g., a
two-pool model) may also have limited power of
detection. We also discuss the minimal required model
structure to support conclusions on priming and process-based representation of this potentially important
carbon feedback in ESMs.

One-pool model of a multi-pool system
Soils have the property that the mean age of SOM is
much older than the mean age of heterotrophic respiration, implying that a fraction of the carbon entering
© 2015 John Wiley & Sons Ltd
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soil carbon stocks over time constrained by plant
growth (carbon inputs) and microbial respiration (carbon outputs). We perturb the soil from steady state
with a 20% step increase in carbon inputs, matching the
average effect of elevated CO2 in van Groenigen et al.
(2014) as an example.
The result is that total respiration responds more
quickly than total carbon stocks, as the soil now has a
larger proportion of fast- vs. slow-cycling carbon pools
because of the new inputs (Fig. 1a). As a result, a faster
bulk decomposition rate is calculated when the (fast
and slow) carbon pools are aggregated into a one-pool
model (Fig. 1b). However, this increase in decomposition does not result from a change in individual pool
decomposition rates, ki, but rather from having more
carbon in the fast-cycling pool; the increase is an artifact
of treating a multi-pool system as a one-pool system
and persists for decades to centuries. This effect on bulk
k (and s) in response to elevated CO2 (‘false priming’) is
also evident in simulations of five ESMs participating
in the CMIP5 experiment, despite the fact that these
models do not include mechanisms that could produce
priming (Koven et al., 2015).
The conceptual diagram in Fig. 2 illustrates how an
aggregated one-pool model – applied to a system that
has more than one carbon pool – can infer a decrease in
the bulk turnover time (increase in k) as a consequence
of the inappropriate model structure. We start with a
two-pool model, as the simplest example of multiple
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soils is respired on the order of weeks to months, while
some persists for decades to centuries or longer. Soil
carbon models have traditionally approximated this
behavior by considering decomposition as a combination of two or more exponential decay terms with a
broad range of time constants (‘multi-pool models’).
Three-pool models typically do a good job of characterizing carbon cycling in many different soils (Parton
et al., 1987; Torn et al., 2009). In contrast, treating
decomposition with a single exponential decay rate
(‘single-pool models’) gives qualitatively different
behavior that poorly represents the dynamics of SOM
(Parton et al., 1987).
As soil carbon is not one homogeneous SOM pool,
the qualitative behavior of bulk turnover time (i.e., the
turnover time estimated from treating the soil as one
pool) may mistakenly be interpreted as priming, even
without changes to intrinsic decomposition rates (ki; or
other proposed mechanisms for priming). To demonstrate this, we use a traditional two-pool model (for
simplicity), with fast (s1 = 1/k1 = 1.5 years)- and slow
(s2 = 1/k2 = 50 years)-cycling pools, to show that an
increase in the overall (bulk) decomposition rate constant (k) will be inferred despite constant decomposition rate constants (k1 and k2) of individual pools
(Fig. 1). We calculate bulk turnover time as soil carbon
stocks over respiration; however, similar results would
be predicted from a one-pool model where bulk turnover time is estimated by parameter fitting to observed
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Fig. 1 Results from aggregating a two-pool SOM model with fixed pool turnover times (s1 and s2) in response to a 20% increase in carbon inputs. (a) Normalized bulk turnover time (s), total soil carbon stocks, and CO2 respiration from a two-pool model (s1 = 1.5 years
and s2 = 50 years) in response to a 20% step increase (at year 5) in soil carbon inputs. Carbon use efficiencies of 0.30 and 0.45 (respired
fractions of 0.70 and 0.55) were used for the fast and slow carbon pools, respectively, where a fraction of the carbon uptake from each
pool is transferred between soil carbon pools, while the remainder is respired. (b) Response of the bulk decomposition rate constant
(k = 1/s) as a percent increase after the disturbance.
© 2015 John Wiley & Sons Ltd, Global Change Biology, 21, 4298–4302
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Fig. 2 Conceptual diagram illustrating how aggregating a system with two SOM pools into a one-pool SOM model can exhibit a false priming response. This appears as a decrease in the
bulk turnover time (s) without a change in the individual turnover times of the fast (C1)- and slow (C2)-cycling pools (s1 and
s2, respectively). The bulk turnover time (one-pool model) of an
aggregated multi-pool system is defined as the total concentration of carbon stocks divided by the total CO2 flux respired as
output. Turnover time is the reciprocal of the decomposition
rate constant (k). (Left) Two SOM pools before an increase in
carbon inputs. (Right) Response of the two SOM pools to an
increase in carbon inputs into the fast-cycling pool. In this case,
the bulk turnover time s decreases (k increases) with time. Note,
for simplicity of illustration, carbon use efficiencies equal to
zero (respired fraction equal to one) are used in this figure.

carbon pools, and aggregate the outputs and carbon
stocks into the structure of a one-pool model to calculate the change in bulk turnover time.
For simplicity, we use a two-pool model to show the
weakness of aggregating a system with multiple underlying carbon pools into a one-pool model, but even a
model with two or more pools may lead to errors in
assessing the effects of CO2 fertilization or inferring SOM
priming. Depending on the model parameters, a twopool model can result in a wide range of false priming
(reduction in bulk turnover time) responses to increased
inputs, as shown in our sensitivity analysis (Fig. 3).

Bias in quantifying priming with a one-pool model
A single-pool model can be used to detect the presence
of priming only when a sufficiently large change in respiration is observed, that is, when more carbon is
respired than (a) is added or (b) the bias that results
from aggregating a multi-pool system. For example, if
inputs increased by 20% and outputs by 25%, the additional 5% increase is clearly from faster decomposition
rates of existing carbon stocks. If outputs increased by
<20%, however, it is possible that the carbon use
efficiency (CUE; defined as the fraction of carbon
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Fig. 3 Sensitivity analysis depicting the potential magnitude of
false priming inferred from aggregating two SOM pools with a
range of parameter values into a one-pool model. Contour plot
of the percent increase in overall k [taken 5 years after a 20%
increase in inputs to approximate the observational meta-analysis of van Groenigen et al. (2014), as an example] for a range of
carbon use efficiencies of the fast pool (CUE1) and turnover
times of the slow pool (s2). The turnover time of the fast pool
(s1 = 1 year) and carbon use efficiency of the slow pool
(CUE2 = 0; i.e., all carbon used for respiration) were held constant to explore the effect of CUE1 and s2 only.

uptake from each pool that is allocated to microbial
growth and transferred to another soil carbon pool, i.e.,
not respired) and shift in pool sizes of the underlying
multi-pool system caused the observed change in bulk
decomposition rate (Figs 1–3).
To determine the likely range of bias due to analyzing observations with a one-pool model, we performed
a sensitivity analysis using a range of carbon use efficiencies and pool-specific decomposition rate constants
(Fig. 3). We again aggregated a two-pool model into a
one-pool model and examined the false priming
response that resulted from different parameterizations. Because the typical values of the model parameters can vary within actual soil and between models,
we present the potential magnitude of false priming for
a range of carbon use efficiencies of the fast pool
(CUE1) and turnover times of the slow pool (s2).
We infer from Fig. 3 that only respiration above the
~9–16% increase in k obtained by aggregating two SOM
pools into a one-pool model can be attributed to priming, depending on the range of representative system
parameters. This false priming estimate is corroborated
by the ~7–14% reduction in overall turnover time
observed in the CMIP5 models in response to a 20%
increase in NPP (Koven et al., 2015). Consequently, the
magnitude of priming that can be concluded from a
one-pool model alone is roughly equal to the difference
© 2015 John Wiley & Sons Ltd, Global Change Biology, 21, 4298–4302
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between the inferred change in k and that expected
from simply treating a multi-pool system as a single
pool – i.e., much smaller than estimated in most of the
studies cited above. In cases where the reported
response of bulk k is within the range of the response
(bias) expected from using the typical range of Century
model (Parton et al., 1987) parameters (Fig. 3), an
increase in intrinsic decomposition rates (priming) cannot be concluded from an analysis or meta-analysis that
relies on a one-pool model.

Toward models and observations to quantify and
predict priming
The mechanisms hypothesized to cause SOM priming
(e.g., increased microbial production of extracellular
enzymes, enhanced mycorrhizal activity, changes in
microbial community structure) are absent from conventional pool-based models (Blagodatsky et al., 2010;
Kuzyakov, 2010). It is therefore possible that the typically rapid microbial turnover of increased exudation
or fine-root necromass could explain the increase in respiration observed in litter addition and CO2 enrichment
experiments that have not traced sources of respiration,
for instance, without there being a change in the original SOM pool dynamics. For example, such an increase
in respiration without a change in decomposition rate
constants has been observed across a tropical montane
forest (Giardina et al., 2014). Unless the increase in respiration is significantly larger than the sum of increased
inputs and results in an overall decrease of soil carbon,
or unless observations, such as isotopic tracers, are
available that trace the fate of inputs and the source of
respiration, inferences of enhanced degradation of
existing SOM will remain highly uncertain. Analyzing
observations with a model structure that includes the
hypothesized mechanisms of priming (e.g., microbial
and enzymatic activity) is also an important next step.

Conclusions
Soil carbon comprises a range of organic matter pools,
and therefore, using a simple, first-order model to infer
complex carbon dynamics may lead to erroneous conclusions. Using a multi-pool soil carbon model with an
imposed increase in carbon inputs, we have shown that
the behavior of bulk turnover time (i.e., the turnover
time estimated from aggregating multiple pools into a
single pool) may mistakenly be interpreted as priming,
despite constant intrinsic decomposition rates of individual SOM pools. Thus, we conclude that the priming
effect cannot be quantified using measurements of bulk
carbon stocks and CO2 flux alone, but requires knowledge of the fate of new plant inputs.
© 2015 John Wiley & Sons Ltd, Global Change Biology, 21, 4298–4302

To distinguish whether CO2 respiration originates
from new carbon inputs or older native soil, studies
using natural abundance radiocarbon or 13C- or 14C-labeled inputs provide useful results (Kuzyakov et al.,
2000; Fontaine et al., 2007; Paterson & Sim, 2013; Hopkins et al., 2014). As microbes are an active driver of
carbon and nitrogen turnover in soil, microbial biomass
measurements can also provide a constraint on changes
to carbon dynamics (Blagodatskaya & Kuzyakov, 2008;
Blagodatsky et al., 2010). These data should be used to
inform estimates of priming, whether analyzed as
changes in decomposition rate constants in multi-pool
models or as microbial activity in microbe-enabled
models (Blagodatsky et al., 2010; Riley et al., 2014;
Wang et al., 2014; Tang & Riley, 2015). Such information can then be used to parameterize this priming
effect in SOM models (Guenet et al., 2013; Wieder et al.,
2013; Sulman et al., 2014) that can be incorporated into
ESMs.
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