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Diffusion-based moisture functions could provide insight into soil physical processes and potentially represent a
more rigorous approach to model soil moisture-respiration relationships. However, large prediction bias remains
when these functions are evaluated with field observations. Here we revisit the concept of diffusion limited sub-
strate bioaccessibility by coupling Michaelis-Menten microbial uptake kinetics with linear mass transfer. The an-
alytical solution of this microbial-substrate system demonstrates that moisture interacts with heterogeneous sub-

strate distribution to control the dynamic transitions between diffusion- and reaction-limited regimes, leading to
deviations of mean-field rates from spatially averaged rates. This result highlights the inadequacy of current sim-
plified diffusion-based moisture functions in capturing the nonlinearity between substrate distribution and mi-
crobial utilization, and calls for continued development of effective upscaling approaches and experimental vali-

dation.

1. Main text

Moisture is one of the most important environmental drivers of soil
heterotrophic respiration (Bailey et al., 2019; Moyano et al., 2013) and
represents a key variable in predictive models of soil organic carbon dy-
namics. The rates of soil heterotrophic respiration often peak at inter-
mediate values of soil moisture, where diffusive substrate and oxygen
(02) supplies are balanced (Moyano et al., 2013; Skopp et al., 1990).
Thus, an important aspect of developing a mechanistic understanding
of soil moisture-respiration relationships has been modeling substrate
accessibility controlled by moisture status via diffusion (Ghezzehei et
al., 2019; Manzoni et al., 2016; Yan et al., 2018). By simplifying het-
erotrophic respiration as a linear uptake process limited by diffusive
substrate supply, diffusion-based functions provide a mechanistic for-
mulation that is potentially applicable across different soils. However,
such functions have not been shown to provide robust predictions of
field observations. Evaluating the underlying assumptions and scale-
sensitivity of diffusion-based moisture functions is a critical step for-
ward in this direction.

Diffusion-based moisture functions scale the accessible fractions of
O, and dissolved organic carbon (DOC) with the relative gas and solute
diffusivity (Ghezzehei et al., 2019; Moyano et al., 2013; Yan et al.,
2018). This approach implicitly assumes that the concentration and dis-
tribution of substrates do not affect substrate accessibility, allowing a
direct connection between measurable soil textural properties and
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moisture-respiration relationships via pore water and pore air connec-
tivity (Moldrup et al., 2003). Take the Yan et al. (2018) model as an ex-
ample, it quantitatively links model parameters, such as microbial-
substrate collocation factor, with a measurable soil property, the clay
content (Fig. 1a). However, when evaluated against observations across
different environments (Appendix 1), this model did not demonstrate
reliable predictions, particularly in comparison to data-driven (statisti-
cal) models (Fig. 1b). This is due to the empirical nature of such model
parameters, which are not designed to explicitly account for the spatial
variations of substrate distribution that impact both substrate concen-
tration and diffusion path.

In this short communication, we revisit the concept of substrate
bioaccessibility regulated by moisture and present numerical experi-
ments to challenge current diffusion-based moisture functions that are
built upon mean-field assumptions. Following Tang &Riley (2019), we
start by describing the heterotrophic respiration within a single pore
channel as a two-step process: substrate diffusion and subsequent mi-
crobial uptake kinetics. This assumption acknowledges a distinct sepa-
ration between the macroscopically measured concentration and the
bioaccessible concentration, with only the latter subjected to microbial
degradation. The overall effective substrate uptake rate can be solved
by the Best equation (Best, 1955), that combines a linear mass transfer
term between the macroscopic and bioaccessible concentrations with
Michaelis-Menten uptake kinetics.
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Fig. 1. (a) Diffusion based mechanistic function captures soil texture effect on moisture-respiration relationships (Yan et al., 2018). HR-heterotrophic respiration.
(b) Prediction bias from empirical fitting and the mechanistic function with field generated observations. Bias in HR is calculated as observed value minus predicted
value. Both empirical and mechanistic functions are calibrated at site-specific level. Out of the 36 sites, significant model fittings (p < 0.05) are obtained at 36 and

17 sites using empirical and mechanistic functions, respectively.
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Fig. 2. (a) Relationships between the dimensionless uptake rate R* and the dimensionless bioaccessible substrate concentration C* at different Da numbers. (b) Re-
lationships between Da number and soil moisture status at different diffusion distances. (c) Diffusion-based moisture response curves of DOC utilization via aerobic
respiration (S2.1). (d) Diffusion-based moisture response curves of DOC utilization via the sum of aerobic and anaerobic respiration (S2.2). The fraction of DOC

utilization via anaerobic pathways is fixed at 10% in the simulations.

We adapted the Best equation to describe moisture-dependent sub-
strate bioaccessibility in heterogeneous soils. A simple approach to as-
sess the importance of diffusion limitation uses the Damkohler number
(Da), defined as the ratio between the diffusion time scale () and reac-
tion time scale (treact) (Dentz et al., 2011). We normalized the Best
equation (R, Appendix 2) into a dimensionless form to reflect the reg-
ulatory role of Da number:

. 1+Da! 4cr(-cn]”
R _2(1—C*){1_[ 1+ Da-! } W

With

R = Reﬁ
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-1
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Cxoil H, trC il
[
Htr =D s’ 5_2
v,
Da I‘(“‘”‘ -H,™!

where Cy,; is the macroscopic substrate concentration. V,,,, and K,
are the maximum uptake rate and Michaelis-Menten half-saturation co-
efficient. H,, is the pore-scale mass transfer rate that is dependent on the
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Fig. 3. Comparisons of spatially averaged microbial uptake rates and rates from mean-field predictions. Simulations (a) and (b) with constant substrate level but
varying spatial access and (c) with varying substrate level but consistent access. Simulations are normalized to corresponding mean-field rates (gray lines). The three
soil textures were selected from literature to reflect a spectrum of soil properties (Doran et al., 1990; Franzluebbers, 1999; Ilstedt et al., 2000). @ represents soil

porosity.

characteristic diffusion distance . D, and v represents the relative diffu-
sivity and surface-to-volume ratio of the characteristic volume, respec-
tively (Appendix 2.1). As the Da number changes, we plot the relation
between the uptake rate (R*) and the bioaccessible concentration (C*)
in dimensionless format (Fig. 2a). The microbial-substrate system is re-
action limited when Da <« 1, and the relationship between R*and C*
represents the behavior of Michaelis-Menten kinetics. When Da > 1,
the system becomes mass transfer-limited, and R* is linearly related to
C*.

Soil moisture plays an important role in regulating dynamic transi-
tions between diffusion- and reaction-limited regimes by altering the
spatial distributions and mass transfer rates of substrates. Higher mois-
ture accelerates solute diffusion and may further remove the diffusion
limitation (lower Da number) at small diffusion distance (Fig. 2b, solid
lines). On the other hand, O, diffusion gets increasingly limited with
higher levels of soil saturation and larger diffusion distance (Fig. 2b,
dashed lines). Such a regime shift is particularly important in driving
the variability of moisture-respiration relationships. For example, respi-
ration rate plateau around the optimum moisture conditions is fre-
quently observed in experiments (Ilstedt et al., 2000), which could be
explained by the shift from diffusion-to reaction-limited regimes due to
small microbe-substrate distance (Fig. 2c). This scenario is likely to oc-
cur when the substrate is collocated with the microbial colony and mi-
crobial utilization saturates with high substrate concentration (Nunan
et al., 2003). In a special scenario where anaerobic respiration
(Keiluweit et al., 2016) counteracts the negative effect of O, limitation
on aerobic respiration, the regime shift to O, diffusion limitation pro-
motes anerobic respiration and overall microbial uptake at high mois-
ture conditions.

Application of the above theoretical analysis at a macroscopic level
(i.e. core to plot scales) requires proper spatial averaging of substrate

utilization across multiple pore channels within complex networks, be-
cause parameters driving the dynamic shifts between diffusion- and re-
action-limited regimes are highly variable in heterogeneous soil envi-
ronments. To evaluate how moisture interacts with heterogeneous sub-
strate distribution to regulate substrate bioaccessibility and uptake, we
conducted a numerical experiment comparing the spatially averaged ef-
fective microbial uptake rates with the mean-field rates, i.e. rates pre-
dicted from the mean values of parameters, including DOC concentra-
tion and diffusion distance (Manzoni et al., 2016; Yan et al., 2018).

This is done using a simple spatial modeling approach that intro-
duces heterogeneous substrate distribution by randomly perturbing the
diffusion distance or substrate concentrations from the means
(Appendix 2.3). In the scenario where the total amount of substrate is
fixed but the accessibility (diffusion distance §) varies, the mean-field
predictions deviate from the spatially averaged rates (Fig. 3a). Increas-
ing the variance of diffusion distance escalates the differences between
the mean-field and the spatially averaged predictions (Fig. 3b), reflect-
ing a stronger depletion of microbial activity with more heterogeneous
substrate distribution, which is consistent with recent experimental evi-
dence (Shi et al., 2021). Similarly, in the scenario where the substrate is
accessible but the concentration varies, the spatially averaged micro-
bial uptake rates remain lower than the mean-field predictions (Fig.
3c). Heterogeneous substrate distribution drives the local rates away
from the mean-field solutions, and the magnitudes of such differences
vary across different soil types (Fig. 3). A straight cutoff between the
diffusion and reaction limited regimes using the macroscopic means
can be difficult to obtain. Current diffusion-based moisture functions in-
evitably shunt such uncertainty to parameters that still require empiri-
cal fitting (Yan et al., 2018).

Here we present a novel modeling analysis to demonstrate how the
nonlinearity between substrate distribution and microbial utilization
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could invalidate the application of current diffusion-based moisture
functions. Such nonlinearity emerges from both varying microbe-
substrate spatial proximity and saturation behaviors of microbial uti-
lization of substrate (Fig. 2a). The extent of diffusion limitation on mi-
crobial activities varies substantially depending upon the soil pore net-
works (Lehmann et al., 2020; Smith et al., 2017), the quality and quan-
tity of substrates (Bailey et al., 2017; Patel et al., 2021), as well as the
dominating pathways at different O, levels (Keiluweit et al., 2017;
Zheng et al., 2019; Zheng and Doskey, 2016). The aggregated behavior
of microbial substrate utilization within a collection of pore channels
differs systematically from the mean-field predictions, further con-
tributing to prediction uncertainties of simple diffusion-based moisture
functions. The overestimation of microbial uptake rates using the
mean-field solutions (Fig. 3) could be related to the negative “correc-
tion” terms introduced during the scale transition (Chakrawal et al.,
2020; Wilson and Gerber, 2021). These “correction” terms represent
variance and covariance originated from substrate or moisture spatial
variabilities, yielding simple insights that mean-field solutions overesti-
mate the real microbial uptake rates. Although diffusion processes are
not explicitly incorporated, the scale transition approach presented by
Chakrawal et al. (2020) and Wilson and Gerber (2021) provides a theo-
retical explanation on why microscale nonlinearity drives prediction bi-
ases at macroscopic level.

In conclusion, our analysis suggests that effective applications of
simple diffusion-based moisture functions are challenged by microscale
heterogeneity of substrate distribution. Averaging a nonlinear function
of microbial substrate uptake is not equal to evaluating this nonlinear
function at the mean for each parameter (Ruel and Ayres, 1999). Care
must thus be taken when applying diffusion-based soil moisture func-
tions to batch experiments or at field scale, since bulk measurements
are not necessarily representative of the microhabitats at the pore and
aggregate scales. Additionally, this analysis only addresses heteroge-
neous substrate distribution and the diffusion aspect of moisture-
respiration relationships; other factors such as microbial cellular re-
sponse to water potential (Manzoni et al., 2012) are important to ac-
count for as well.
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