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ARTICLE INFO ABSTRACT
Handling Editor: Dr Cornelia Rumpel Soil microbial communities drive essential ecosystem functions, catalyzing biogeochemical cycles and contrib-
uting to climate regulation. However, due to the complexity of microbial communities, the magnitude and di-
Keywords: rection of microbial biomass and diversity contributions to carbon (C) and nutrient cycling remain unclear. For
B“’geo_“hem‘my this reason, most models predicting soil organic matter (SOM) dynamics at the ecosystem level do not explicitly
Ig?deltmgh describe the role of microorganisms as mediators of SOM decomposition. Incorporating microbial properties, and
imate change . S . . L. . .
Microorganisfns especially diversity, into ecosystem models remains an open question, requiring careful consideration of the
Biodiversity tradeoff between model complexity and performance.

Forest soil This work addresses this knowledge gap by implementing a simple C and nitrogen (N) cycling model to predict
heterotrophic respiration and net N mineralization rates in soils sampled under different land-uses and tree
health conditions across Spain. To understand the role of microorganisms on ecosystem functioning, we pro-
gressively incorporated microbial biomass and diversity (i.e., alpha diversity of taxa and of fungal functional
groups), and selected the model that optimized prediction accuracy, while minimizing complexity.

We found that microbial biomass had a strong and positive effect on both C and N mineralization rates, with
heterotrophic respiration being nearly linearly controlled by biomass. In contrast, microbial diversity had
minimal but negative effects on mineralization processes, with land-use differences explaining part of the
variability in these effects. Our study confirms microbial biomass as a key driver of C and N mineralization rates,
while highlights that microbial diversity based on taxonomic identification inadequately explains microbial ef-
fects on these ecosystem functions.

1. Introduction et al,, 2011; Cotrufo et al., 2013) and overall ecosystem diversity
(Domeignoz-Horta et al., 2024). These communities drive essential

Soil microbial communities are one of the most important biotic ecosystem functions, ensuring plant residue decomposition, nutrient
components of terrestrial ecosystems, contributing significantly to recycling, and soil organic matter (SOM) formation (Paul, 2007; Tate,

nutrient stock formation (Bird et al., 2008; Rubino et al., 2010; Mambelli 2017; Manzoni et al., 2010), and supporting plant health by enhancing
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nutrient availability and soil structure, e.g., via aggregate stabilization
and particle transport (Bever et al., 2012; Sahu et al., 2019). Despite
extensive research in recent decades, the quantitative effect of microbial
communities on soil and ecosystem functioning is not clear yet (Graham
etal., 2014, 2016; Martiny et al., 2015; Hall et al., 2018; Crowther et al.,
2019). As a result, there is little consensus on how to integrate soil mi-
crobial attributes into models predicting terrestrial ecosystem responses
to climate change (Lennon et al., 2024). Some soil carbon (C) cycling
models have explicitly incorporated soil microbial biomass in their
equations (e.g., Sulman et al., 2014; Wieder et al., 2014; Wang et al.,
2015; Abramoff et al., 2017, 2018; Robertson et al., 2019; Zhang et al.,
2021; Berardi et al., 2024). Typically, this is done using nonlinear ki-
netics to represent C transfers among compartments, although this
approach inevitably increases model complexity and uncertainty in the
predictions (Shi et al., 2018). In contrast, microbial community
composition and diversity have been less frequently integrated into such
models due to the greater complexity of microbial diversity itself (Louis
et al., 2016). Though some examples exist (e.g., Wieder et al., 2014;
Zhang et al., 2021), incorporating diversity via a mechanistic repre-
sentation of processes may not always be desirable when the objective is
to improve model accuracy at large scales. For the past few decades, the
prevailing paradigm has emphasized the functional and biological
redundancy of soil microorganisms (Nannipieri et al., 2017). Yet,
emerging evidence suggests that microbial properties, such as species
diversity, can be robust predictors of SOC (Wang et al., 2023) and SOC
decomposition rates (Domeignoz-Horta et al., 2020), with microbial
diversity also proposed as a means to enhance model accuracy (Louis
etal., 2016). Nevertheless, many of the models developed over the years
have not been validated against empirical data (Louis et al., 2016).
Consequently, the role of microbial diversity in predicting terrestrial
ecosystem processes remains largely untested at large scales (Lennon
et al., 2024). To address this gap, it is essential to agree on whether the
integration of biomass and diversity of soil microbial communities im-
proves the accuracy of predictive models. Establishing general patterns
that define their role in ecosystem functioning will refine our under-
standing of how terrestrial ecosystems will respond to future environ-
mental challenges.

Soil microbial biomass affects the C balance through two main
mechanisms. First, it promotes plant litter and SOM decomposition,
contributing to C loss via heterotrophic respiration (Berg and
McClaugherty, 2020). Second, microbial product formation can be sta-
bilized through organo-mineral interactions (e.g., adsorption and
complexation) or aggregation, contributing significantly to SOM accu-
mulation (Cotrufo et al., 2013; Gleixner, 2013; Kallenbach et al., 2016;
Malik et al., 2018; Bastida et al., 2021). Most models predicting SOM
dynamics at the ecosystem level do not explicitly describe the role of
microorganisms as mediators of C and nutrient decomposition, but
consider decomposition as dependent only on the amount and quality of
soil substrates and on pedo-climatic conditions (Manzoni and Porporato,
2009; Le Noé et al., 2023). These models, based on first-order kinetic
exchanges, are considered to capture the essential C and nutrient dy-
namics (e.g., Coleman and Jenkinson, 1996; Parton et al., 1988).
However, by neglecting the pivotal effect of microbial biomass on SOM
evolution and its capacity to decompose specific substrates, they lack the
mechanisms to predict SOM responses to global change (Todd-Brown
et al., 2014; Makipaa, 2023). For example, it remains uncertain how
climate and land-use changes will affect the rates of biogeochemical
processes regulated by microbial activity and biomass (Cavicchioli et al.,
2019).

Microbial diversity also contributes significantly to explaining soil
functions (Graham et al., 2016). Generally, diversity — as measured by
taxonomic richness — affects biogeochemical rates, including decom-
position rates of SOM (Valentin et al., 2014) and heterotrophic respi-
ration (Setala and McLean, 2004; Bell et al., 2005; Wilkinson et al.,
2012; Domeignoz-Horta et al., 2020). While most studies report positive
effects on these rates (Setdla and McLean, 2004; Bell et al., 2005;
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Wilkinson et al., 2012; Domeignoz-Horta et al., 2020), others report
weak or even negative effects, or different effects depending on the
substrate being decomposed (Tiunov and Scheu, 2005). A caveat of
many of these studies is that they were conducted under idealized
conditions with low-diversity manipulated microbial communities. Yet,
they point to mutualistic effects that would be expected in high-diversity
natural communities as well. Other studies based on field data at larger
scales likewise suggest that increased microbial diversity is positively
associated with soil functioning in terrestrial ecosystems (Delgado-
Baquerizo et al., 2016; Delgado-Baquerizo et al., 2017). Mathematical
models also predict higher biogeochemical rates with increasing mi-
crobial diversity, aligning with most of the experimental studies
(Loreau, 2001; Khurana et al., 2023). However, most of the models
currently used to predict soil organic carbon (SOC) and nitrogen (N)
dynamics at the ecosystem level do not account for microbial diversity
yet. While we expect diversity to be relevant at the ecosystem level
(Graham et al., 2016), it remains unclear whether incorporating it would
improve model predictions.

Additionally, little is known about microbial diversity effect on N
mineralization rates, which are fundamental for plant nutrition. Some
evidence points to a positive effect of diversity on net N mineralization
(Setala and McLean, 2004), which would be expected due to the positive
relation between OM decomposition rates and net N mineralization
(Setala and McLean, 2004). However, N mineralization is influenced not
only by microbial metabolic capacity but also by their stoichiometric
requirements, adding another layer of complexity to how microbial di-
versity affects the N cycle. Whether N is released or immobilized by the
microbial biomass depends primarily on the balance between the mi-
crobial demand for N (required for growth) and the supply of N from the
decomposing substrates (Manzoni et al., 2010). This balance can be
described by the so-called ‘critical C:N” or ‘threshold element ratio’
(TER), above which substrates are too N-poor to allow for a net N release
to occur (Sterner and Elser, 2002). The TER is defined as the ratio be-
tween microbial C:N ratio and microbial C use efficiency (CUE), and
both of these microbial traits depend on microbial community compo-
sition. CUE tends to decrease as the ratio between fungal and bacterial
growth rates increases (Soares et al., 2017) and is sensitive to changes in
microbial diversity—in some cases increasing (Domeignoz-Horta et al.,
2020), and in others decreasing with increasing diversity (Maynard
et al., 2017). Microbial C:N is higher in fungi than in bacteria, although
at the whole community level, variations in microbial C:N tend to be
minor across ecosystems (Xu et al., 2013). As a result, we would expect
microbial community composition and possibly diversity to modulate
not only C, but also N mineralization rates through their effects on mi-
crobial traits determining the microbial N demand.

In this contribution, we evaluate a simple C and N cycling model that
incorporates microbial biomass and diversity metrics to predict het-
erotrophic respiration and net N mineralization rates. Using a dataset
from 18 holm oak-dominated sites across Spain (Garcia-Angulo et al.,
2020), we explore the effects of microbial biomass and diversity under a
wide range of soil types, land-uses, and forest health conditions. This
dataset offers a unique opportunity to assess the role of microbial
communities in regulating heterotrophic respiration and net N miner-
alization across a representative sample of regional conditions (i.e., the
Spanish Iberian Peninsula). The model features minimal complexity,
allowing key kinetic and stoichiometric parameters to be calibrated
against observational data. We progressively incorporate microbial
biomass and diversity (defined in several different ways) into the model,
identifying the most parsimonious model variant for predicting
observed C and N mineralization rates. We hypothesize that both mi-
crobial biomass and diversity positively affect heterotrophic respiration
and net N mineralization rates, thereby improving model predictions
compared to models that neglect biomass and diversity effects.
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2. Materials and methods
2.1. Experimental sites

We used data from an experimental study that aimed to determine
the effect of holm oak (Quercus ilex L. subsp. ballota [Desf.] Samp)
decline on soil processes (Garcia-Angulo et al., 2020). In addition to the
data from Garcia-Angulo et al. (2020), our dataset includes five addi-
tional holm oak sites that were not part of the original publication but
were sampled and analyzed by the same authors using the exact same
design and procedures (Fig. 1). In total, we used data from 18 sites across
Spain (Fig. 1), spanning wide climatic conditions and soil pH gradients.
Mean annual temperature ranged between 10 °C and 16 °C and mean
annual precipitation between 282 mm and 916 mm, while soil pH
ranged from very acidic (5.1) to alkaline (7.9). The study sites were
under different land-uses, namely forests, open woodlands, and dehesas
(i.e., savannah-like ecosystems, Pulido et al., 2001; Herguido Sevillano
etal., 2017). Soil organic matter C:N ratio ranged between 4.9 and 24.8,
and soil organic C and microbial biomass C contents varied widely
across sites (from 10 g Ckg™! to 187 g Ckg™! and from 0.7 g Ckg ™! to
6.6 gC kg’l, respectively) (Garcia-Angulo et al., 2020).

In our analyses (described in Sections 2.5-2.9), we used site-specific
measurements of soil organic C content, biomass C content, microbial
diversity, and organic matter C:N ratio to fit our models, while also
allowing land-use to modulate model parameters. Other site character-
istics were assumed to be captured indirectly through these variables, as
well as land-use. As soils were incubated in controlled conditions,
climate per se is expected to have only an indirect effect via those
proxies.

2.2. Soil sampling

Here, we report the main methods used by Garcia-Angulo et al.
(2020) to obtain soil samples, and further details can be found in their
publication. To uniformly cover the area and account for within-site
heterogeneity, three subplots were established at each of the 18 sites.
Each subplot included 9 holm oak trees, representing three crown
defoliation levels — healthy, affected, and dead — with three trees per
condition to capture the range of ecosystem variability. The five addi-
tional sites of this study (i.e., Almeria, Arascués, Léon, Navas de Estena,
and Sevilla-Usera) included only three holm oak trees per subplot
because only healthy trees were present and thus sampled (i.e., no crown
defoliation was observed at these sites). To account for spatial
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heterogeneity, three soil samples were collected at 0-10 cm depth
beneath each tree canopy, within a 50 cm radius of the trunk, and pooled
together into a composite soil sample. For each crown defoliation level,
three additional soil samples were obtained from outside the tree canopy
and similarly pooled into a composite soil sample. This resulted in 12
composite soil samples per site at the 13 locations with crown defolia-
tion variation (i.e., 156 soil samples) and 6 composite samples per site at
the 5 locations with only healthy trees (i.e., 30 soil samples). Therefore,
this study has been carried out with a total of 186 composite soil
samples.

All soil samples were extracted with a 5 cm diameter metallic cyl-
inder from the first 10 cm of the soil after leaf litter (OL layer) removal.
Hence, the samples contained both a part of the organic horizon and a
part of the A horizon of the mineral soil. Soil samples were immediately
stored in a portable fridge at constant 4 °C temperature until arrival to
the laboratory. Upon arrival, soil within each bag was homogenized
prior to manipulation. An aliquot of approx. 15 g was separated from
each of the 186 composite soil samples and frozen for subsequent soil
microbial diversity analysis. The remaining soil was dried at room
temperature (for approx. 15 days), sieved using a 2 mm mesh size, and
stored in a dry dark place until further analyses. For all soils, physico-
chemical analyses were also performed on dry soil samples, namely to
measure soil organic C, total soil N, bulk density, and pH (see Garcia-
Angulo et al. (2020)).

2.3. Measurements of heterotrophic respiration and net N mineralization

To measure microbial C and net N mineralization rates, 40 g of dry
soil were placed in a 150 mL glass jar and rehydrated to reach 40 % of
the soil water holding capacity (WHC). In order to avoid potential non-
linear increases in CO, production after rewetting (Birch, 1958), soils
were incubated for 48 h after rewetting while their water content was
kept constant. Soil samples were then incubated for 15 days following a
temperature response curve ranging from 5 °C to 35 °C. Microbial C and
N mineralization rates were measured at every 10 °C increment (i.e., at
5°C, 15°C, 25 °C, and 35 °C), and the values used in this study represent
the average values across these temperatures. In particular, microbial C
mineralization was measured as soil heterotrophic CO5 production (i.e.,
heterotrophic respiration, R), and net N mineralization (M) was
measured as the change over time (between day 15 and day 0 of the soil
incubation period) in soil mineral N concentration (defined as the sum of
NO; —N and NH4+ —N). For more information about the methodology
used to measure C and N mineralization rates, see Garcia-Angulo et al.
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(2020).

2.4. Microbial biomass and diversity

Soil microbial biomass (including both fungi and bacteria) was
measured using a substrate-induced respiration (SIR) method (Anderson
and Domsch, 1978), modified according to Garcia-Angulo et al. (2020).
This widely-used method consists in estimating the living soil microbial
biomass by measuring the maximum respiratory response of the mi-
crobial community in the soil samples after adding an excess of C and
energy source, such as glucose. The addition of available C at saturation
concentrations triggers a strong increase in the respiration rate (five- to
ten-fold), known as substrate-induced respiration. This response reflects
the biomass of microorganisms capable of rapidly utilizing the substrate
(Anderson and Domsch, 1978), representing the active or potentially
active fraction of the soil microbial community, which is a significant
fraction of the total microbial biomass (Blagodatskaya and Kuzyakov,
2013). The SIR method is considered a robust approach for assessing
living microbial biomass and has been extensively compared to other
methodologies such as fumigation-extraction (e.g., Cheng and Virginia,
1993; Harden et al., 1993). To perform SRI, a subsample of 10 g of dry
soil was placed in a glass jar, and rehydrated to 40 % of its WHC. Af-
terwards, a 0.5 g glucose kg™! of dried soil was added and the soil was
incubated for two hours at 30 °C. After the incubation, CO, emissions
were measured using a portable soil gas exchange system (EGM-4, PP
systems, MA, USA). For more information see Garcia-Angulo et al.
(2020).

To assess microbial diversity, DNA was extracted from frozen soil
aliquots that were immediately separated after sampling. DNA was
amplified targeting the ITS1 region and the V4-V5 regions of the 16S
rRNA gene and sequenced using Illumina MiSeq v2 to identify fungal
and bacterial taxa, respectively. The sequences were processed with
Qiime v1.9.1 (Caporaso et al., 2010), which identifies and removes
chimeras through USEARCH v6.1 (Edgar, 2010) by using the RDP gold

Geoderma 460 (2025) 117408

database for bacteria (Cole et al., 2014) and the UNITE chimera data-
base for fungi (Nilsson et al., 2019). The resulting sequences were
grouped into operational taxonomic units (OTUs) and identified with an
open-reference OTU picking process (pick_open_reference otus from
Qiime v1.9.1) at a 97 % sequence identity to taxonomically assign the
representative sequences for each OTU. For this, the RDP classifier
database (i.e., with a threshold of 0.8) was used as a reference for bac-
teria. The process of clustering the fungal ITS sequences was similar to
that used for bacteria but, in this case, the taxonomic identification of
representative OTUs was made using the UNITE database as a reference.
More details on these procedures can be found in Garcia-Angulo et al.
(2020). In our study, we performed new analyses as follows. We used the
FungalTraits database to further identify saprotrophic and ectomycor-
rhizal fungi (Polme et al., 2021). After removing singletons, the fungal
and bacterial datasets were rarefied to 3520 and to 8159 counts,
respectively, using the SRS package (Beule and Karlovsky, 2020). The
resulting rarefied libraries were used to calculate alpha diversity indices
using the phyloseq package in R (McMurdie and Holmes, 2013). In
addition to OTU richness (S), we calculated the Shannon-Weiner index
(H; hereinafter referred to as Shannon) and the inverse Simpson index
(IS) for all fungi and bacteria, as well as for the major fungal functional
groups i.e., saprotrophic and ectomycorrhizal fungi (Fig. 2.1). For each
of the alpha diversity indices, we also calculated a combined index ac-
counting for both bacterial and fungal diversity as,

fO = \/fOfurlgi fO‘bucteria (@9)]

where fo fungi and fo pacreria are fungal and bacterial diversity indices,
respectively (i.e., fungal and bacterial richness, S, Shannon-Weiner
index, H, and Inverse Simpson index, IS, Table S1). All these diversity
indices were used to build 32 different models of C and N dynamics
accounting for microbial diversity (Fig. 2.2).
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Fig. 2. Illustration of the 5-step process for model selection based on diversity indices and Bayesian data assimilation: (1) Raw data (i.e., microbial functional groups
such as bacteria, fungi, combined fungi and bacteria, ectomycorrhizal (ECM) fungi, and saprotrophic (SAP) fungi) are used to compute various diversity indices (i.e.,
Richness, Shannon, and Inverse Simpson), resulting in a total of 15 microbial diversity indices; (2) different models are constructed based on varying assumptions
about the influence of microbial biomass (y # 0 in Eq. (2)) and microbial diversity (8 # 0 Eq. (6)) on heterotrophic respiration and net N mineralization rates. Models
including the effect of microbial diversity (i.e., models II and III) were built for each of the 15 diversity indices (denoted here f;;, withi=1, ...,3andj =1, ..., 5),
resulting in a total of 32 models; (3) model parameter probability distributions are estimated via a Bayesian data assimilation framework to predict heterotrophic
respiration and net N mineralization. Two calibration strategies are carried out, one with constant decay rate coefficient ko, and one with kq varying by land-use; (4)
the models undergo a 10-fold cross-validation, where the dataset is split into 10 subsets and the models’ performance is tested iteratively on the different subsets; (5)
finally, the best performance models are selected based on the average cross-validation results.
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2.5. Exploratory data analysis

An exploratory data analysis was conducted to assess differences in
microbial biomass and diversity across the different land-use types, with
a special focus on bacterial and fungal richness. After testing for
normality of the variables with Shapiro test (Royston, 1982) and ho-
moscedasticity with Levene test (Levene, 1960), we assessed statistical
differences between land-use types using analysis of variance (ANOVA)
followed by post-hoc Tukey pairwise tests (Miller, 1981), or alternative
non-parametric tests (i.e., Kruskal-Wallis test followed by post-hoc
Wilcoxon pairwise test, Hollander and Wolfe (1973)) when these as-
sumptions were not met (i.e., for microbial biomass and bacterial
richness).

2.6. Model of heterotrophic respiration and net N mineralization

We considered a simple model of soil C and N dynamics, where we
could define microbial growth, heterotrophic respiration, uptake, and
net N mineralization (symbols are defined in Table 1). This model can be
adjusted by including modifier functions to account for the roles of
microbial biomass and diversity on heterotrophic respiration and net N
mineralization. These functions can be turned on or off, and by
comparing the predictive power of each resulting model, we can assess
the impact of these variables on soil functions. The model is based on the
partitioning of organic C and N taken up by microorganisms into new
biomass and mineralization products: COz from the respiration of

Table 1
Explanations and units of symbols used in the equations for the C and N cycling
model.

Symbol Explanation Units Sources
Cs Soil microbial biomass C gCkg™! Measured
content
Cs Soil organic C content gC kg’1 Measured
(C:N);  Microbial biomass C:N ratio gCgN™!
Xu et al. (2013)
(C:N)g  Soil organic matter C:N ratio gCgN~! Measured
((C:N)g = Cs/Ng)
CUE Microbial C use efficiency - Calibrated
(CUE = G/U)
fo Microbial functional diversity — Calculated
from OTUs
G Microbial growth rate gCkg1d! Calculated
H Shannon-Weiner diversity - Calculated
index from OTUs
I Inverse Simpson diversity - Calculated
index from OTUs
ko Rate constant for diversity dlfory=0 Calibrated
(gC kg*l) "a for
¥#0
kg Rate constant for dlfory=0 Calculated
heterotrophic respiration (gC kgfl) T4 for
(kg = (1 —CUE)ky)
¥#0
ky Rate modifier for C uptake or dlfory=0 Calculated
decomposition (gC kgfl) T4 for
¥#0
M Net N mineralization rate gNkg'd! Calculated and
measured
Ns Soil organic N content gNkg™! Measured
R Heterotrophic respiration rate  gCkg ' d! Calculated and
measured
S Microbial richness (number of ~ — Measured
OTUs)
TER Threshold element ratio gCgN! Calculated
(TER = (C: N);/CUE)
U Microbial C uptake rate gCkg1d! Calculated
B Exponent for microbial - Calibrated
diversity effects
Y Exponent for Cg in the - Calibrated

microbial uptake kinetics
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organic C, and inorganic N released from the metabolism of organic N.
We do not consider nitrification, denitrification, and dissimilatory ni-
trate reduction to ammonium, which are important processes in the N
cycle, but fall outside the scope of this study.

Mathematically, it is convenient to start by defining the microbial
uptake rate (U),

where ky is the decay rate for C uptake, Cs is the organic C content in the
soil, Cp is the microbial biomass C content, and y is an exponent rep-
resenting the effect of microbial biomass on the uptake rate. Withy =0,
Eq. (2) becomes a classical first order decay model where SOC is
decomposed at a constant ky rate, while y = 1 leads to a multiplicative
model in which uptake depends linearly on both organic C content and
microbial biomass (Manzoni and Porporato, 2007). With this model (y =
1), biomass specific respiration (i.e., metabolic quotient) scales linearly
with organic C content. It should also be noted that the rate of microbial
uptake is equal to the rate of decomposition, because we do not model
the dynamics of depolymerization products. Other kinetics can be more
appropriate under varying environmental conditions or when microbial
biomass changes during the incubation (e.g., Tang and Riley, 2017).
However, in the case study considered here incubation conditions are
controlled and the duration is short, so that the simple kinetics in Eq. (2)
are a reasonable approximation.

Microbial growth (G) is described as the product of C use efficiency
(CUE) and organic C uptake rate, G = CUE U (Manzoni and Porporato,
2009). Accordingly, heterotrophic respiration (R) is defined as,

R=U-G = (1-CUE)U = (1 — CUE)kyCsC}, = kzCsCl, 3

where in the last equality we defined the rate constant for respiration as
kr = (1 —CUE)ky.

Net N mineralization (M) can be calculated as the difference between
microbial N supply from organic matter decomposition and microbial N
demand for growth (Manzoni and Porporato, 2009),

Ng G 1 CUE
M= U= - =U - 4
Cs (C:N), (C:N); (C:N),
N uptake N demand

where Ng is the content of organic N, and (C : N); and (C : N) are the C:
N ratios of microbial biomass and organic matter, respectively. The last
expression on the right-hand side of Eq. (4) is the result of minor rear-
rangements and a more compact notation. When substrate C:N ratio is
low, net N release occurs (m > %), whereas net N immobilization
occurs when substrate C:N is high, requiring acquisition of mineral N
from the soil environment to compensate for the microbial stoichio-

metric imbalance (m < (g—%i) The threshold C:N ratio at which net N
. T 1 _ CUEY ;
mineralization is exactly zero (7(C3N)s = (C:N)E) is referred to as the

‘threshold element ratio’ (TER) (Sterner and Elser, 2002), i.e., TER =
(C:N)g

CUE
TER, ensuring net N release even if substrates are N poor (Manzoni et al.,

2010).

Usually, heterotrophic respiration rates are measured instead of
uptake rates. Therefore, Eq. (4) can be expressed as follows, recalling
that R = (1 —CUE)U,

. Higher values of microbial C:N or lower values of CUE increase the

R 1 CUE
T 1-CUE|(C:N)g (C:N),

M )
In this framework, any microbial diversity effect altering the value of
the kinetic constant kzx or possibly the other parameters (y, CUE,
(C:N)y) would affect the heterotrophic respiration (Eq. (4)) and N
mineralization rates (Eq. (5)).
It is important to emphasize that despite its simplicity, this model of
heterotrophic respiration and net N mineralization is representative of
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the kinetics and stoichiometric constraints implemented in the majority
of soil C and N cycling models (Manzoni and Porporato, 2009). There-
fore, we would expect that results obtained from this minimal single-
compartment model can be at least conceptually transferred to more
complex multi-compartmental models such as those used in Bruni et al.
(2022).

2.7. Effects of microbial diversity on C and N fluxes

To include the effect of microbial diversity in our model framework,
we start by redefining the decay rate for C uptake (ky) as an exponential
with upper limit 1,

kU = min{koeﬁfo, 1} (6)

We refer here to a general microbial diversity index (fy) (Fig. 2.1), to
which is associated a decay coefficient (ko) and a diversity coefficient
(B). If p = 0, total decay rate equals ko, and heterotrophic respiration and
net N mineralization become insensitive to changes in diversity
(Fig. S1). For values of > 0, microbial diversity positively affects the
heterotrophic respiration. In particular, when diversity (fy) is low, the
exponential term converges to 1 and the total decay rate approaches ko,
while for high diversity the decay rate for C uptake (ky) is upper-
bounded to 1 (Fig. S1). Values of # < 0 indicate negative effects of mi-
crobial diversity on heterotrophic respiration, with high diversity hav-
ing maximum decomposition rate ko, and low diversity having a
decomposition rate approaching 0 (Fig. S1). Because net N mineraliza-
tion depends on the respiration rate (Eq. (5)), any diversity effect in Eq.
(4) will propagate from R to M.

Next (Fig. 2.3), we test four models based on Egs. (3) and (5)
(Table 2). Model 0 without the effects of microbial biomass or diversity
(y =0 and $ = 0); Model I where the effect of microbial biomass is
considered, but not that of diversity (4 = 0); Model II where only the
effect of microbial diversity is considered (y = 0); and finally Model III
where both effects of biomass and diversity are considered (Table 2).
Models with microbial diversity were tested with all diversity indices
(Fig. 2.1) and results are shown for the diversity index based on fungal
and bacterial richness combined according to Eq. (1). Results for all
diversity indices are reported in the Supplementary Material (Table S1).

2.8. Model parameterization

Egs. (3) and (5) can be constrained by observations of heterotrophic
respiration and net N mineralization rates (R, M), of soil organic C and N
contents (Cs, Ns, and their ratio (C : N)), and of microbial biomass C
content (Cp). Parameters ko, 7, and g, and in addition CUE and (C : N),
remain unconstrained as they were not measured by Garcia-Angulo et al.
(2020). Among these parameters, the C:N of microbial biomass is

Table 2
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probably the least variable, so we setitat (C: N); =7gCg N1 (based
on average values for mixed and temperate forests from Xu et al., 2013).
The remaining parameters ko and CUE, and the exponents y and f are
estimated through Bayesian data assimilation (Fig. 2.3). For that, we
estimate the posterior distribution P(6|0) of the parameters (®) condi-
tional to the observed data (O) of heterotrophic respiration and net N
mineralization, and based on prior knowledge on the parameters. Pa-
rameters were assumed to be uniformly distributed within their prior
ranges, i.e., we selected an uninformative approach that assigns equal
probability to all values within these realistic ranges due to limited prior
knowledge (Table 4). Assuming that errors in the observed data followed
Gaussian distributions, we constructed the likelihood function as,

01)2

P(0l®) = H @5 %)

where Y; are model predictions of heterotrophic respiration and net N
mineralization, with i = 1,---N, and N = 124 (i.e., 62 observations for
each variable), O; are observed heterotrophic respiration and net N
mineralization for i = 1, ---N, and ¢ is the standard deviation of the
distribution. The values of ¢ were also calibrated and the likelihood
function was maximized to achieve the best agreement between model
predictions and observations of heterotrophic respiration and net N
mineralization rates.

Posterior probability distributions of the parameters were derived

Table 3

Average performance metrics of the 10-fold cross validation (Fig. 2.4) for the
four model variants (0, I, II, and III, with constant ko across land-uses). For
models IT and III, only the results obtained using the diversity index of combined
fungal and bacterial richness (fo = y/SfungiSbacteria) are shown (Fig. 2.5). Model
performance is evaluated using the coefficient of determination (R?) and the root
mean squared error (RMSE), calculated separately for heterotrophic respiration
(R) and net N mineralization (M) rates. The parameters used to compute the
performance metrics were those that maximized the posterior probability den-
sity, averaged across chains. Since the models were fit to R and M rates together,
the Bayesian information criterion (BIC) and Gelman-Rubin index (G) are re-
ported for both variables together, and were computed on the training datasets.

Variable  Performance Model 0 Model I Model I Model III
index

M and R G 1.002 1.002 1.007 1.006
BIC —671.94 —830.72 —678.70 —832.05

R R? 0.71 0.92 0.70 0.91

M R? 0.23 0.36 0.26 0.36

R RMSE 0.016 0.008 0.015 0.009
(gCkg™td™)

M RMSE 0.002 0.001 0.001 0.001
(gNkgtd™

Equations of heterotrophic respiration and net N mineralization rates for the four model variants, with or without microbial biomass and diversity effects. The total
number and list of calibrated parameters refer to models with constant kq and varying ko (in brackets). ko 4, ko, Ko ow denote the decay coefficients for dehesas, forests,

and open woodlands, respectively.

Model Equations Microbial parameters Total number of calibrated parameters List of calibrated parameters
Model 0 R = (1 — CUE)koCs y=0; p=0 3(5) CUE, ko, 6 (CUE, ko 4, ko, ko.ow, )
1 CUE
M=1keCs| =
o e o)
Model I { = (1 — CUE)koCsC}, Yy#0; =0 4 (6) CUE, ko, o, y (CUE, ko4, ko, ko,ows 0, )
1 CUE
M = koCsC} [7 - 7]
SUBI(C:N)s (C:N)g
Model II { R = (1 — CUE)koeM Cg y=0; B#0 4(6) CUE, ko, 6, p (CUE, ko4, ko, koow, 0, f)
1 CUE
M=koeCs | — "
o Lc N)s (C: N>B]
Model III { R = (1 - CUE)koe CsC}, y#0; p£0 5(@7) CUE, ko, o, B, v (CUE, ko4, ko, ko.ow: 0, B, ¥)
1 CUE
M = koePfo v _
R NI
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Results of the posterior parameter distributions obtained from Bayesian data assimilation with DRAM sampler. For each model (Table 2), the prior parameter ranges, as
well as the mode (i.e., maximum a posteriori), the mean, and the 95 % confidence interval (CI) of the posterior parameter distributions, are shown (each metric was
averaged across chains). The results for models II and I are based on the diversity index of combined fungal and bacterial richness (fo = |/StungiSbacteria) (Fig. 2.5). The

results refer to models recalibrated on the entire dataset.

Parameters
ko Y i} CUE c
Model 0 Priors [107°%;1] - - [107%;1] [1075;1]
Mode 740107 - - 3.2 107! 1.2 102
Mean + CI (95 %) 7910*+13e10°° - - 32101 +1.0102 1.20102+47 105
Model I Priors [107¢;1) [1075;1] - [107%;1] [107%;1]
Mode 2410 9.0e10°! - 3.4 ¢10°! 5.6 1073
Mean + CI (95 %) 24 010%+26¢10°° 89101 +3.1 1073 - 32101 +6.6 ¢10°3 58103 +23e10°°
Model II Priors [107%;1] - [-0.1;1073] [107%;1] [107%;1]
Mode 211073 - —2.01073 2.9 107! 11102
Mean + CI (95 %) 27¢10%4+7.6 105 - —2.30103+4.0010°° 32010 1+99610°° 11102+4410°°
Model III Priors [107¢;1] [1075;:1] [-0.1;107%] [1075;1] (1075;1]
Mode 400107 89e10°! ~1.0e10°3 3.4 10! 5.6 «1073

Mean + CI (95 %) 42e10%+82e10°°

89101 +3.3e10°3

~1.0010%+3.0010°° 32101 +6.7 01078 57 10 3+22e10°°

using Markov Chain Monte Carlo (MCMC) simulations with an Adaptive
Metropolis algorithm with Delayed-Rejection procedure (DRAM, Soe-
taert and Petzoldt, 2010) implemented in R (R Core Team, 2022). To
assess the stationarity of the posterior probability distributions we ran
three parallel MCMC chains and checked for convergence with the
Gelman-Rubin diagnostic index (G). The threshold for G was set to 1.1
for all parameters, meaning that if G was lower than 1.1 the chains were
considered to have converged to the stationary posteriors of the pa-
rameters (Brooks and Gelman, 1998).

In addition, we implemented a stratified calibration where k, was
allowed to vary across the different land-uses (i.e., forests, woodlands,
and dehesas). This approach aimed to assess the effects of litter quality
and environmental conditions—both of which may differ across land-
uses—on heterotrophic respiration and net N mineralization rates. Land-
use-specific effects were thus assumed to modify the decomposition ki-
netics via the parameter ko. For implementation requirements, this
stratified calibration was developed relying on a Hamiltonian Monte
Carlo with No-U-Turn Sampler (NUTS, Hoffman and Gelman (2014)
implemented in STAN (Stan Development Team, 2024). Results
comparing the constant and varying kg for the selected diversity index
are shown in the Supplementary Material (Table S2). While NUTS is
Hamiltonian and DRAM is based on a Metropolis-Hastings approach,
both samplers are designed to respect the same assumptions and have
been tested with the same likelihood function and convergence index

(@).
2.9. Model validation

The different model variants (0, I, II, and III, with constant or varying
ko) were compared using the coefficient of determination (R2), the root
mean squared error (RMSE) and the Bayesian information criterion
(BIC) for both heterotrophic respiration and net N mineralization rates.
BIC allows comparing models regarding not only their performance, but
also their parsimony, balancing goodness of fit and number of param-
eters (lower BIC values — even negative — indicate better balance). To
check the validity of the results, we performed a 10-fold cross validation.
This consists in splitting the data into 10 groups, and iteratively selecting
one group for model evaluation while training the model on the rest
(Fig. 2.4). Then, we averaged the performance indices of the models
across all 10 iterations and reported them in Table 3 for comparison. For
models including microbial diversity effects (i.e., models II and III), all
results are reported for the diversity index based on the combined fungal
and bacterial richness (Eq. (1)). This was done for convenience, since all
diversity indices led to similar results (see Table S1 for the results with
all diversity indices). Comparison of models with constant and varying
ko for the selected diversity index of combined fungal and bacterial

richness are also shown in the Supplementary Material (Table S2). The
posterior distributions of the parameters were obtained by re-training
the models on the whole dataset.

3. Results
3.1. Exploratory data analysis across land-uses

Microbial biomass was higher in forests and open woodlands,
compared to dehesas (p-value = 0.02). Bacterial richness was higher in
dehesas, compared to land-uses dominated by trees (p-value = 0.02),
while fungal richness remained stable across land-uses (p-value > 0.05)
(Fig. 3). Across all land-uses, heterotrophic respiration increased with
increasing microbial biomass (Fig. 4a). This trend is indicative of an
exponent y > 0 in Eq. (3), suggesting that microbial biomass plays a
significant role in SOC decomposition. Similarly, microbial biomass
positively affected net N mineralization rates (Fig. 4b), although the
proportion of variance explained by the linear regression was 4 times
lower (R2 = 0.2). This relationship also varied across land-uses, with
dehesas exhibiting a steeper slope and open woodlands showing a
greater variability (Fig. 4b and Fig. S2b). Average heterotrophic respi-
ration slightly decreased with increasing microbial richness (Fig. 4c),
while net N mineralization was not affected by microbial diversity
(Fig. 4d). In both cases, the largest variability was found in open
woodlands (Figs. S2c and S2d).

3.2. Performance of the models

Cross validation revealed that models incorporating microbial
biomass yielded the best results, with models I and III outperforming
models 0 and II in terms of RZ, RMSE, and BIC (Table 3). When compared
to observations, model 0 showed similar results to model II for both
heterotrophic respiration and net N mineralization rates (Table 3),
indicating that microbial diversity effects were minor. Note that this was
true for all diversity indices, including those that were calculated based
on fungal functional groups (Table S1). Both models including biomass
(i.e., models I and III) provided accurate predictions of heterotrophic
respiration, with R? > 0.9 and minimal model bias despite having only
four and five parameters, respectively (Fig. 5). In contrast, net N
mineralization rate was predicted less well, with some overestimated
values mostly corresponding to large measured net N mineralization
rates (Fig. 5).

3.3. Microbial biomass effects

The posterior distributions of the estimated model parameters are
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Fig. 3. Variations in (a) microbial biomass, (b) bacterial richness, and (c)
fungal richness across the three land-uses: dehesas (n = 18), forests (n = 18),
and open woodlands (n = 26). Median values for microbial biomass are 1.34,
2.87, and 2.41 (g C kg’l), respectively; for bacterial richness, they are 1362,
1184, and 1168 (number of OTUs); and for fungal richness, they are 271, 268,
and 246 (number of OTUs). Letters indicate whether data differ across land-
uses, with the statistical test values and associated p-values indicated in
the panels.

shown in Fig. 6. The results were consistent across the three MCMC
chains (G < 1.01, Table 3) and across models (Fig. 6 and Table 4),
suggesting that the estimated parameter values are reliable. As expected
from the exploratory data analysis (Fig. 4), models I and III showed a
significant and positive effect of the microbial biomass on the
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heterotrophic respiration (Table 4). In fact, the posterior probability
distributions of the biomass exponent (y) had a mean larger than zero
(Table 4). In particular, the mean y values were consistently close to 1
across models (Table 4), indicating an almost linear relationship be-
tween microbial biomass and heterotrophic respiration. In all models,
CUE had a mean of about 0.3 (Table 4). However, in models that did not
account for the effect of biomass, CUE had a much larger standard de-
viation (Fig. 6), suggesting that CUE values cannot be accurately esti-
mated without microbial biomass.

3.4. Microbial diversity effects

The mean decay constants (ko) are directly comparable between
models 0 and II and between models I and III since they have nearly
identical biomass exponents (y). The mean values of the decay constant
were lower in models 0 and I, which only considered microbial biomass,
compared to models II and III, respectively, which also accounted for
microbial diversity. This suggests that incorporating diversity affects the
decay rate constant. In particular, microbial diversity had a negative
effect on heterotrophic respiration and net N mineralization. The di-
versity exponent  had a unimodal distribution with the best value (i.e.,
mode) of —2e107% and —1 102 in models II and III, respectively,
indicating a small but negative effect of diversity on heterotrophic
respiration and net N mineralization rates (Table 4). Nevertheless, this
effect is small, and retaining the diversity rate modifier from Eq. (6)
increases model complexity without substantial gains in model
performance.

4. Discussion

4.1. Microbial biomass effects on heterotrophic respiration and net N
mineralization

4.1.1. Microbial biomass drives heterotrophic respiration

Our results suggest that heterotrophic respiration is mainly
controlled by both SOC substrate quantity and microbial biomass. In
particular, data assimilation indicated a positive and nearly linear
relationship between microbial biomass and heterotrophic respiration
(y =~ 1; Fig. 4a). This result aligns with previous studies that show a
significant association between microbial biomass and heterotrophic
respiration rate (Colman and Schimel, 2013; Hartman and Richardson,
2013). Notably, most soil C and N cycling models assume linear kinetics
with respect to SOC (y = 0) (Manzoni and Porporato, 2009; Le Noé et al.,
2023), meaning that respiration is driven only by the amount of avail-
able C substrates. In contrast, here we demonstrate that respiration ki-
netics vary as a function of microbial biomass and can be well
represented by a multiplicative function of SOC and microbial biomass C
(a model previously considered for its simplicity; e.g., Manzoni and
Porporato, 2007). The respiration kinetics in Eq. (3) can also be rear-
ranged to calculate the microbial metabolic quotient (i.e., respiration

rate over microbial biomass C, R/Cp = kRCsC{{l), which in our multi-
plicative model varies linearly with SOC (i.e., R/Cg ~ kgCs, as y ~ 1).
On a global scale, structural equation modeling has shown that SOC is
both negatively (directly) and positively (indirectly) associated with the
microbial metabolic quotient. The direct negative association likely re-
flects higher substrate quality in SOC-rich soils, which enhances mi-
crobial efficiency in allocating C to growth and leads to a lower R/Cg. In
contrast, the indirect positive association, mediated by microbial basal
respiration, was found to be stronger than the negative direct effect (Xu
et al., 2017). This means that although higher SOC directly reduces
respiration per unit of microbial biomass, it also stimulates microbial
activity, which in turn raises respiration rates. Considering both path-
ways, the net result is that higher SOC levels tend to increase the het-
erotrophic respiration rate per unit of microbial biomass, primarily
through SOC indirect effect on microbial respiration. These findings
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Fig. 4. Relationships in observations between (a) heterotrophic respiration and microbial biomass, (b) net N mineralization and microbial biomass, (c) heterotrophic
respiration and microbial diversity (combined fungal and bacterial richness), and (d) net N mineralization and microbial diversity (combined fungal and bacterial
richness). Points from different land-uses (dehesa, forest, open woodland) are highlighted with different colors and shapes. For each linear regression, R? denotes the
coefficient of determination, and p-values reflect the significance of the regression coefficients (n = 62).

suggest that microbial activity and biomass jointly mediate the effects of
SOC on C fluxes, and highlights the need to explicitly represent micro-
bial biomass in ecosystem models to better capture SOC-respiration
dynamics. It is therefore crucial to accurately constrain microbial
biomass dynamics through direct assimilation of observations in order
to effectively represent C and N mineralization rates in ecosystem
models.

4.1.2. Coupled C and N cycles

The net N mineralization rates follow the patterns found for respi-
ration rates as in Setdld and McLean (2004), highlighting the tight
coupling between the C and N cycles (Manzoni et al., 2010; Guenet et al.,
2021). This link can be explained by microbial metabolism—higher
rates of C uptake and respiration are associated with higher rates of N
uptake (e.g., R? ~ 0.45 between C and N uptake rates estimated from
data in Colman and Schimel (2013)). When N acquired from organic
matter exceeds microbial stoichiometric requirements, it is released in
mineral form (Agren and Bosatta, 1998). This process typically occurs in
mineral soils where the C:N ratio is below the threshold element ratio,
indicating conditions of C limitation and N excess. In our data, the
majority of sites had organic matter C:N ratios lower than the estimated
average threshold element ratio, TER = (C : N);/CUE = 22 (considering
(C:N)p =7 (Xuetal., 2013) and CUE ~ 0.32 from model fitting). As a
result of generally sufficient N availability, the net N mineralization rate
in C-limited soils is proportional to the rates of C uptake and respiration.
Therefore, the positive effect of microbial biomass on heterotrophic
respiration propagates further to the N cycle, resulting in the positive

correlation between microbial biomass and the net N mineralization rate
observed at the regional scale in this study (Fig. 4b) and at the global
scale in the work of Li et al. (2019). Among the three sites with a sub-
strate C:N ratio higher than the estimated average TER (i.e., Almeria,
Alicante, and Ledn), only Almeria actually exhibited net N immobili-
zation in the measurements. However, our TER estimate is based on
average (C: N), values from mixed and temperate forests reported by
Xu et al. (2013), which may not correspond to actual on-site values.
Similarly, CUE likely varies between sites due to differences in substrate
quality or environmental conditions — factors we only partially
accounted for through Bayesian data assimilation by assigning a prob-
ability distribution to the CUE parameter. It is thus possible that at
certain sites N was more limiting than we would expect from the average
TER.

4.1.3. Differences across land-use

Similar to Li et al. (2019), Figs. 4b and S2b also reveal a strong
interaction between land-use and microbial biomass in explaining net N
mineralization. Indeed, in dehesas and forests, the net N mineralization
rate is positively correlated with microbial biomass, although in dehesas
this relationship is much steeper (Fig. S2b). In contrast, open woodlands
exhibit a larger variability in the relationship between microbial
biomass and net N mineralization. This may be partly due to their
habitat heterogeneity (e.g., floristic composition and tree density) and
broader geographical distribution (Fig. 1), suggesting effects of both
biotic (e.g., litter quality) and abiotic factors (e.g., different exposure to
solar radiation and other microclimatic conditions) on net N
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Fig. 5. Predicted versus observed heterotrophic respiration (R) and net N mineralization rates (M) for models 0, I, II, and III (with fo = \/SfngShacteria) (Table 3). The
parameters used for model predictions were those that maximized the posterior probability density functions, averaged across chains. The dashed black line indicates
the 1:1 relationship, while the colored lines represent the linear regressions between predicted and observed values. Note that performance indices (R?, RMSE, and

BIC) refer to the performance of the models trained on the whole dataset.

mineralization rates (Li et al., 2019).

In the models, this land-use effect is reflected in the stratified cali-
bration results of the decay rate constant (ky), which affects both the
heterotrophic respiration and the net N mineralization. The results
indicated a lower decay rate constant (ko) in dehesas compared to the
other land-uses (Fig. S4). Differences across land-uses are likely driven
by differences in organic inputs, nutrients’ stoichiometry, and altered
soil physico-chemical properties. Garcia-Angulo et al. (2020) and Gazol
et al. (2021) showed that, across these land-uses, dehesas had the lowest
crown coverage and pH, and these conditions were associated with a
higher abundance of nitrifying bacteria. Due to the presence of grazing,
dehesas tend to be richer in N (Garcia-Angulo et al., 2020), and here we
also showed that they had lower microbial biomass relative to forests
and open woodlands (Fig. 3a). This suggests that ecosystems with low C:
N ratios can sustain high net N mineralization despite having low mi-
crobial biomass (Figs. 4b andS2b).

10

4.2. Microbial diversity effects on heterotrophic respiration and net N
mineralization rates

Contrary to our expectation that microbial diversity would promote
heterotrophic respiration and net N mineralization rates, we found that
diversity had only minor and negative effects on these processes
(Table 4, Fig. S3). It is possible that in soils with already highly diverse,
and possibly redundant, microbial communities, variations in bacterial
and fungal diversity across land-uses are not sufficiently large to have
predictive power (Setala and McLean, 2004; Wohl et al., 2004). Instead,
in low-diversity communities (e.g., manipulated under laboratory con-
ditions), increasing diversity promotes both decomposition and respi-
ration (Setdla and McLean, 2004; Bell et al., 2005; Tiunov and Scheu,
2005; Wilkinson et al., 2012; Valentin et al., 2014; Domeignoz-Horta
et al., 2020). In fact, some function-diversity relationships are hump-
shaped, with a positive diversity effect as long as diversity is low, then
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Fig. 6. Posterior probability density functions of the parameters for (a-b) model 0, (c-e) model I, (f~h) model II, and (i-1) model III for the three MCMC chains. The
dashed vertical lines indicate the modes of the parameters (i.e., the maximum a posteriori), averaged across chains. The results for models II and III are based on the
combined fungal and bacterial richness (fo = \/SfungiSpacteria))- The posterior distributions were obtained from models retrained on the entire dataset.

turning to a negative effect as competitive interactions begin to domi-
nate at high diversity levels (Nielsen et al., 2011; Pennekamp et al.,
2018). This pattern would be consistent with the positive diversity effect
found in laboratory studies with manipulated communities, and the
slightly negative effects in the dataset analyzed here. For example,
interspecific interactions in fungal communities can reduce community-
level CUE (Maynard et al., 2017)—an indication of altered metabolism
in the presence of competitors. The data analyzed here does not allow
quantifying diversity effects resulting from the loss of large fractions of
the community after disturbance or forest management, which were not
part of the sampling design in Garcia-Angulo et al. (2020). Our results
are also not consistent with the global relationships found between
microbial diversity and soil multifunctionality (Delgado-Baquerizo
etal., 2017). However, the definition of multifunctionality includes a set
of variables that do not necessarily reflect the functioning of microbial
communities, such as the concentrations of specific nutrients or the
amount of DNA, which are likely to covary with SOC. In contrast, our
study covers a broad range of soils and is designed to test the specific
effect of microbial diversity on key functions of the heterotrophic
community related to both C and N cycling.

4.3. Limitations and uncertainties of this study

Garcia-Angulo et al. (2020) showed that tree health significantly
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contributed to explaining variations in mineralization rates, with
healthier trees increasing heterotrophic respiration while reducing net N
mineralization. This underscores a potential limitation of the C-N model
presented here, as changes in microbial community composition within
the same site were treated as intra-site variability and not directly linked
to tree health conditions, which may influence microbial activity and
the C-N cycles. However, adding this level of complexity would have
increased the number of parameters to calibrate, possibly leading to
identifiability issues and larger uncertainties in the models. Instead, the
effect of tree health status was indirectly accounted for via the soil
variables explicitly included in the model (i.e., soil organic C, C:N ratio,
microbial biomass, and microbial diversity).

In our modeling framework, model O suffered from parameter
identifiability issues, with parameters CUE and ko being highly and
positively correlated (r = 0.95, Fig. S5). In general, ko was positively
correlated to CUE and negatively correlated to y and f (Fig. S5). Adding
microbial biomass to the models reduced identifiability issues, as the
parameters had unimodal posterior distributions with lower standard
deviations compared to models without biomass (Fig. 6). This result
further emphasizes that adding microbial biomass strengthened model
reliability while also improving the interpretability of the biological
processes represented.

Overall, it is crucial to carefully balance model complexity and
performance to ensure robust and reliable predictions (Luo et al., 2009;
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Shi et al., 2018). Adding biological variables to a soil C and N cycling
model is now considered as a necessary step towards more accurate
predictions, but this increased complexity should be matched by an
increased number of measured variables to constrain the new model
parameters (Saifuddin et al., 2021; Manzoni and Schimel, 2024). Mi-
crobial biomass measurements offer opportunities to reach this goal,
while here we show that including diversity metrics does not allow
increasing performance or robustness.

4.4. Linking microbial diversity to ecosystem functions

4.4.1. Taxonomic vs. functional diversity

Given the extreme complexity of microbial communities, it is not
feasible to include all their characteristics in ecosystem models. There-
fore, establishing an optimal level of model complexity is essential for
integrating microbial diversity, but how to reach this goal remains an
open question (Lennon et al., 2024). Our study highlights the knowledge
gap in understanding the relationship between microbial diversity and
ecosystem functions when diversity metrics are based on taxonomic
identification. While taxonomic metrics are the state-of-the-art
approach for studying biodiversity effects on ecosystem functions
(Bahram et al., 2018; Delgado-Baquerizo et al., 2018), they were in
many cases developed for studying other kingdoms (i.e., plants and
animals), and may be inappropriate measures of the functional diversity
for microbial communities (Crowther et al., 2019). This limitation arises
from factors such as functional redundancy, dormancy, and phenotypic
plasticity, in addition to the spatial and temporal heterogeneity of mi-
crobial characteristics (Hall et al., 2018; Malik et al., 2020). This is
particularly true for prokaryotes, for which associating specific func-
tions is challenging due to their high replication rates, horizontal gene
transfer (HGT), and extensive diversity. As a result, bacteria affiliated
with, for instance, a methylo-genus do not necessarily exhibit meth-
anotrophic activity, which is why genome assembly is often necessary to
infer functions accurately. In contrast, functional associations for fungi
tend to be more predictable; for instance, saprotrophic fungi are the
primary decomposers of OM in forests, while ectomycorrhizal fungi
form symbiotic relationships with trees, exchanging N and phosphorus
for sugars (Crowther et al., 2019). In our study, we tested broad func-
tional groups based on taxonomic identification (i.e., bacteria, fungi,
and saprotrophic and ectomycorrhizal fungi), which represent distinct
ecological roles and were expected to serve as proxies for the influence
of functional diversity on mineralization rates. However, our results
showed that, independently of the microbial group considered, diversity
had only a small and negative effect on C and N mineralization rates.

4.4.2. Microbial functional traits and ecosystem functions

To understand their functional capabilities, microbial taxa could be
grouped based on physiological or eco-physiological traits, for instance,
their metabolic strategies, resource acquisition mechanisms, carbon use
efficiency, or greenhouse gas production capacity — which are directly
linked to ecosystem functions. Focusing on microbial functional traits is
a promising way to bridge this gap and could provide deeper insights
into how microbial communities drive ecosystem functions (Allison
et al., 2010; Crowther et al., 2014). Despite its potential, research on
microbial functional traits remains underdeveloped. There is a pressing
need to quantify how shifts in microbial traits affect key ecosystem
processes like nutrient cycling, OM decomposition, and C sequestration,
and to identify how phenotypic traits can be efficiently synthesized into
functional groups. Microbial functional groups can synthesize commu-
nity composition and reflect its effect on ecosystem functions. For
example, the copiotroph - oligotroph continuum (Koch, 2001; Fierer
et al.,, 2007), which has also been applied to the microbial explicit
ecosystem model MIMICS (Wieder et al., 2015), or classifications based
on life history strategies, i.e., the growth yield, resource acquisition, and
stress tolerance tradeoff framework (Y-A-S) (Malik et al., 2020), could
offer avenues for capturing key axes of variation in the microbial
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communities. Databases like FungalTraits already provide guild classi-
fications that can be associated to ecological traits (Polme et al., 2021).
Omics approaches such as metagenomics and metatranscriptomics (for
gene presence and gene expression, respectively) provide complemen-
tary insights for linking community-level microbial traits to ecosystem
functions. Recently, Li et al. (2025) showed that integrating genome-
inferred microbial traits into an ecosystem model improved the pre-
dictions of methane emissions in a permafrost site. Incorporating
phylogenetic indices that account for evolutionary relationships among
species could also strengthen the signal of diversity on ecosystem
functioning, as certain microbial traits are phylogenetically conserved
(Martiny et al., 2015). By reflecting shared evolutionary history and
functional similarities, phylogenetic indices may help predict trait
functions across species and their effects on ecosystem processes. Recent
frameworks have also emphasized the importance of examining
compositional shifts in microbial communities over different timescales
and understanding the mechanisms by which these changes influence
community functions (Abs et al., 2024). This is particularly relevant, as
interspecific interactions—such as competition—may have influenced
the observed mineralization rates in these ecosystems, pointing to
mechanisms beyond simple diversity effects.

4.4.3. Future research directions

In general, efforts should be directed toward acquiring new genomes
to better understand the ecological attributes of dominant soil microbial
taxa (Delgado-Baquerizo et al., 2018). Then, understanding which taxa
are related to specific microbial traits and assessing their relative
abundance, will help us gain insights into the effects of diversity on
ecosystem functioning and C cycling. In addition, omics strategies can
help to link microbial traits to ecosystem processes. As omics data be-
comes increasingly available, future research should focus on applying
these approaches to unlock the connections between microbial com-
munity composition and ecosystem dynamics. Developing meaningful
measures of microbial diversity for heterogenous soil systems such as
those used in this study may also require aligning these metrics with the
spatial and temporal scales at which microbial processes occur (Dini-
Andreote et al., 2021). Ultimately, at larger scales, microbial community
composition and traits may be largely responsive to changes in resource
availability and abiotic conditions, potentially reducing the need to
explicitly incorporate microbial diversity into models. In our study,
microbial diversity did not emerge as a primary driver of heterotrophic
respiration and net N mineralization, but it may still be critical under
different ecological conditions or in regulating other ecosystem pro-
cesses. The influence of microbial functions on ecosystem processes still
requires further investigation to determine if and which microbial traits
should be integrated into ecosystem models.

5. Conclusions

We applied a simple model of soil C and N dynamics to evaluate the
effects of microbial biomass and diversity on heterotrophic respiration
and net N mineralization rates. Our findings show that microbial
biomass had a strong and positive effect on both heterotrophic respi-
ration and net N mineralization rates, with heterotrophic respiration
being nearly linearly correlated with microbial biomass. In contrast,
integrating microbial diversity as a rate modifier exerted only slight and
negative effects on these processes. Notably, heterotrophic respiration
and net N mineralization rates were modeled equally well by equations
with and without microbial diversity. Hence, adding a parameter to
describe diversity effects is not justifiable according to the Bayesian
information criterion. We conclude that microbial biomass plays a
crucial role in controlling C dynamics and should be incorporated into
ecosystem models, while further research is needed to determine
whether and how microbial diversity should be integrated.
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