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Supplementary Text

1. Microbial-ENzyme Decomposition (MEND) model with freeze-thaw processes
1.1 Model description

The MEND model (see Fig. 1a in main text) "2 allows for mechanistic representation of
(1) density-based partitioning and physicochemical protection of soil organic matter (SOM); (ii)
distinct microbial and enzyme groups regulating SOM decomposition and inorganic nitrogen
(N) transformations including N mineralization & immobilization, biological N fixation,
nitrification, and sequential denitrification; (iii) microbial physiology such as growth &
maintenance, dormancy & resuscitation, and mortality in response to changes in soil pH,
temperature, and moisture; (iv) plant-microbial competition for inorganic N (NH4" and NO3");
(v) ammonium (NH4") sorption and nitrate (NO3") & nitrite (NO2") leaching; and (vi) N gases
(NO, N20, and N2) exchange between soil and the atmosphere.

The MEND model with freeze-thaw processes (MEND-FT) explicitly incorporates freeze-
thaw processes in permafrost and seasonally frozen soils, along with corresponding responses
of soil biogeochemical and microbial-enzymatic functions. Model state variables, governing

equations, component fluxes and parameters are described in Supplementary Table S1-S5.

1.1.1. Soil carbon (C) and nitrogen (N) pools
The MEND model includes the following soil C-N pools (Table S1):

Five SOM (with both C & N) pools: particulate organic matter (POM) decomposed by
oxidative enzymes (POMo), POM decomposed by hydrolytic enzymes (POMmu), mineral-
associated organic matter (MOM), dissolved organic matter (DOM), and active MOM (QOM)
interacting with DOM via sorption and desorption.

Seven inorganic N pools: adsorbed ammonium (NH4" Adsorb), non-adsorbed ammonium

(NH4"), nitrate (NOs"), nitrite (NO;"), nitric oxide (NO), nitrous oxide (N,0), and dinitrogen (N>).
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Two microbial (with both C & N) functional groups: active and dormant microbes
(MBa and MBb).

Three enzyme functional groups for SOM decomposition: POMo-degrading enzymes
(EPo), POMu-degrading enzymes (EPn), and MOM-degrading enzymes (EM).

Six enzymes as bioindicators controlling inorganic N transformations: nitrogenases
(corresponding to functional genes of nifH), ammonia oxidases (amoAd & nxrA/B), nitrate
reductases (narG/napA), nitrite reductases (nirS/nirK), nitric oxide reductases (norB), and
nitrous oxide reductases (n0sZ) *°.

The governing (C or N mass balance) equations for these C-N pools are summarized in
Table S2, where Eq. S11 shows the overall soil C mass balance and Eqs. S21a—c indicates the

mass balance of soil organic N, inorganic N, and total N, respectively.

1.1.2. Flexible stoichiometry

In contrast to traditional models that use fixed SOM C:N ratios ® 7, we use flexible
stoichiometry (i.e., time-variant C:N ratio) for SOM and microbial biomass pools to represent
the adaption of microbes in response to the stoichiometric imbalance of available resources > *
10.11.12 " One exception is for the enzyme pools, where a fixed C:N ratio (=3) is used according
to Schimel and Weinstraub '°. Generally, the organic N flux will follow the organic C flux
according to the C:N ratio in the upstream (source) pool (see Eq. S14 in Table S2). The C:N
ratios in the SOM pools (including POMo, POMu, MOM, QOM, DOM) will be regulated by
the litter input, C-N flux from upstream pool, and/or microbial turnover. The C:N ratio in the
microbial biomass pool is self-regulated by the DOM uptake, heterotrophic respiration (Rn), N
mineralization and immobilization. Rn is mainly controlled by the intrinsic C use efficiency (Yg
or intrinsic CUE) (see Egs. S33—S37 in Table S3). In addition to the availability of DON and
inorganic N (NH4" and NOs"), we define an intrinsic N use efficiency (YNg or intrinsic NUE,

see Eq. S47 in Table S4) to modify N mineralization rate (Eq. S46 in Table S4) and
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immobilization rates (Eqs. S48-S49). In Eq. S47, we first assume a conservative C:N range
(i.e., between CNpamin and CNp4max) to represent the stoichiometric plasticity of microbial
communities % %4, Intrinsic NUE (YN, in Eq. S47) will increase with increasing microbial
C:N ratio (CNB4), with YNg being 0 when CNp4 < CN4min (C-limited) and YNz approaching 1
when CNp4 > CNp4,max (N-limited). This means that N mineralization rate will decrease, and N
immobilization rate will increase when microorganisms become more N limited, resulting in

higher YN, '

1.1.3. SOM decomposition
The decomposition of POMo, POMu, and MOM pools is modeled by the Michaelis-

Menten kinetics '> '®. The decomposition flux is determined by the concentration of a SOM
pool and its corresponding enzymes (e.g., POMo and EPo), as well as two kinetic parameters,
i.e., the specific enzyme activity and the half-saturation constant (Vd and K) (see Eqs. S24-S26

in Table S3).

1.1.4. DOM sorption and desorption

The sorption and desorption between DOM and QOM are simultaneously considered as
dynamic processes *. DOM adsorption is controlled by DOM concentration and mineral surface
coverage, and desorption is presumed to only depend on surface coverage (Eqs. S27-S28 in
Table S3). Relative saturation of the QOM pool (i.e., O/Omax, ratio of actual adsorbed C content

to the sorption capacity) is defined to represent the fraction of the mineral surface area occupied
3 .
1.1.5. Microbial growth, maintenance, and mortality

Microbial growth and maintenance are described by the Compromise model that combines

the features of the Pirt model and the Herbert model '”. The Compromise model explicitly



expresses the dependence of microbial maintenance on both microbial biomass and substrate
(DOM) availability (Egs. S29, S33—S34 in Table S3). We define a parameter (a = Vin /(Vg + Vi)
<0.5) to constrain the relationship between the maximum specific growth and maintenance rate
(Vg and Vi) (Eq. S29). The maintenance rate of dormant microbes is much lower than that of
active microbes by a factor of f =0.001-0.01 (Eq. S36) . Microbial mortality rate (y * V,, in

Eq. S32) is associated with the maintenance rate by a scaling factor (y).

1.1.6. Microbial dormancy and resuscitation

When environmental conditions are unfavorable for growth, microbes may enter a state of
low metabolic activity (i.e., dormancy) until conditions improve to allow replication '* . We
simulate microbial dormancy and resuscitation as reversible dynamic processes (Eqs. S30-S31

in Table S3), which are mainly determined by the availability of DOM and soil moisture.

1.1.7. Competitive dynamic enzyme allocation and turnover

We propose a COmpetitive Dynamic Enzyme Allocation (CODEAL) scheme to deal with
the synthesis of multiple enzymes (e.g., eight groups in this study). The enzyme allocation
approach developed here is based on the synthetic results that enzyme activities are dependent
on microbial biomass 2° and substrate availability 2!. The synthesis of SOM-degrading enzymes
(EPo, EPu and EM) depends upon the active microbial biomass and the relative abundance of
the C substrate that needs to be decomposed (Eq. S38) !. Given that the synthesis of SOM-
degrading enzymes has been calculated in advance, the total synthesis rate of all inorganic-N
enzymes is assumed to be proportional to the total synthesis rate of all SOM-degrading enzymes
by a scaling factor, which is defined as the ratio of total soil inorganic N to total soil organic N
((NH4 + N03 + N02)/%t,s0N;) (Eq. S40). A competitive allocation scheme is applied to the

production of enzymes for each inorganic-N transformation process, where the competitive



allocation coefficient is the saturation level of an inorganic N substrate (i.e., N;/KSN;, the ratio
of the substrate concentration to the half-saturation constant) compared to the overall saturation
level of all inorganic N substrates ( Z?zl(l\/j /KS N]) ) (Eq. S40). Enzyme turnover is

proportional to the enzyme concentration by the turnover rate (Eqs. S39 and S41). The turnover
of extracellular enzymes (EPo, EPn and EM) enters the DOM pool, whereas the turnover of
intracellular enzymes (nitrogenase, ammonia oxidases, and N-reductases) becomes microbial

biomass, as these N-enzymes are located at cell membrane, cytoplasm, or periplasm 2% 2324,

1.1.8. Soil respiration

MEND simulates soil respiration (Rs) as the sum of autotrophic (root) respiration (Ra) and
heterotrophic (microbial) respiration (Rn), where Ra is calculated as a fraction (fz, € (0.1,0.4))
of gross primary production (GPP, g C m2 d!); and Rs is the sum of microbial growth
respiration (Ry 4), maintenance respiration (R 4), and overflow respiration (Ry 4) (see Egs.
S10-S12 in Table S2 and Egs. S33-37 in Table S3. Microbes may release CO: via overflow
respiration to make the microbes meet their stoichiometry constraint (i.e., maximum allowed

microbial C:N ratio) 2> 26,

1.1.9. Microbial N mineralization and plant-microbial competition for inorganic N

Based on our definition of intrinsic NUE (YNg in Eq. S47), a fraction (YNg) of ingested
DON is incorporated into microbial biomass and the rest is mineralized (Eq. S46). We adapted
the Equilibrium Chemistry Approximation (ECA) kinetics %’ to model the plant-microbial

competition for inorganic N (NH4" and NOs3") (Egs. S48-S52).

1.1.10. Biological N fixation, nitrification, and denitrification
The biological N fixation (BNF), nitrification, and denitrification processes are simulated

via the Michaelis-Menten kinetics, with each reaction being mediated by the corresponding



enzyme groups. The BNF rate is also modified by the soil NH4" availability (quantified by the
saturation level of NH4"), i.e., higher soil NH4" availability will inhibit N fixation (Eq. S45) 5.
The nitrification and denitrification chain reactions (NO;- — NO,  — NO — N,O — N,) are
catalyzed by specific enzymes (Eqgs. S42 and S44). In addition, nitrifier-denitrification flux is

29, 30

modeled as a fraction of the nitrification flux and contributes to N20O production , where

the fraction is controlled by oxygen availability (Eq. S43).

1.1.11. Ammonium (NH/') sorption and nitrate (NOs") & nitrite (NO7) leaching

We also consider the sorption of NH4" using the Langmuir isotherm model (Eq. S53) 3!.
Only the un-adsorbed NH4" is available for microbial and plant uptake. The leaching of NO3~
and NOz™ is controlled by the concentration of NO3~ and NO2™ in soil solution as well as the

amount of soil water percolation (Eq. S54) *.

1.1.12. N gases (NO, N:0, and N3) exchange between soil and the atmosphere

N gases exchange between soil and the atmosphere is simulated by a diffusion process
governed by the Fick’s law (Eq. S55), i.e., the flux is mainly determined by the difference in
gas concentrations between soil and the atmosphere as well as the gas diffusivity in soil. Gas
diffusivity is dynamically calculated by internal and external air-filled porosities in bimodal
33,34,35

(aggregated) soil porous media

1.2. Soil freeze-thaw processes and environmental responses

1.2.1 Soil freeze-thaw processes in cold regions
We employed a daily time step to simulate the freeze-thaw processes. The specific

computational procedure was as follows: (i) identified soil freeze and thaw phases based on



daily soil temperature data; (i1) calculated the frozen depth (zFrozen) and thawed depth (zThaw)

) 3637 and (iii) determined the distribution of

using the Stefan equation (see Eq. 5 in main text
the freeze-thaw process by accounting for site-specific freezing types (Fig. S1) **. The
classification of freeze and thaw phases, as well as the calculation of frozen and thawed depth,
are described in the section “Freezing and thawing fronts calculation” in main text. Site-specific
freezing types include seasonally frozen soils and permafrost regions (Fig. S1). In seasonally
frozen soils, the calculated maximum thawed depth was typically greater than the maximum
frozen depth. As a result, the maximum frozen depth kept unchanged until the thawed depth
reached or exceeded the frozen depth, after which the whole-soil thawed until the onset of the

next freezing phase (Fig. S1). In permafrost regions, the opposite pattern was observed, where

frozen depths generally dominate, and the computational logic was accordingly reversed (Fig.

S1).
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Fig. S1 | Conceptual progression of freezing and thawing fronts during a freeze-thaw cycle in

(a) seasonally frozen soils and (b) permafrost regions.

1.2.2 Response functions for freeze-thaw dynamics

The freeze-thaw responses follow a hyperbolic function, incorporating the site-specific
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distribution of substrate within the soil profile 3> °. This is because the relative thawed soil
layer, or active layer thickness (ALT), determines how much substrate is released and thus
available to microbes *!'*2, We represent the relative thawed proportion using a dimensionless
scaling factor, ALTscalar, defined as the ratio of the thawed soil depth to the total soil depth.
This factor is calculated based on the positions of freezing and thawing fronts relative to soil
depth (see Eq. S59 in Table S6). The soil freeze-thaw response functions are summarized in
Table S6. In the MEND-FT model, the reaction rate may be modified by freeze-thaw processes
and/or environmental conditions (i.e., soil pH, temperature and moisture, see the following
section for details) (Eqgs. S57-S58 in Table S6).

The response function for SOM decomposition and inorganic N transformations,
faee(ALTscalar) (Eq. S60 in Table S6), is derived from empirical analyses ** *°. The parameter
a (ALTa in Table S5) is a shape parameter that controls the distribution of available substrate.
We adopted a = 0.54 from Liu, Zhuang *°, which was estimated using observation data in alpine
meadow sites on the Qinghai-Tibetan Plateau. A minimum response function value,
faec(ALTscalar) min, accounts for site-specific SOC distribution to represent substrate
availability in deep unfrozen soils #*. In this study, we assigned ficc(ALTscalar) min = 0.15 .

The response functions for microbial dormancy (fa2p(ALTscalar), Eq. S61 in Table S6)
and resuscitation (fp2a(ALTscalar), Eq. S62 in Table S6) follow a pattern similar to substrate
accessibility (see relevant section in main text). The parameter b (ALTb in Table S5) shapes
these response functions. We set b = 1.11a to account for the slightly reduced response

following thawing, due to physiological recovery and delays in substrate diffusion ***. In fully



frozen soils, a small proportion of microbes remains active, and resuscitation persists at a very
low rate *°. Similarly, some microbes may enter dormancy even when the soil is totally thawed
47 Accordingly, we define minimum microbial dormancy response (fa2n(ALTscalar) min) or
resuscitation response (fp2a(ALTscalar) min), which ranges from 0.01 to 0.2 (parameter ALTc

in Table S5).

1.2.3 Soil pH, temperature and moisture response functions

The pH response function, f(pH), follows an exponential-quadratic function (Eq. S63 in
Table S6) 8. The temperature sensitivity of true growth yield or intrinsic carbon use efficiency
(Ye) is modeled by a linear function (Eq. S64 in Table S6) #%-30:31.2.53.54 The Arrhenius equation
(Eq. S65) or Q10 method (Eq. S66) is used to simulate the response of other parameters ° to
changes in temperature. The relationship between Q1o and Ea (Eq. S67) is derived from Eqgs.
S65 and S66. The activation energy (Ea) for selected parameters is described in Wang et al., 3.
We use different soil moisture response functions (SMRFs) 2 to describe the influences of soil
moisture on the enzyme-mediated SOM decomposition processes, microbial mortality,
microbial dormancy and resuscitation, nitrification and denitrification:

(1) The SMRF for SOM decomposition by oxidative enzymes (Eq. S68 in Table S6) is
adapted from Hansen et al. >,

(2) The SMRF for SOM decomposition by hydrolytic enzymes (Eq. S69 in Table S6) is
based on Manzoni et al. °°. The values of ,,;, and b in Eq. S69 for soil or litter in different

biomes were adapted from Manzoni et al. 3.
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(3) The SMRFs for microbial mortality, dormancy & resuscitation are also shown (Egs.
S70 and S71 in Table S6). Soil water potential greatly affects the microbial dormancy and
reactivation processes and various sigmoidal-type switching functions have been proposed to
quantify these effects 7. The response functions (Eqs. S70 and S71 in Table S6) are used to
modify the dormancy (f4,p (1)) and the reactivation (fp,4(1)), where  is the SWP (MPa)
and the exponent @ describes the steepness of the curve; Y,,p and Pp,, are critical SWPs
depending on the osmolyte synthesis strategy; and 7 is the ratio between ¢p,4 and ¢Q4,p
and is less than 1 to capture a lagged switch from dormant to active state upon rewetting °’. We
also use f;,p (1) to modify microbial mortality rate.

(4) The SMREFs for nitrification and denitrification (Eq. S72 in Table S6). The values for

WFP;, (i =1,2,3,4) and a,,b,,a_,b_ are adapted from Muller °® and Wang & Chen *°.

2. Model Initialization and Input Data

2.1. Model initialization

We initialized the C-N pool sizes using experimentally measured values *°. When data
were not available, initial soil and enzyme pool sizes were estimated based on literature sources.
For example, MOC typically accounts for 40-50% of SOC, and the POC to MOC ratio is
approximately 1.0—1.5 at the Haibei site °. Enzyme concentrations are around 0.1-1% of MBC
1,48
2.2. Model input data

Model input data are used to drive model simulations and generally include: (i) litter input

or GPP; (ii) soil pH, temperature and moisture; (iii) inorganic N (NH4" and NO3") input (e.g.,
11



dry/wet deposition and fertilization). Depending on the data availability, these input data may
be provided as constant values or time-variant values at hourly, daily, monthly scale. All input
data will be automatically interpolated or converted to hourly data for MEND model

simulations. Soil texture and/or soil water retention curve parameters for the van Genuchten

161,62

mode are also needed for modeling, where the soil water retention curve is used to convert

volumetric water contents to soil water potentials > . In this study, data input included daily
soil temperature and moisture, as well as GPP under both control and warming treatments (see
Section “Study site and data compilation” in main text). Soil pH was held constant at 8.4 for
treatments >°.

2.3. Whole-soil warming experimental data

The experimental data for this study were obtained from published research 3% % conducted
at a seasonally frozen alpine meadow site on the northeastern QTP. Briefly, the warming
experiment consists of four blocks, each containing one control plot and one warming plot (+
4°C at 0-100 cm soil depth). The experiment began in June 2018 and data were recorded
through September 2021. Soil COz2 flux (soil respiration) was measured on seven dates in 2018,
ten dates in 2019 and 2020, and five dates in 2021 during the growing seasons (May to
September). Measurements of SOC, MBC, microbial C:N and inorganic N (NH4" and NO3")
were taken at the end of August in 2019 and 2021 >°. Microbial carbon use efficiency (CUE)

and enzyme activities for oxidases and hydrolases were assessed in August 2021 %,

3. Model Parameterization, Calibration and Validation

3.1. Model parameterization procedure

A rigorous model parameterization procedure is essential to avoid methodological
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problems in the subsequent model calibration and validation. We adopt the following procedure
for model parameterization > %: (i) The parameter classes are determined based on site
properties such as soil texture or types, plant functional types, and climatic zones, so that the
parameter values in different classes could be assessable from available field data. (ii) The
number of practically calibrated parameters should be kept as low as possible. This means to
calibrate the most important and sensitive parameters and the other parameters should be fixed
based on previous studies. (ii1) For the parameters subjected to calibration, physically,
chemically, or biologically acceptable intervals for the parameter values are summarized in
Table S5.
3.2. Multi-objective parameter sensitivity analysis

Sensitivity analysis is used to identify important model parameters for model-data
integration. We developed a Multi-Objective Parameter Sensitivity Analysis (MOPSA) method
based on the Wilcoxon Rank Sum Test ¢’. The MOPSA can be used to identify the relative
importance of each model parameter for each objective or response variable (e.g., a C or N pool
or flux). The sensitivity is characterized by the difference in the probability distribution between
two (i.e., acceptable and unacceptable) parameter samples that are separated by a threshold of
the objective functional values in terms of a specific response variable. The difference is
statistically quantified by the Wilcox estimator from the non-parametric Wilcoxon Rank Sum
Test, which is more applicable to statistical analysis of difference in parameters that are often
not normally distributed ¢’. This Wilcox estimator is then used as the sensitivity index to

quantify the magnitude of parameter sensitivity, i.e., higher sensitivity index means higher
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sensitivity. The Wilcox-based Multi-Objective Parameter Sensitivity Analysis (MOPSA)
approach consists of the following steps:

(1) Generating parameter samples. Select the parameters to be evaluated and generate
parameter sets in terms of their ranges using the sample generator in the MOEA Framework 5,

(i1) Running MEND model to calculate objective function values. Run MEND with these
parameter sets and compute the objective function values in terms of response variables (e.g.,
C or N pools or fluxes). The objective function is defined as the mean squared error (MSE)
between simulated and reference time-series data. The simulated data are the simulated pool
sizes or fluxes using a generated parameter set. the reference data refer to model-simulated pool
sizes or fluxes using the medians of parameters.

(ii1) Identifying acceptable and unacceptable parameter sets. For each response variable,
identify whether a parameter set is acceptable or unacceptable by comparing the MSE to a given
criterion, e.g., the 50% divisions of the sorted MSE. The MSE less than the criterion is classified
as acceptable, otherwise it is classified as unacceptable.

(iv) Normalizing the parameter values by their value ranges. For the ith parameter, let
X; ={x;;,j =1,2,---,2n} be the parameter values. Define x; i, = min {X;} and x;max =
max {X;}, and the normalized X;, denoted by Z; = {zi’j, j=1,2, ---,Zn} is defined as z;; =
ﬁ €[01]. Let zA={z,j=12,n} and z' ={2Y,j =12,-,n} be the
subsets of acceptable and unacceptable Z; (i.e., normalized Xi), respectively. The

normalization of parameter values makes the sensitivity index comparable between different

parameters.

14



(v) Conducting the Wilcox test to determine parameter sensitivity. Implement the Wilcox
test of the two parameter samples, i.e., Z; and Z. The Wilcox estimator for the difference
between acceptable and unacceptable parameters is used as the sensitivity index to quantify the
magnitude of parameter sensitivity, i.e., higher sensitivity index means higher sensitivity. The
p-value from the Wilcox test is used to evaluate if the parameter sensitivity is statistically
significant (p < 0.05) or not (p > 0.05). Note that the Wilcox estimator refers to the median of
the difference between acceptable and unacceptable parameter samples ¢”.

3.3. Multi-objective functions for model calibration and validation

We calibrate selected model parameters (Table S5) by achieving high goodness-of-fits of
model simulations against experimental observations. We implement multi-objective
calibration of the model % . Each objective evaluates the goodness-of-fit of a specific
observed variable mentioned above. The parameter optimization is to minimize the overall

objective function (J) that is computed as the weighted average of multiple single-objectives .

J=XEwi ] (S73a)
mow;=1 and w; € [0,1] (S73b)
where m denotes the number of objectives and wi is the weighting factor for the i (i =
1,2,..., m) objective function (J;).
The individual objective function J; may be calculated as (1— R?), [PBIAS|, MARE,
MAREt, or (1-r):

E?:l[ysim(i)_yobs(i)]z
Z?:l[yobs(i)_}_’obs] 2

R2=1- (S74)

Ysim_?obs

|IPBIAS| =

(S75)

obs
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n . .

MARE = lz Ysim(l)—yf)bs(l) (S76)
n i=1 Yops(i)

0, MARE < tolerance

MARE, MARE > tolerance

MAREt = { (S77)

= Z?:ﬂyobs(i_)_yozbs]'[Ysim(i)_}?sim_] - (878)
\/Z?=1[Yobs(i)_yobs] '\/E?=1[Ysim(i)_ysim]

r

where R? denotes the coefficient of determination; |[PBIAS] is the percent bias between
simulated and observed mean values; MARE is the Mean Absolute Relative Error (MARE) and
represents the averaged deviations of simulations (Ysi=) from their observations (Yors); MARE?
is a variant of MARE and MAREt achieves the best (= 0) when MARE is within a defined
tolerance value; r is the Pearson correlation coefficient; # is the number of data; Yoss and Yiim
are observed and simulated values, respectively; and Y, and Y;, are the mean value for
Yons and Yiim, respectively.

Different objective functions are used to quantify the goodness-of-fit for different variables,
depending on the measurement method and frequency of variables. R? quantifies the proportion
of the variance in the response variables that is predictable from the independent variables 2. A
higher R? (R? < 1) indicates better model performance. R?is used to evaluate the variables (e.g.,
total soil respiration or heterotrophic respiration) that are frequently measured, and the absolute
values can be directly compared between observations and simulations. MARE or [PBIAS| is
used to evaluate the variables (e.g., microbial biomass C and concentrations of inorganic N)
with only a few measurements and the absolute values can be directly compared. Lower MARE
or |PBIAS| values (> 0) are preferred > . MAREt should be used when the simulated value
may not be necessarily to strictly match the observed or measured value. For example, the
measured nitrification rates are more like potential rates or rough estimates. It is more
appropriate to use MAREt to evaluate the model simulated actual nitrification rates when
compared with these measurements. Another example includes the comparison between

simulated and observed N fixation or plant N uptake rates. The observations collected from
16



literature just represent empirical or reference N fixation 7! or plant N uptake rates %73, In this
case, we also recommended to use MARELt as we expected the simulated N fixation or plant N
uptake rates would fall into the observed value ranges. When the absolute values between
simulations and observations cannot be directly compared, the correlation coefficient (r)
between original or transformed (e.g., logarithmic transformed) observations and simulations
will be used. For example, the gene abundances from omics analysis cannot be directly
compared to the enzyme concentrations or activities in the MEND model. However, we may
assume correlation could be found between the measured and modeled values with a certain
transformation or normalization. Noting that the coefficient of determination (R?) is simply the
square of the correlation coefficient (7) in case of a linear regression with an intercept. In other
cases, €.g., a linear regression without including an intercept or a nonlinear fitting, R?> may not

be equivalent to 72,

3.4. Model parameter calibration (optimization) algorithm

We use the modified Shuffled Complex Evolution (SCE) algorithm -7 75 to calibrate
selected model parameters by minimize the overall objective function (J) as shown in Eq. S73a.
SCE is a stochastic optimization method that includes competitive evolution of a ‘complex’ of
points spanning the parameter space and the shuffling of complexes *°. SCE has been widely
used in calibration of hydrological, environmental, and ecosystem models and proved to be
efficient and robust ! 7% 76.77.78,

In this study, the multi-object weighted calibration was performed in two sequential steps.
In the first step, ten microbial physiology parameters (7, pep, fpem; Ve, a, B, v, Kb, Yg; and ro;
see Table S5 for their definitions) were optimized using experimental observations of soil
respiration (Rs), microbial biomass carbon (MBC), and soil organic carbon (SOC) (Table S7).
We assigned weights of 0.5, 0.3, and 0.2 to Rs, MBC, and SOC, respectively, reflecting the

substantially larger number of Rs measurements (32 data points) relative to MBC and SOC (2

17



observations each). In the second step, these calibrated microbial parameters were fixed, and
five key inorganic N parameters (VNvG, VNim, VNfix, VNnit, and VNaenir; see Table S5 for their
definitions) were optimized using observations of microbial C:N ratio, and concentrations of
ammonium (NH4") and nitrate (NO3") (Table S7). In this stage, weights of 0.4, 0.3, and 0.3 were
assigned to microbial C:N, NH4", and NO;3~, respectively. We further tested several alternative
weighting schemes (W1-W3, Table S8). Across these schemes, the optimal parameter values
and objective function values (Table S7) changed only modestly, indicating that the calibration

is robust to reasonable variations in weighting (Table S8).
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Supplementary Figures
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Supplementary Tables

Table S1. Soil carbon (C) and nitrogen (N) pools (state variables) in the MEND model

Soeil C and/or N pool Pool name Description (variable name)
SOM pools POMo Particulate organic matter (POM) decomposed by oxidative
enzymes (PO; PON)
POMy POM decomposed by hydrolytic enzymes (PH, PHN)
MOM Mineral-associated organic matter (M; MN)
DOM Dissolved organic matter (D; DN)
QOM Active MOM interacting with DOM (Q, ON)
SOM-degrading enzyme | EPo POM oxidative enzymes (EPO,; EPON)
groups EPy POM hydrolytic enzymes (EPH; EPHN)
EM MOM degrading enzymes (EM; EMN)
Inorganic-N enzyme ENH4 Ammonium oxidases (ENH4, ENH4N)
groups ENO3 Nitrate reductase (ENO3; ENO3N)
ENO2 Nitrite reductases (ENO2; ENO2N)
ENO Nitric oxide reductases (ENO, ENON)
EN20 Nitrous oxide reductases (EN20O; EN2ON)
EN2 Nitrogenases (EN2; EN2N)
Inorganic N pools NH;" Adsorb Adsorbed ammonium (NH4ads)
NH,* Ammonium (NH4)
NOs~ Nitrate (NO3)
NO;~ Nitrite (NO2)
NO Nitric oxide (NO)
N0 Nitrous oxide (N20)
N» Dinitrogen (N2)
Microbial functional MBa Active microbial biomass (BA, BAN)
groups MBp Dormant microbial biomass (BD; BDN)
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Table S2. Governing equations for each soil C or N pool (Table S1) in the MEND model

Governing Equation Eq#
Soil Carbon

dPO/dt =Ipo + (1 = gp) * gpo * Fo—Fi1; Ipo + Ipy + Ip = Igross * fINP; Igposs is gross litter input (S1)
dPH/dt = Ipy + (1 = gp) " (1 = gpo) " Fo—F, (52)
dM/dt = (1—fp) - (F1 + F;)-F3 (83)
dQ/dt =F, — Fs (S4)
dD/dt =1Ip + fp - (Fy+ F3) + F3 + gp " Fo + Fi6 — Fg — (Fy — Fs) (85)
dBA/dt = Fg — (F; — Fg) — Fg — (Fyo + Fy1 + Fi3) — (Fi5 + Fi7) + Fig (56)
dBD/dt = (F; — Fg)—(F13 + F14) (87)
dED;/dt = Fi5gp, — Fi6pp,s ED; (i = 1,2,3) denotes EPO, EPH, EM, respectively (S8)

dEN;/dt = Fi; gy, — Figgn,: EN; (j = 1,2,-,6) denotes ENH4, ENO3, ENO2, ENO, EN20, EN2, | (S9)

respectively

Ry, = (Fyo + F11 + Fi3) + (Fi3 + F14); heterotrophic (microbial) respiration (S10)
R, = fR, - GPP; autotrophic (root) respiration (S11)
Rs = R, + Ry; total soil respiration (S12)
%(Po +PH+M+Q+D+BA+BD+Y}_,ED; + X5, EN;) = (Ipg + Ipy + Ip) — Ry, (S13)
Soil Nitrogen

e For soil organic matter pools, the N flux: FN, = F,/CNyyrce, Where Fi (k= 1-9) is the C (S14a)
flux, and CNyource is the C:N ratio of the (upstream) source pool.
¢ For enzymes pools ED; (i=1,2,3) and EN; (j=1...6), the N flux FN, = F,,/CNgyz, k= 15-18. | (S14b)

dlf;:N = CFTE'D - (C;ﬁ - Cl‘;ﬁ) - C;ﬁ - Fcl;,;;l; + C;;;VZ — FNpppa + (FNim,NHzHBA + FNim,No3aBA) G1)
dBDN /dt = (F;/CNgy — Fg/CNgp) — FNpy sp (S16)
dNH4/dt = Iyys + FNpix + (FNmnga + FNngp) = (FNimnwa-sa + FNimnaove) = FNuie (S17)
dNO3/dt = Iz + FNpit — FNnir—genic — FNaenic, — (FNimno3—5a + FNinno3-ve) = FNieacnnos (S18)
dN02/dt = FNgenit, = FNaenit, = FNieacnnoz (519)
dNO/dt = FNgenit, = FNaenit, — FNemit, (520)
dN20/dt = FNpit—genit + FNaenit, = FNaenit; = FNemit, (821)
dN2/dt = FNgenie, = FNrix = FNemie, (522)
£ (PON + PHN + MN + QN + DN + BAN + BDN + $3, EDN; + X5_ ENN; ) = (INpo + INpy + | (S23a)

INp) + (FNim,NHzHBA + FNim,N03aBA) - (FNmn,BA + FNmn,BD)

d
s (NH4ads + 216':1 IVj) = (Iyga + Inos) + (FNmn,BA + FNmn,BD) - (FNim,NH4-—>BA + FNim,No3—>BA) — | (S23b)
(FNinn#a-v6 + FNinnos-va) = (FNieachnos + FNieacnnoz) = X4 NFemit,

% (PON + PHN + MN + QN + DN + BAN + BDN + ¥_, EDN; + ¥5_, ENN; + ¥5_, N; + (S23c)
NH4ads) = (INpg + INpy + INp) + (Iypa + Inoz) — (FNim,NH4—>VG + FNim,N03—>VG) -
(FNleach,NO3 + FNLeaCh,NOZ) - 216:4 NFemitj
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Table S3. Component fluxes in the MEND model (parameters are shown in Table S5)

Flux description Equation Eq#
Particulate organic matter (POM) pool | Fy =Vdpy - EPO-PO/(Kpy + PO) (S24)
(oxidative) (PO) decomposition ()
POM pool (hydrolytic) (PH) decomposition F, =Vdpy - EPH - PH/(Kpy + PH) (S25)
Mineral-associated  organic matter (M) | F3 =Vdy-EM-M/(Ky + M) (S26)
decomposition
Adsorption (F4) and desorption (Fs) between | Fy = kggs* (1 — Q/Qmax) * D (S27)
dissolved organic matter (D) and adsorbed | Fs = kyes - (Q/Qmax) (S28)
DOM (0) Kaas = Kaes " Kpa
DOM (D) uptake by microbes F, = yl (U, + V) ,fA:; (S29)
s D

Dormancy (F7) and resuscitation (F3) between | F; = [1—D/(Kp + D)] -V, - BA (S30)
active (BA) and dormant (BD) microbes Fg =[D/(Kp + D)] -V, - BD (S31)
MB (BA) mortality Fo=vy -V, BA (S32)
MBax (BA) growth respiration (Fi9) and Fy = (i_ 1) Vg BAD (S33)
maintenance respiration (F1) Ya Kp+D
MB4 (BA) overflow respiration (F1,) Fy; = max{0,BA — BAN * CNg4 max } (S35)
MBp (BD) maintenance respiration (F3) Fi3 =8V, BD (S36)
MBp (BD) overflow respiration (F14) Fy4 = max{0,BD — BDN - CNg4 max } (S37)
Synthesis of enzymes for decomposition of PO | Fisgpo = PO/(PO + PH) - pgp * Vi - BA (S38)
(Fisepo, EPO = EDy), PH (Fisgpn, EPH = | Fisgpy = PH/(PO + PH) " pgp * Vin  BA
EDy), and M (Fi5m, EM = EDs) Fisem = fPem * Pep " Vin - BA

Fis =Y, Fisgp; = Fisppo + Fisepn + Fisem
Turnover of enzymes (EPO=ED,, EPH=ED,, | Figgp, = 15 * ED; (S39)
EM = EDy) Fig = Yi-1 Fiep,
Synthesis of enzyme groups for inorganic-N | Fi; = X%, Fizpn; = Fis (S40)
transformations; (NH4 + NO3 + N02) /Y., SON;
EN; (j=1-6): ENH4, ENO3, ENO2, ENO, P o NS
EN20, EN; T Xjai/KsN)
SON; (i = 1 — 5): PON, PHN, MN, ON, DN
Turnover of enzymes for nitrification, | Fig = Xj-1Fisen;; Fisen, = 75 " EN; (S41)

denitrification, and N fixation
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Table S4. Inorganic N fluxes in the MEND model (parameters are shown in Table S5)

Flux description Equation Eq#

Nitrification VN, ENHA-NH4 (542)
FlNpie = TKSN,NHE

Nitrifier FNnit—genit = FNpie * [1 = £(02)] (S43a)

Denitrification f(0y) = YTy 45:?:23:;) 7> WFP is water-filled porosity (543b)

Denitrification of Ny = VN;-EN; - N; (S44)

NO3, NO2, NO, N20: T KSN; 4N

j=2,3,4,5

N fixation FNyye = VN EN2:N2 ( __ NH4 ) (S45)

KSNg+N2 KSNy+NH4
N mineralization FNpnpga = (1 —YNg) - FNg (S46)
w
YNy = (%) (S47)

N immobilization by | FNipyus-pa = [(VNimunua - YNg) - BA- NH4]/(KSNpay * 1) (S48)

microbes FNimno3—a = [(VNimnos - YN;) - BA- NO3]/(KSNpaz * 1) (S49)
= e R e R oY

N uptake by plants FNimnha—ve = [(VNygnua - TGPP) - NH4|/(KSNygy 1) (S51)
FNimnoz-ve = [(VNVG,N03 'TGPP) ) N03]/(KSNVGZ 1) (852)
Coefficient *GPP =f(GPP), e.g., TGPP = exp [wy - (GPP/GPP,of — 1)]

NH," sorption NH4 = [A+ JAZ + 4Kpq ypa - NHACOE] /(2 - Kpg npa) (S53a)
NHé4ads = NH4tot — NH4 (S53b)
where A = Ky yys - (NHAtot — NH4,,0,) — 1 (S53c¢)
derived from: NH4ads + NH4 = NH4tot (S53d)
NH4ads = NH4qy - (Kpayna - NH4)/(1 + Kpanua - NH4) (S53e)

NO; and NO;~ FNieachnos = NO3 * fNieacn (S54a)

leaching FNieacnnoz = NO2 - fNigqacn (S54b)
where: fNieacn = Tieacn * [ Naissotved * (eperc/e) (S54c¢)
fNaissovea = (9/95at)3 (S54d)
Operc = Oexcess * [1 — exp(— At/TTyerc)] (S54¢)
Oexcess = max (0,6 — Or¢) (S54f)
TTyerc = (Osar — Orc) - Depth/Ksar (S54g)
Teach € (0,1): scaling factor;

6: volumetric soil water content (SWC); g4+ and Ogc: SWC at saturation and
field capacity; Depth: soil depth (cm); Ogycess : €xcess SWC available for
percolation; p,erc: SWC percolation; Ky, : saturated hydraulic conductivity (cm
h™'); At: given time-period (= 1h); TTyerc: travel time for percolation (h)
NO, N,O, N; gas FNemie, = [Ds; - (N; = Nairy) /(0.5 - Depth)]/Depth (S55)

emission: j = 4,5,6

where: Ds;: gas diffusivity in soil (cm? h™');

N; and Nair; gas concentration in soil and air (mg N cm™)
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Table S5. MEND model parameters

ID | Parameter | Description Range Value Units
1 LFy Initial fraction of PO, LFy= PO/(PO+PH) (0.1, 1.0) 0.61 —
2 ro Initial active fraction of microbes (0.01, 1) Calibrated | —
3 | fRa Scaling factor for autotrophic respiration (Rq) (0.1,0.4) 0.2 —
4 | fINP Scaling factor for litter input rate (0.1,0.9) 0.4 —
5 VP Maximum specific decomposition rate (0.1, 100) 20 mgCmg ' Ch’
6 Kro Half-saturation constant (HSC) for PO (40,100) 60 mg C cm3 soil
decomposition
7 | fKm Kv= KpoxfKm, Kpn= Kro/fKu (2, 20) 10 —
Kpru and Ky are HSC for PH and M, respectively
8 Omax Maximum sorption capacity (0.5,5.0) 3.6 mg C cm 3 soil
9 | Kna Binding affinity (1, 16) 8.7 (mg C cm™3 soil) !
10 | kades Desorption rate for DOM (le-4,0.01) | 0.0053 mg C cm ™ soil h™!
11 | re Enzyme turnover rate (1e-4,0.01) | Calibrated | mgCmg ' C h'!
12 | pep [Vmxpep] is the production rate of EP (EPO + (1e-3,0.1) Calibrated | —
EPH), Vs the specific maintenance rate for B4
13 | fpem JpEM = pEMIpEP, [VimeXpEu) is the production rate (0.1, 5.0) Calibrated | —
of EM
14 | fo Fraction of decomposed PO and PH allocated to | (0.05, 1) 0.8 —
D
15 | gp Fraction of dead BA allocated to D 0.01, 1) 0.4 —
16 | gpo (1 —gp) - gpo is the fraction of dead BA (0.05,0.2) 0.1 —
entering PO
17 | Vg Maximum specific uptake rate of D for growth (1e-3,0.1) Calibrated | mgCmg ' Ch™!
18 | a = Vi I( Vg + Vm), Vi is max specific maintenance | (0.01, 0.5) Calibrated | —
rate
19 | Kp HSC for microbial uptake of D (1e-4, 0.5) 0.26 mg C cm3 soil
20 | Yg(Trer) Intrinsic C use efficiency at reference 0.2,0.4) Calibrated | —
temperature (7re)
21 | kY, Slope for Y, dependence of temperature (1e-3, 0.01 1/°C
0.016)
22 | Qo Qio for temperature response function (1.2,2.5) 1.8 —
23 |y Max microbial mortality rate = VX y (0.01, 20) Calibrated | —
24 | B Ratio of dormant maintenance rate to Vi (5e-4,0.05) | Calibrated | —
25 | wazp Soil water potential (SWP) threshold for (-0.6,-0.2) | 0.46 MPa
microbial dormancy; both w42p & wp24 <0
26 |t WD24 = Wa2p X T, Y24 is the SWP threshold for (0.1,0.9) 0.39 —
microbial resuscitation
27 | o Exponential in SWP function for microbial (1, 6) 3.38 —

dormancy or resuscitation
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28 | ALTa Shape parameter for available substrate 0.1,2) 0.54 —

distribution (a in Eq. S60, Table S6)
29 | ALTh Shape parameter for microbial dormancy and 0.1,2) 0.6 —

resuscitation (b in Egs. S61 and S62, TableS6)
30 | ALTe The minimal dormancy and resuscitations (0.01,0.2) 0.05 —

response values (fa2p(ALTscalar) _min and

fo2a(ALTscalar) _min)
Inorganic nitrogen parameters
31 | VNimpa Max specific microbial N immobilization rate (le-4,0.1) Calibrated | mgNmg ' Ch™!
32 | KSNga1 HSC for microbial immobilization of NH4" (le-4,0.01) | 1.8¢e-4 mg N cm 3 soil
33 | KSNgy, HSC for microbial immobilization of NO3~ (1e-4,0.01) | 4.1e-4 mg N cm ™ soil
34 | VNit Max specific nitrification rate (VN1) (0.1,1000) | Calibrated | mg Nmg ! Ch!
35 | VNgenit Max specific denitrification rate (le-4, 1.0) Calibrated | mg Nmg ' Ch™!
36 | VNif Max specific N fixation rate (V'Ns) (le-4,0.1) | Calibrated | mgNmg ' Ch™'
37 | KSM HSC for nitrification (1e-3, 1.0) 0.0012 mg N cm ™ soil
38 | KSM: HSC for denitrification of NO3s~and NO2~ (le-4,0.1) 0.0018 mg N cm ™ soil
39 | KSNs HSC for denitrification of NO and N2O (le-4,0.1) 0.0018 mg N cm ™ soil
40 | KSNs HSC for N fixation (le-4,0.1) 0.1 mg N cm ™ soil
41 | VNyg¢ Max plant N uptake rate (le-6, 1e-3) | Calibrated | mgNcm > h™!
42 | KSNvai HSC for plant uptake of NH4* (le-4,0.01) | 0.0012 mg N cm 3 soil
43 | KSNva2 HSC for plant uptake of NO3~ (le-4,0.01) | 0.0018 mg N cm 3 soil
44 | wre Exponential for calculating »GPP as a function 0.01, 1) 0.5 —

of GPP
45 | NH4max Maximum sorption capacity for NHs* (1e-5,0.01) | 0.0057 mg N cm ™ soil
46 | Kpanms Binding affinity for NHs" (1, 1e4) 100 (mg N cm 3 soil) ™!
47 | Fieach Scaling factor for NOs~and NOz™ leaching (0.01, 1) 0.02 —
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Table S6. MEND model response functions

Function Response function Variables and Parameters Eqg#
description
Reactionrate | v=wvy-f@)  f(T) " f(pH) Vq: baseline reaction rate; (S56)
(MEND-old) f(@): soil moisture response function (SMRF) : soil water potential, SWP (MPa);
f(T): soil temperature response function; T: soil temperature;
f(pH): pH response function pH: soil pH
Reaction rate v =y f(Y) - f(ALTscalar) - f(pH) AlLTscalar is the relative thawed (S57)
(MEND-FT) f(ALTscalar): freeze-thaw (FT) response function; | proportion, calculated based on frozen
Dormancy and depth (zFrozen, cm), thawed depth
resuscitation v = v, * f(ALTscalar) (zThaw, cm), and total soil depth (zSoil, (S58)
rate (MEND- cm), see Eq. S59.
FT)
ALTscalar in zFrozen = 0 (S59a)
max(zThaw,zThaw+zSoil—zFrozen)
seasonally ALTscalar = mln( o 1) zFrozen > 0 and zThaw > 0
frozen soils max(l ZFZTS‘;ZL;m, ), zFrozen > 0 and zThaw = 0
ALTscalar in 0, zThaw =0 (S59b)
zThaw
permafiost AlLTscalar = mm( ol ) zThaw > 0 and zFrozen = 0
regions max( ersojjn, ), zFrozen > 0 and zThaw > 0
Freeze-thaw faec(ALTscalar) = a: model parameter AL7a in Table S5 (S60)
response 1, X ) whole soil thawed shapes available substrate distribution.
faec(ALTscalar)_min, whole soil frozen
function for (18C+ a) - ALTscalar _ _ the minimal function value
{ —_— soil thawing
decomposition | a g—lﬁL"l;s)c(alla_r ALTscalar) (faec(ALTscalar_min)), which is
ll " “a+ (1 - ALTscalar) ’ soil freezing depending on site-specific distribution of
substrate in the soil profile.
FT response fazp(ALTscalar) = b: model parameter ALTb in Table S5, (Se1)
function for fazp(ALTscalar)_min, whole soil thawed shapes the corresponding function, b =
1, whole soil frozen
dormancy b(1 — ALTscalar) _ _ 1.11a. The minimal function value
_ soil thawing
b+ A]ZJT-SE\al}'?‘;calar (fa2p(ALTscalar) min) is parameter ALTc
" b+ (1 — ALTscalar)’ soil freezing in Table S5.
FT response fo2a(ALTscalar) = b: model parameter AL7b in Table S5, (S62)
function for 1, whole soil thawed shapes the corresponding function, b =
fp2a(ALTscalar)_min, whole soil frozen
resuscitation (1 + b) - ALTscalar 1.11a. The minimal function value
— soil thawing
b (';ﬁl“gﬁlir ALTscalar) (fp2a(ALTscalar) min) is parameter ALTc
" b+ (1 ALTscalar) ’ soil freezing in Table S5.
Soil pH pHopr: optimum pH that gives the | (S63)
response pH — pHyp: 2 maximum reaction rate;
. f(pH) = exp [— (=) ] " A
function PHsen PpHsen: sensitivity of the reaction rate to
deviation from pHop:
Temperature Yy (Tre f) : Y, at reference temperature, | (S64)
e Yy (1) = Yg(Trer) = kyg - (T = Tre) o
sensitivity of Trer (°C);
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intrinsic —kyg : the slope, -0.016 < —ky, < —
carbon use 0.001 °C™!
efficiency (¥y)
T: temperature (K); (S65)
Ea (1 1 Trer: reference temperature (K);
Temperature f(hy=exp|——|=—
RA\T  Trer Ea: activation energy (kJ mol™'); (S66)
response:
T=Tyes R =8.314 J mol! K'!, the universal gas
Arrhenius F(T) = Qyp 10
10 constant; (S67)
equation or
Ea 10 Quo: the factor by which the reaction rate
010 method Q10 = exp C— . o .
R-Teep T is multiplied when temperature increases
over Trrby 10 K
SMREF for foxi@) : soil water potential (MPa) (S68)
SOM 0, b < —1025 Hansen et al. 3
decomposition 0.625 — 0.25 X log;o(—1), 1025 < < —10'5
o = 1,-10'% <9 < —1072°
by oxidative [2.5 + 0.4 X logyo(—)]/1.5,—107%5 < ) < —10*
enzymes 0.6, > —107*
SMRF for 1: soil water potential (MPa); (S69)
SOM 0, Y < Yoin Yre=—0.033 MPa: SWP at field capacity;
decomposition | fiya@W) ={1-— lnhéu(zwlf:/f) ) Ynin <P < Pre Womin: microbial stress threshold SWP;
min. FC
by hydrolytic L >k b: a shape parameter
enzymes Manzoni et al. 3
Yaop (MPa): critical SWP for microbial | (S70)
dormancy;
SMRF for 1 s . bial
= MPa): criti WP i i
microbial fazn @) = 7 I Ypoa (MPa): critica or microbia
resuscitation; (S71)
dormancy & W 1 1
= = T= ;
resuscitation fDZA lp 1 + (Itb/lpDZA)w 1 + [lp/(ll}AZD X T)]w lpDZA/wAZD
: exponent to describe the steepness of
the curve
WFP = 0/¢: water-filled pore space; (S72)
6: volumetric water content;
¢ soil porosity;
a, and b, are intercept and slope of
SMRF for 0 WEP < WFP, linear regression for increasing activity

nitrification &

denitrification

a, +b,-WFP WFP, < WFP < WFP,
F(WFP) = 1 WFP, < WFP < WFP,
a_+b_-WFP WFP, < WFP < WFP,

0 WFP > WFP,

(i.e., by > 0);
a_ and b_ are intercept and slope of
linear regression for decreasing activity
(i.e.,, b_ < 0);

WFP;, (i=1234) and ay,b,,a_,b_

are adapted from Muller *®
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Table S7. Experimental data for MEND model calibration and validation

Response Data
Description Objective function Weight
variable points
Rs Soil respiration 1-R? 32 0.5
) ) MAREt, tolerance 2 0.2
SOC Soil organic carbon
=0.05
) o MARE:H, tolerance 2 0.3
MBC Microbial biomass carbon ol
Microbial C:N Microbial C:N ratio |[PBIAS] 2 0.4
NH," Ammonium concentration |[PBIAS] 2 0.3
NOs~ Nitrate concentration |[PBIAS] 2 0.3
. ) Microbial carbon use 1
Microbial CUE .
efficiency For model validation
EPO Oxidase only. 1 N
EPH Hydrolase 1

Note: R? is the coefficient of determination (Eq. S74), MARE? is the mean absolute relative
error (MARE) with a tolerance (Eq. S77), |PBIAS] is the absolute value of the percent bias (Eq.
S75).
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Table S8. Optimal parameter and objective function values under different weight schemes.

Parameter WOo Wi w2 W3

1) 0.38 0.56 0.46 0.48

rE 0.03 0.03 0.03 0.03

PEP 0.01 0.01 0.01 0.01

JfpeEm 2.99 2.65 2.73 2.74

Ve 0.017 0.017 0.017 0.017

a 0.5 0.5 0.5 0.5

Kp 0.29 0.28 0.29 0.29

Ye 0.31 0.33 0.34 0.35

b 7.4 9.9 9.9 9.7

y 0.0015 0.0018 0.0019 0.0023
VNim 0.099 0.083 0.087 0.085
VNpx 0.099 0.099 0.099 0.099
VNt 975 959 972 978
VNdenit 0.89 0.66 0.66 0.66

VNye le-6 le-6 le-6 le-6
Response variable fopy (calibration | validation), best = 0

Rs 0.34]0.38 0.3410.37 0.34]0.38 0.340.39
SOC 0.33]0.31 0.33]0.31 0.33]0.31 0.33]0.31
MBC 0.21]0.60 0.17]0.66 0.18]0.64 0.18]0.64
C:N 0.0610.08 0.080.07 0.070.07 0.06 | 0.09
NH4" 0.420.43 0.42]0.45 0.420.45 0.420.45
NO;~ 0.29]0.15 0.300.13 0.300.13 0.290.13

Note: WO denotes the weighting scheme used in the main text (weights listed in Table S7).
W1-W3 are alternative weight schemes. W1 uses weights of 0.5, 0.25, 0.25 for Rs, MBC, and
SOC, respectively; and 0.33, 0.33, 0.33 for microbial C:N, NH4", and NO3", respectively. W2:
0.5, 0.2, 0.3 for Rs, MBC, and SOC, respectively; and 0.33, 0.33, 0.33 for microbial C:N, NH4",
and NOs~, respectively. W3: 0.5, 0.3, 0.2 for Rs, MBC, and SOC; 0.2, 0.4, 0.4 for microbial
C:N, NHs", and NO3 ", respectively.
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