
1. Introduction
Soil microbes are the fundamental engine for terrestrial carbon (C) and nutrient cycles (Crowther et al., 2019; 
Marumoto et al., 1982; Schimel & Schaeffer, 2012; Xu et al., 2013). The biogeography of soil microbes thus has 
profound significance on C and nutrient dynamics and ecosystem functioning over space (Martiny et al., 2006; 
Xu et al., 2020). Although the significance of soil microbes in global C and nutrient cycling has been acknowl-
edged, the macroecology of soil microbes is still in its infancy (Xu et  al.,  2020). Microbial groups such as 
fungi and bacteria (contributing >90% of soil microbial biomass) are distinct in physiological traits (Kaisermann 
et al., 2015; Rousk & Bååth, 2007a; Rousk et al., 2009, 2010b). Fungal and bacterial biomass and their turnover 
rate (mathematical inverse of residence time) have important implications on soil biogeochemistry and, thus, 
climate projection (Sokol et al., 2022). Consequently, the knowledge of bacterial and fungal macroecology is 
critically valuable for reducing uncertainties in climate and soil C storage predictions.

Both fungi and bacteria play an essential role in soil processes, including the degradation of soil organic substances 
(e.g., lignin and cellulose), stabilization of soil organic matter (SOM; e.g., necromass accumulation), and nutri-
ent availability (e.g., mineralization and immobilization) (Liang & Balser, 2011; Lipson et al., 1999; Marumoto 
et al., 1982; Schimel & Schaeffer, 2012; Sparling, 1997). However, bacterial and fungal communities are different 
in a multitude of functions such as enzyme production, C assimilation, respiration, nutrient uptake, and thus the 
C sequestration potential (Bailey et al., 2002; Boer et al., 2005; Van Der Heijden et al., 2008). In addition, studies 
suggested distinct preferences of fungi and bacteria on soil pH, soil moisture, oxygen concentration, and nutrient 
concentration (Drenovsky et al., 2004; Högberg et al., 2007; Kaisermann et al., 2015; Rousk et al., 2010b). For 
example, a study reported a strong bacterial dependence on soil pH, but a weak correlation of fungi with soil 
pH in cropland soils (Rousk et al., 2010a). Therefore, capturing variations in the relative abundance of fungi and 
bacteria and their controlling factors can help improve C and nutrient cycling predictions.
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Regional observational networks have been implemented to investigate the ecosystem structure and function 
across space, thus fulfilling the goal of advancing microbial macroecology. National Ecological Observatory 
Network (NEON) provides large-scale measurements using standardized protocols across spatial and temporal 
scales, which is particularly valuable for microbial variables varying over >3 orders of magnitude and usually 
measured using various approaches (Kampe et al., 2010; Keller et al., 2008). Although these measurements allow 
the community to investigate the distribution of soil microbes on a large scale (Keller et al., 2008), a mechanistic 
understanding of microbial macroecology is still lacking. The microbial-explicit models, incorporating detailed 
descriptions of biological metabolism and nutrient cycling, potentially advance our understanding of the micro-
bial biogeography (Flato,  2011; Haefner,  2005). Incorporating microbial roles in the community land model 
(CLM), the CLM-Microbe model considers the physiological processes of fungi and bacteria and their controls 
on soil organic material decomposition processes (He, Lai, et al., 2021, He, Lipson, et al., 2021). Consequently, 
integrating NEON observational data with the CLM-Microbe model offers an opportunity to compare the macro-
ecology of fungi and bacteria.

To investigate the macroecology of fungal and bacterial biomass and turnover, we integrated in situ observa-
tions of fungal (FBC) and bacterial (BBC) biomass C derived from the phospholipid fatty acid (PLFA) meas-
urements with the CLM-Microbe model at 34 NEON sites. This study aimed to understand the biogeographic 
patterns of fungal and bacterial biomass C and turnover and their underlying mechanisms. We first calibrated 
the CLM-Microbe model simulation against the observed FBC, BBC, FBC:BBC (F:B) ratio for 34 NEON sites. 
Secondly, we investigated the biogeographic patterns of FBC, BBC, and F:B ratio and identified their controls 
based on Bray-Curtis dissimilarity matrices of FBC, BBC, and F:B ratio and Euclidean distance of environmental 
factors. Finally, we integrated the knowledge of spatial patterns of fungal and bacterial biomass C turnover rates 
to develop a framework depicting their underlying mechanisms given microbial C assimilation, respiration, and 
lysis.

2. Methods and Materials
2.1. Study Area
The United States has a large variability in vegetation, landforms, climate, and ecosystem performance. To 
capture the environmental variations in the study area, NEON has partitioned the United States, including the 
continental United States, Alaska, Hawaii, and Puerto Rico, into 20 eco-climatic domains using a statistical 
analysis of multivariate geographic clustering based on nine ecoclimatic state variables such as total precipitation 
in growing and nongrowing seasons and total solar insolation in growing and nongrowing seasons (Hargrove 
& Hoffman, 2004). Collectively, domains ensure the capability of NEON sites to represent the environmental 
variability in the United States. In each domain, one core site for the representativeness of the environment (fixed 
for 30 years) and two relocatable sites (changed every 5–10 years) were implemented (Keller et al., 2008). Taken 
together, 47 terrestrial field sites were strategically instrumented across 20 ecoclimatic domains in the United 
States, providing a crucial basis for understanding regional- and continental-scale ecological processes and moni-
toring and predicting environmental change (Kao et al., 2012; Metzger et al., 2019).

2.2. Fungal and Bacterial Biomass Data and Site Selection
The Soil Microbe Biomass data set (NEON data products: DP1.10104.001) provides quantitative microbial 
biomass estimates in soil samples (National Ecological Observatory, 2021a). Microbial biomass is measured by 
phospholipid fatty acid (PLFA) analysis, which is widely considered to be a reliable (Zelles, 1999) and sensitive 
(Allison & Martiny, 2008) proxy of the soil microbial community (Zhang et al., 2019). Sample collection and 
PLFA measurement were performed using standardized operating procedures across sites. Briefly, soil sampling 
occurs annually at least one site in each domain and once (sites with short growing seasons) to three times (sites 
with long growing seasons) per year, with collections occurring at every sampled site during the historic peak in 
vegetation greenness. The NEON samples were collected for the top 30 cm soil, with organic and mineral soils 
sampled separately. Soil samples were homogenized, removed from coarse compartments, frozen, and shipped 
to an analytical facility on dry ice. Microbial lipid biomarkers were then extracted and quantified using either 
Gas Chromatography-Mass Spectrometry (2018 and earlier) or Gas Chromatography (2019 and later) (Buyer & 
Sasser, 2012; Gomez et al., 2014). The archived data set can provide reliable estimates of individual microbial 
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lipids and total measured phospholipids in each sample. The microbial biomass data set used in this study was 
downloaded from https://data.neonscience.org/data-products/DP1.10104.001 on 21 May 2021.

Individual lipids were used as biomarkers to indicate broad groups within the microbial community. 18:2 ω6,9c 
(NEON publication name: cis18To2n912Concentration) for general fungi and c14:0, c15:0, c16:0, c17:0, and 
c18:0 (corresponding to c14To0Concentration, c15To0Concentration, c16To0Concentration, c17To0Con-
centration, and c18To0Concentration of NEON publication name, respectively) for general bacteria (Willers 
et al., 2015; Zelles, 1997). Fungal and bacterial fatty acids were converted into biomass C using the following 
factors: bacterial biomass 363.6 nmol PLFA = 1 mg C (Frostegård & Bååth, 1996), and fungal biomass 11.8 nmol 
PLFA = 1 mg C (Klamer & Bååth, 2004). Since this study focused on the spatial pattern of fungal and bacte-
rial distribution, FBC and BBC were calculated as the average of multiple samplings (i.e., different plots and 
sampling dates) for each site.

The microbial biomass data set provided data for 40 terrestrial sites in 20 ecoclimatic domains (Figure S2 and 
Table S2 in Supporting Information  S1). Given the effects of disturbance on the soil microbial community 
and lack of validation of such effects in the CLM-Microbe model, five sites with disturbance or land manage-
ment practices, that is, cropland (site ID: JERC, KONA, LAJA, and STER) and pasture (site ID: DSNY) sites, 
were excluded. Soil microbial biomass C accounts for a relatively small proportion (0.9%–6.5%) of SOC (Xu 
et al., 2013). After comparing the ratio of microbial biomass C to SOC, microbial biomass C contributed dispro-
portionately high to SOC (18%) at one site of the tundra domain (TOOL). Therefore, TOOL was excluded from 
the data set. Finally, 34 sites (18 cores and 16 relocatable sites) with observed data spanning various sampling 
years (2017–2020) and durations (1–4 years) were included for model calibration and further analysis (Figure S1 
and Table S2 in Supporting Information S1). Such sites are distributed in 19 ecoclimatic domains along gradi-
ents of latitude (18–65°N), mean annual temperature (MAT; −2–25°C), and mean annual precipitation (MAP; 
200–2,680 mm). Correspondingly, multiple vegetation types, that is, deciduous forest, evergreen forest, wetland, 
mixed forest, grassland, and shrub, were found across sites (Table S2 in Supporting Information S1).

2.3. Soil Physiochemical Data
We used NEON soil physical and chemical properties, megapit data set (NEON data products: DP1.10096.001) 
to represent soil properties (National Ecological Observatory, 2021b). We obtained the variables of soil clay 
(NEON fieldname: clayTotal), silt (siltTotal), sand (sandTotal), bulk density (bulkDensExclCoarseFrag), soil pH 
measured in water (phH2o), soil organic C (estimatedOC; SOC), and total nitrogen (nitrogenTot; TN) for <2 mm 
soil fraction from such a data set. Soil samples for physiochemical properties were sampled by soil layer, with 
organic and mineral soils sampled separately. To estimate the soil physiochemical properties in the top 30 cm, the 
top and bottom depths of each soil layer were used to define soil layer depths along the soil profile. Only meas-
urements within 0–30 cm depth were selected, then the soil property was averaged using horizon thickness as 
weights. For soil horizons with bottom depth >30 cm, only segments within 0–30 cm were used for calculation, 
assuming that soil property in the soil horizon was uniform. Some soil layers with unmeasurable layer traits (e.g., 
missing bulk density measurements) were excluded from estimation. Therefore, bulk density belonging to regular 
sample type within 0–30 cm was finally adopted for converting mass-based soil physiochemical properties to 
area-based ones such as SOC and TN.

2.4. Model Representation of Fungal and Bacterial Biomass
The CLM-Microbe model was built on the model framework developed by Xu et  al.  (2014) and the default 
CLM4.5 (Koven et al., 2013). It has been coupled with a microbial functional group–based methane module 
(Wang et al., 2019; Xu et al., 2015) and applied to quantify the fungal and bacterial biomass dynamics in natural 
ecosystems (He, Lipson, et al., 2021). The CLM4.5 classifies litter into three pools, that is, litter 1 (labile), litter 
2 (cellulose), and litter 3 (lignin), and soil organic matter (SOM), materials left during later stages of organic C 
decay, into four pools, that is, SOM 1, SOM 2, SOM 3, and SOM 4 (low-high recalcitrance). The three litter pools 
and four SOM pools differ in base decomposition rate, with the turnover times of litter pools ranging from 20 hr 
to 71 days and that of SOM pools ranging from 14 days to 27 years (Figure S1 in Supporting Information S1). 
Coarse woody debris (CWD) is fragmented, decomposed, and gradually transferred into litter pools and from 
litter to SOM pools (Koven et al., 2013; Thornton et al., 2007). In addition to eight C pools (three litter, four 
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SOM, and CWD pools) in the default CLM4.5, we introduced dissolved organic matter (DOM) and fungal and 
bacterial biomass pools in the CLM-Microbe model. The model version used in this study has been archived as 
(Xu et al., 2022).

In the CLM-Microbe model, fungal and bacterial biomass is the balance of C input from the decomposition of 
SOM, DOM, and litter and C loss through microbial lysis and respiration. Specifically, fungi and bacteria receive 
C through the transitions from litter, DOM, and SOM pools; fungi and bacteria lose C through the transitions 
from fungal and bacterial biomass pools to DOM and SOM pools and the atmosphere. The conceptual diagram 
of the CLM-Microbe model and major parameters were compiled and displayed in Figure S1 and Table S1 in 
Supporting Information S1.

The decompositions of SOM, DOM, and litter are controlled by their potential decomposition rates and environ-
mental conditions. The decomposition processes in the CLM-Microbe model are defined following the equations 
given below,

!" = # × $depth × $%soil × $water × $O2 (1)

!depth = exp

(

−
"

"#

)

 (2)

!"soil = #10

$soil,%−$ref

10
 (3)

!water =

⎧
⎪
⎪
⎨
⎪
⎪⎩

0 for "# < "min

log("min∕"# )
log("min∕"max)

for "min ≤ "# ≤ "max

1 for "# > "max

 (4)

!O2
= "! × (1 − "inun) ×max(O2unsat,O2min) + "inun ×max(O2sat,O2min) (5)

where DC is the rate of substrate (e.g., SOM, DOM, and litter) breakdown; k is the potential decomposition rate; 
! "O2

 represents the environmental modifier determined by soil oxygen concentration; rdepth is the environmental 
modifier determined by soil depth; rwater is environmental modifier determined by soil moisture; rtsoil means the 
environmental modifier determined by soil temperature; z means soil depth; zτ is the e-folding depth for decompo-
sition; Tsoil, j is soil temperature at layer j; Tref is the reference temperature for decomposition, which is set as 25°C; 
Q10 indicates the temperature dependence of decomposition, it is the ratio of the rate at a specific temperature 
to that at 10°C lower; φj is the soil water potential in layer j; φmin is a lower limit for soil water potential control 
on decomposition rate (set to −10 MPa), rwater will be set as 0 if φj is lower than φmin; φmax is the upper limit for 
soil water potential control on decomposition, which equals to the saturated soil matric potential, rwater will be 
set as 1 if φj is higher than φmax; wsoil, j means soil water content in layer j; fr is the rooting fraction by soil depth; 
finun means the fraction of inundated area; O2unsat represents the oxygen available to that demanded by roots and 
aerobic microbes in unsaturated area; O2min denotes the ratio between minimum anaerobic decomposition rate and 
potential aerobic decomposition rate in soil (set to 0.2); O2sat represents the oxygen available to that demanded by 
roots and aerobic microbes in saturated area; ! "O2

 will be set as 1 in oxic conditions, while it will be estimated as 
the weighted average of oxygen stress in saturated and unsaturated areas in anoxic conditions.

Carbon use efficiency (CUE) of soil microbes for assimilating three litter pools in the CLM-Microbe model is 
determined following the equation in Sinsabaugh et al. (2013). In addition, CUE is reported to vary with temper-
ature, showing a coefficient of −0.012 with increasing temperature (Devêvre & Horwáth, 2000; Xu et al., 2014). 
Therefore, we assumed that CUE decreased compared with the ambient thermal regime of microbes' habitats 
following the equation below:

CUE = (CUEmax − CUE! × (! − !CUEref)) × ("C∶N∕#C∶N)
0.6 (6)

where CUE is C use efficiency, which is defined as the growth to assimilation ratio for soil microbes; CUEmax 
is the maximum value of C use efficiency; CUET is the coefficient indicating the dependence of C use effi-
ciency on temperature; TCUEref is the reference temperature of C use efficiency, which is defined as 15°C in 
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the CLM-Microbe model; MC:N means the C:N ratio of soil microbial biomass, which is defined as 8 in the 
CLM-Microbe model; SC:N represents C:N ratio of the substrate (e.g., litter).

The C flow from litter and SOM pools to soil microbes is partitioned by fungal and bacterial biomass pools based 
on the C:N ratio of fungal and bacterial biomass. The fraction factor quantifying bacteria C gain from litter and 
SOM is calculated independently for each substrate, which is based on the weighted average of assimilation effi-
ciency of fungi and bacteria following the equation below,

!" =
(#C∶N∕$C∶N)

0.6

(%C∶N∕$C∶N)
0.6

+ (%C∶N∕$C∶N)
0.6

 (7)

!! = 1 − !" 

where fb is the fraction of C flowing into bacteria; ff is the fraction of C flowing into fungi; BC:N means the C:N 
ratio of BBC; FC:N means the C:N ratio of FBC; SC:N represents the C:N ratio of substrates (e.g., litter and SOM).

Bacterial and fungal growth is susceptible to environmental variations such as soil moisture and temperature. In 
addition, fungi and bacteria have different turnover times; therefore, different lysis rate constants were adopted 
for fungi and bacteria in the CLM-Microbe model (He, Lipson, et al., 2021). As a result, in the CLM-Microbe 
model, the fungal and bacterial biomass lysis is represented as the interactive effects of their lysis rate constants 
and environmental factors, that is, ! "O2

 , rwater, rtsoil, and rdepth, as described above. Microbial respiration is widely 
affected by multiple abiotic and biotic factors such as substrate concentration and availability, soil moisture, and 
soil temperature (Gomez-Casanovas et al., 2012; Zhang et al., 2013). Therefore, in the CLM-Microbe model, 
fungal and bacterial respiration is represented as the interactive effects of substrates (i.e., DOM, SOM, and litter), 
environmental factors (i.e., ! "O2

 , rwater, and rtsoil), and fraction factors quantifying C being respired by fungi and 
bacteria in transitions (Table S1 in Supporting Information S1).

2.5. Model Forcing Data
The forcing data for the CLM-Microbe model include meteorological variables such as air temperature, relative 
humidity, incoming solar radiation, longwave radiation, precipitation rate, surface pressure, and surface winds. 
Although those variables are available from multiple sources such as eddy covariance tower measurements and a 
wide array of global data sets, few data sets covered the sampling years of NEON measurements.

Given that the sampling years of sites span from 2017 to 2020, we chose the CRUNCEP v9 data set to force 
the CLM-Microbe model as it has been widely used to force the community land model. The CRUNCEP is a 
combination of two existing data sets, that is, the Climate Research Center time-series data set of 0.5° × 0.5° 
at a monthly scale and the National Centers for Environmental Prediction reanalysis data set of 2.5° × 2.5° at 
a 6-hourly scale. The CRUNCEP v9 data set provides 6-hourly data of meteorological variables with a spatial 
resolution of 0.5° × 0.5° spanning from 1901 to 2020. Finally, we extracted the forcing data from 1 January 1981 
through 31 December 2020 from the CRUNCEP v9 data set using each study site's latitude and longitude infor-
mation (Table S2 in Supporting Information S1).

Since the standard model forcing data for single-point simulations are in the half-hourly time steps, the extracted 
6-hourly data for each study site were interpolated to half-hourly steps with multiple approaches. Specifically, 
the incoming solar radiation was interpolated using the cosine algorithm with approx.cos; the precipitation rate 
was interpolated using nearest-neighbor interpolation via interp1; whereas air temperature, relative humidity, 
longwave radiation, surface pressure, and surface wind were linearly interpolated via the na.approx function in R 
(R for Mac OS X version 3.5.3).

2.6. Model Implementation
The model implementation was carried out in three stages. First, we ran the accelerated decomposition spin-up to 
allow the system to reach its steady-state (Koven et al., 2013; Thornton & Rosenbloom, 2005). Due to the differ-
ences in the length of time to reach a steady state among biomes, we set the model simulations as 1,500 years 
for tropical and temperate biomes (i.e., sites located outside the Taiga domain or not considered as wetlands), 
2000 years for boreal and Arctic biomes (i.e., sites in the Taiga domain), and 3,000 years for wetlands (i.e., sites 
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dominated by wetlands). Then, we ran a final spin-up of 100 years to ensure the system was ready for transient 
simulations during 1850–2020. The CLM-Microbe model was parameterized by biome (He, Lipson, et al., 2021); 
we thus classified the sites into biomes by their most dominant land cover types and their domain features, 
that is, boreal forests (BONA and DEJU), wetlands (WOOD and OSBS), grassland (CPER, OAES, DCFS, and 
NOGP), temperate broadleaf forests (BLAN, CLBJ, GRSM, HARV, KONZ, LENO, MLBS, ORNL, SCBI, STEI, 
TALL, TREE, UKFS, and UNDE), temperate coniferous forests (DELA, JORN, MOAB, NIWO, ONAQ, RMNP, 
SJER,  SOAP, WREF, and YELL), and tropical/subtropical forests (GUAN and PUUM). The initial setting for 
microbial parameters was adopted from He, Lipson, et al. (2021), with the same parameter set for sites in the 
same biome.

To produce realistic soil and vegetation conditions in the CLM-Microbe model for each site, we extracted the 
SOC of the top 30 cm soil profile from the Harmonized World Soil Database (HWSD, https://daac.ornl.gov/
cgi-bin/dsviewer.pl?ds_id=1247) and gross primary productivity (GPP) and net primary productivity (NPP) 
using the MODIS gridded data set with a spatial resolution of 30 s during 2000–2015 (http://files.ntsg.umt.edu/
data/NTSG_Products/) using site latitude and longitude information. Although NEON provided SOC of soil 
horizons, such measurements are for ≤2 mm soil fraction. The contribution of not fully decomposed plant and 
microbial detritus to SOC is underestimated. Therefore, if the extracted SOC of the top 30 cm from the HWSD 
data set were lower than the SOC (≤2 mm) from the NEON soil physical and chemical properties of the megapit 
data set (NEON data products: DP1.10096.001), we then adopted NEON reported SOC. In addition, if GPP and 
NPP from the MODIS data set were 100% higher or 50% lower than global averages of each biome (Chapin 
et al., 2011), we used the reported average of each biome (Chapin et al., 2011; Jobbágy & Jackson, 2000).

Taken together, we optimized the model parameters based on soil and vegetation conditions reported by HWSD 
and MODIS, respectively, and FBC and BBC based on NEON observations. We primarily focused on the 
parameters (in italics) related to plant photosynthesis (e.g., flnr), and e-folding depth for decomposition (e.g., 
decomp_depth_efolding) to match the reported GPP, NPP, and SOC in the top 30 cm. To calibrate the model 
to fit the observed FBC and BBC, we adjusted soil microbial parameters related to microbial turnover (k_fungi 
and k_bacteria), microbial C assimilation efficiency (m_rf_s1m, m_rf_s2m, m_rf_s3m, and m_rf_s4m), and the 
proportion of C being released as respiration (m_batm_f and m_fatm_f) to optimize the model simulations of 
FBC and BBC.

2.7. Model Evaluation
To evaluate the model performance in capturing the spatial variation in the fungal and bacterial biomass C 
distribution, we compared the observed and simulated FBC, BBC, and F:B ratio during corresponding sampling 
months for each site (Table S2 in Supporting Information S1). Although exact sampling times of NEON sites 
have been recorded, sampling of subplots was implemented on multiple days, producing multiple sampling dates 
per plot. We thus compared the simulated and observed data of sampling months during such years for each site 
instead. The coefficient of determination (R 2) was used to evaluate the overall model performance across space. 
The coefficient of determination (R 2) was calculated following the equation below,

!
2
= 1 −

"
∑

#=1

($# − $̂#)
2

"
∑

#=1

(

$# − $
)2

 (8)

where yi is the observed value; ! #̂$ represents the simulated value; ! is the mean of the observed value; N is the 
number of data points. Higher R 2 values indicate better model performance, while lower R 2 values mean worse 
model performance.

2.8. Microbial Turnover Estimation
Fungal and bacterial turnover rates were estimated from their C assimilation or microbial respiration and necro-
mass production during sampling years (Figure S1 in Supporting Information S1). In the CLM-Microbe model, 
fungal and bacterial C assimilation is the C gain from three litter pools (i.e., litter 1, litter 2, and litter 3), four 
SOM pools (SOM 1, SOM 2, SOM 3, and SOM 4), and a DOM pool allocated to fungal and bacterial biomass 
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pools, respectively. Fungal and bacterial respiration is the C loss from fungal and bacterial biomass pools during 
microbial metabolic processes such as decomposition of three litter pools and four SOM pools, respectively. 
Fungal and bacterial lysis rates were estimated by the C flow from fungal and bacterial biomass pools to the 
DOM and four SOM pools, respectively. We assumed that microbial C assimilation equaled the sum of microbial 
respiration and lysis after reaching a steady state. In this study, the turnover rates for fungal and bacterial species 
were calculated using the sum of fungal and bacterial respiration and lysis rates divided by their biomass C pools, 
respectively, following the equation below,

! =
" + #

$
 (9)

where τ is a fungal or bacterial biomass C turnover rate; R means fungal or bacterial respiration rate; L indicates 
a fungal or bacterial lysis rate; B denotes fungal or bacterial biomass C pool size.

2.9. Statistical Analysis
Due to the non-normality of FBC, BBC, and F:B ratio, we performed a 10-base logarithm transformation for 
robust analysis. To investigate the biogeographic patterns of fungal and bacterial biomass C, we performed 
simple linear regression analyses to examine relationships of fungal and bacterial biomass C and their ratio with 
latitude, climatic factors such as MAT and MAP, soil microclimate including soil moisture (SM) and soil temper-
ature (ST) during sampling months, and edaphic properties comprising SOC, total nitrogen (TN), SOC:CN (C:N) 
ratio, soil pH, bulk density, and soil texture using the lm function in R. To estimate binary interactions between 
representative vegetative (NPP) and edaphic (SM, ST, SOC, TN, Clay, and soil pH) factors on FBC, BBC, 
F:B  ratio, we conducted multiple linear regression analyses using the “lm” function provided in R considering the 
effects of individual factors and interactions between those factors. For the trends of fungal and bacterial biomass 
C turnover rates, C assimilation, and C loss as microbial respiration and necromass production along the latitude, 
we conducted simple linear regression analyses using the “lm” function and nonlinear regression with the “nls” 
function estimated using the least-squares method in R. Correlations of FBC, BBC, F:B ratio, fungal and bacteria 
C assimilation, and C loss as microbial respiration and necromass production with environmental factors were 
estimated using Pearson's correlation. To identify the critical controls for fungal and bacterial turnover rates, C 
assimilation, and C loss as microbial respiration and necromass production, we used the “XGBoost” function to 
infer the relative feature importance in the model. To investigate environmental factors influencing fungal and 
bacterial biomass C distribution, we used Mantel tests to assess the correlations of fungal and bacterial biomass 
C matrices with matrices of explanatory variables such as MAP, MAT, labile component of litter (LITR1C), 
recalcitrant SOC component (SOIL4C), DOM, NPP, SOC, TN, C:N ratio, sand, clay, pH, and bulk density. 
The dissimilarity matrices of explanatory variables were calculated on the basis of Euclidean distance, while 
Bray-Curtis distance was used to evaluate dissimilarity matrices of fungal and bacterial biomass C.

We used the Akaike information criterion (AIC) as a model selection criterion. All statistical analyses were 
performed, and relevant figures were plotted using the “soiltexture” (Moeys, 2018), “linkET” (Huang, 2021), 
“xgboost” (Chen & He, 2015), “ggplot2” (Wickham & Chang, 2016), and “basicTrendline” (Mei et al., 2018) 
packages in R version 3.5.3 for Mac OS X (https://www.r-project.org). Figure S2 in Supporting Information S1 
was produced with ArcGIS (version 10.6).

3. Results and Discussion
3.1. Evaluation of Simulated Fungal and Bacterial Biomass C Across Sites
The CLM-Microbe model can reproduce FBC, BBC, and F:B ratio across sites (Figure  1). Specifically, the 
CLM-Microbe model explained 99%, 97%, and 99% of the variation in FBC, BBC, and F:B ratio, respectively. In 
addition, the accuracy evaluation using mean absolute error (MAE) and root mean squared error (RMSE) indicated 
small biases of the CLM-Microbe model in reproducing FBC (MAE = 12.1 g C m −2 and RMSE = 25.1 g C m −2), 
BBC (MAE = 1.9 g C m −2 and RMSE = 3.2 g C m −2), the F:B ratio (MAE = 0.4 and RMSE = 0.7) across sites 
(Table S3 in Supporting Information S1). Furthermore, we also compared the CLM-Microbe model—simulated 
microbial respiration with data extracted from a global map of heterotrophic respiration (Warner et al., 2019). 
Excluding two sites (tropical/subtropical area; because of the large bias and small sample size in that area) from 
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the linear regression, we observed a significant correlation between them (Figure  1d). The high consistency 
between simulated and observed microbial biomass and community composition can be explained by the explicit 
representation of soil microbial processes in the model. For example, environmental impacts on microbial C 
assimilation have been represented by considering the role of soil moisture, temperature, oxygen concentration, 
and substrate (e.g., dissolved organic matter, SOM, and litter) on microbial C gain in the CLM-Microbe model 
(Figure S1 in Supporting Information S1). In addition, fungi and bacteria have different turnover rates (Rousk & 
Bååth, 2011). Correspondingly, parameters representing fungal and bacterial biomass turnover were adopted to 
signify their differences in biomass turnover rates.

3.2. Biogeographic Patterns of Fungal and Bacterial Biomass C
Fungal biomass C was more responsive to environmental variations relative to bacterial biomass C (Figures 
S3–S8 and Table S4 in Supporting Information S1). For example, linear regression models suggested that FBC 
exhibited significant reverse unimodal relationships with latitude, unimodal relationships with C:N ratio, positive 
linear relationships with SOC and TN, and negative linear relationships with MAT, soil pH, and bulk density. 
In contrast, we failed to observe clear patterns of BBC along latitude, MAT, SOC, TN, and bulk density, but 
instead found that BBC showed unimodal relationships with C:N ratio and negative linear relationships with 
soil pH. Consistent with our findings, our previous work also found better modeling fit of latitude, MAT, SOC, 
C:N ratio, and pH with FBC than with BBC (He et al., 2020). In contrast to the stronger biogeographic patterns 
of FBC than of BBC in this study, Chen et al. (2015) found that bacterial biomass showed stronger correlations 
with MAP, MAT, and SOC across 24 arid and semi-arid ecosystem sites compared with fungal biomass. Rousk 

Figure 1. Scatterplot for the comparison between observed and the CLM-Microbe simulated microbial biomass C; (a) 
fungal biomass carbon (FBC), (b) bacterial biomass carbon (BBC), (c) FBC:BBC ratio, and (d) HR. Black solid lines are for 
the linear regression model between observed and simulated values, while blue solid lines indicate the 1:1 line. Observed 
heterotrophic respiration data were extracted from a global map (Warner et al., 2019). Two outliers from tropical/subtropical 
forests marked in red were excluded from the linear regression.
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et al. (2010a) also observed significant positive effects of soil pH on the abundance of bacteria, but that of fungi 
was unaffected by pH. The discrepancies among studies can be attributed to five reasons. First, different climates 
of study regions may cause the distinct responses of fungal and bacterial biomass. Chen et al. (2015) conducted 
their studies in Mongolia Plateau, arid and semiarid areas, where precipitation is the predominant limiting factor 
for plant and microbial activities (Harper et al., 2005). As fungi are more tolerant to water stress than bacteria 
(Manzoni et al., 2012), bacteria may be more constrained by water availability and related abiotic factors due 
to compounding effects along the precipitation gradient. For example, bacteria tended to be more responsive to 
the interactions between SM and ST (Table S5 in Supporting Information S1). Second, ecosystem types might 
be another reason. The NEON sites included in this study are confined to natural ecosystems, while Rousk 
et al. (2010a) performed the soil sampling in cropland ecosystems. The altered fungal and bacterial community 
composition due to cultivation activities in croplands relative to wildlands may explain the discrepancy between 
studies (French et al., 2017). Third, bacteria are more accustomed to local edaphic conditions than fungi. For 
example, Pseudomonas can detect the biological hot spots caused by water flow and shift community struc-
tures accordingly to adapt to the local environment (Bundt et al., 2001). To represent biogeographic patterns 
of fungal and bacterial biomass C, environmental factors in this study are annual averages (MAP, MAT, NPP, 
SOC, TN, C:N ratio, sand, clay, pH, and bulk density) or averages of sampling months (i.e., SM and ST). Those 
partially excluded variations (variation within months or years) of microenvironments from this analysis may 
cause weak bacterial responses to environmental factors. Fourth, the faster turnover rates of bacteria may cause 
the independence of BBC from environmental factors. BBC has a turnover rate faster than FBC, thus indicating a 
more prominent variation in biomass maintenance. Large variations in BBC induced by the faster turnover rates 
of bacteria may weaken the response of BBC to biogeographic factors (Gu et al., 2004). Lastly, the difference 
in soil sampling depth might also contribute to differences in fungal and bacterial responses to environmental 
factors among studies. For example, Zhang et al. (2020) did not observe significant biogeographical patterns of 
fungal and bacterial PLFAs in topsoil (0–10 cm), but they documented significant correlations of fungal PLFAs 
with aridity index, MAP, MAT, and plant species richness and between bacterial PLFAs and MAP in subsoil 
(30–50 cm). The sampling depths of 0–30 cm for NEON data but 0–40 cm in Chen et al. (2015) might contribute 
to the discrepancy between studies.

3.3. Macroecology of Fungal and Bacterial Biomass C
The MAT, SOC, recalcitrant SOC component (SOIL4C), and C:N ratio significantly (P < 0.05) correlated with 
both observed and simulated FBC and F:B ratios. In addition, bulk density was significantly correlated with both 
observed and simulated FBC and observed F:B ratio. Soil pH had a significant correlation with the simulated F:B 
ratio (Figure 2). The significant controlling effects of MAT, C:N ratio, SOC, soil pH, and bulk density on FBC 
and F:B ratio agreed with our regression models (Figures S3–S7 and Table S4 in Supporting Information S1). In 
line with our findings, previous studies confirmed the significant roles of MAT, SOM quality and quantity, pH, 
and bulk density in shaping the distribution of FBC and F:B ratio (Chen et al., 2015; He et al., 2020; Högberg 
et al., 2007; Yu et al., 2022). Temperature can influence microbial biomass in multiple ways, for example, alter-
ing the rates of substrate uptake and microbial respiration and death and shaping soil microbial biomass along 
temperature gradients (He & Xu, 2021; Joergensen et al., 1990; Xu et al., 2014). Edaphic properties determine 
the physical and chemical environment for microbial growth. For example, SOM (represented by SOC and TN), 
vital energy and nutrient source for microbes, is important in shaping microbial communities (Burns et al., 2016; 
Drenovsky et al., 2004; Schimel & Schaeffer, 2012; Schnürer et al., 1985). Notably, previous studies found that 
SOCs, especially the recalcitrant components, favors the dominance of fungi due to the higher capability of fungi 
in producing enzymes and processing recalcitrant products (Phillips et al., 2014; Talbot et al., 2013). Manipula-
tive experiments also reported significant changes in microbial composition and F:B ratio with amendments of C 
and nitrogen (Drenovsky et al., 2004; Zhou et al., 2017).

In addition to SOM, other soil properties such as pH and bulk density critically influence the microbial commu-
nity composition. Soil pH was found to exert direct effects on microbial growth. Rousk et al.  (2009) investi-
gated how pH affected the growth of fungi and bacteria and found that bacterial growth significantly increased 
while fungal growth exponentially decreased along a pH gradient of 4.5–8.3. Soil pH can also indirectly influ-
ence microbial growth by altering other co-varying factors such as nutrient and substrate availability (Kemmitt 
et al., 2006; Waldrop et al., 2017). The variations in soil pH can therefore regulate microbial community dynam-
ics. Bulk density indicates the porosity of soil profiles and further oxygen and moisture availability. Fungi are 
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sensitive to anaerobic conditions induced by compacted or inundated soils (Lin et al., 2012). Therefore, changes 
in bulk density with varying oxygen and water availability can influence fungal biomass.

However, no significant correlations were found between BBC and environmental factors (Figure 2). The lack 
of environmental controls on BBC indicated the interplay between environmental factors in determining bacte-
rial biomass variations. This can be explained by the synchronous effects of soil ecological factors on bacte-
rial communities. Soil environments are defined by combinations of edaphic and climatic characteristics that 
microbes need to adapt to in synchrony rather than a single factor (Schimel & Schaeffer, 2012). Our analysis 
estimating binary interactions between environmental factors using the linear model also confirmed the signif-
icant interactions between ST and SM and between TN and Clay on BBC, despite the weak influence of those 
individual factors on BBC (Table S5 in Supporting Information S1). The combined edaphic effects on bacteria 
were much stronger than the effects of any single edaphic variable. Such stronger combined effects indicate that 
the combination of those edaphic factors strengthened the environmental influence on microbial community 
composition compared with the impact of individual elements.

3.4. A Conceptual Framework for the Latitudinal Pattern of Microbial Turnover
Biomass turnover is a crucial biological process for microbes, having important implications on the C cycle 
(Spohn et al., 2016). Taking advantage of the CLM-Microbe model—a model with soil microbial mechanisms 
explicitly represented and parametrized, we analyzed the biogeographic pattern and the controls of microbial 
turnover-related processes (Figure 3). Given that latitude is the most important factor determining fungal and 
bacterial biomass C turnover and environmental variations are integrated within latitude, we thus analyzed latitu-
dinal trends of fungal and bacterial biomass C turnover and their related processes (Table S6 in Supporting Infor-
mation S1). Fungal and bacterial biomass C turnover rates quadratically decreased with latitude in the United 
States (Figures 3a and 3e). This is consistent with our previous work suggesting a positive latitudinal trend in the 
microbial residence time (He & Xu, 2021; Xu et al., 2017). The positive temperature effects on microbial turnover 
can explain the decrease in fungal and bacterial biomass C turnover rates with latitude.

Then, we further investigated the latitudinal trends and controls of biomass C turnover-related processes, that 
is, C assimilation, microbial respiration, and necromass production, for fungi (Figures  3b–3d) and bacteria 
(Figures  3e–3h). We observed the greatest importance of vegetation NPP in controlling fungal and bacterial 
C assimilation (Figures 3b and 3f). Vegetation C input as root exudates and litter, components of NPP, is the 

Figure 2. Correlations between environmental factors and fungal biomass carbon (FBC), bacterial biomass carbon (BBC), and FBC:BBC (F:B) ratio for (a) observed 
and (b) simulated data. MAT: mean annual temperature; MAP: mean annual precipitation; LITR1C: labile component of litter, with a turnover time of 20 hr; SOIL4C: 
the most recalcitrant soil organic matter pool, with a turnover time of 27 years; DOM: dissolved organic matter; NPP: net primary productivity; SOC: soil organic 
carbon; TN: total nitrogen; C:N ratio, the ratio between SOC and TN. The FBC, BBC, and F:B ratio dissimilarity based on Bray Curtis distance is related to each 
environmental factor by the Mantel test. Line type indicates the statistical significance (α = 0.05), and line color denotes the sign of Pearson's coefficient r. For 
variables included in the analyses, SOC, TN, C:N ratio, pH, Clay, and Sand were observational data at NEON sites, while MAP, MAT, NPP, LITR1C, SOIL4C, and 
DOM were modeling outputs.
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primary C source for soil heterotrophic microbes (Liang & Balser, 2011; Liang et al., 2017). In addition, we found 
the greatest importance of MAT on fungal and bacterial respiration (Figures 3c and 3g). The prominent role of 
temperature on microbial respiration has been confirmed by previous studies (Bond-Lamberty & Thomson, 2010; 
Hamdi et al., 2013; Karhu et al., 2014; Mahecha et al., 2010; Pietikäinen et al., 2005). Microbial respiration shows 
high sensitivity to temperature variability, following an exponential curve (Mahecha et al., 2010). The decrease in 
temperature along latitude is thus likely to account for the latitudinal patterns of fungal and bacterial respiration.

In addition, we found the crucial role of MAT and edaphic properties in shaping fungal and bacterial necromass 
production (Figures 3d and 3h). In line with our findings, Mou et al.  (2021) reported the significant role of 
climatic factors (positive effects of SM and negative effects of ST) and edaphic properties (positive effects of 
TN) in determining the accumulation of microbial necromass along an elevational gradient in subtropical forests. 
Ding et al. (2019) confirmed the significant positive role of temperature in the contribution of microbe-derived 
C to SOC in alpine meadows. However, despite the essential role of MAT and edaphic properties on fungal and 
bacterial necromass production, MAT and edaphic properties contribute distinctly to the variation of fungal and 
bacterial necromass production. Specifically, fungal necromass production is dominated by edaphic properties, 
followed by MAT. While bacterial necromass production is primarily determined by MAT, edaphic properties 
play a relatively minor role in explaining variations in bacterial necromass production. Necromass is determined 
by microbial lysis rate which is significantly and positively associated with temperature (He & Xu, 2021). The 
faster turnover rates of bacteria than of fungi can explain the greater temperature impacts on bacterial necromass 
production (Rousk & Bååth, 2011). In addition, necromass production is also affected by soil conditions, and 

Figure 3. Latitudinal patterns of turnover rate, carbon assimilation, microbial respiration, and necromass production for fungi and bacteria; (a) fungal and (e) 
bacterial turnover rate and fungal (b) carbon assimilation, (c) respiration, and (d) necromass production are quadratic regressions, while trends of bacterial (f) carbon 
assimilation, (g) respiration, and (h) necromass production are exponential regressions based on the efficiency of regression models. Insets represent the importance 
of environmental factors on carbon fluxes derived from the XGBoost model. As fungal and bacterial carbon gain and loss decrease along the latitude, those decreases 
are controlled by varied factors. This shift in fungal and bacterial carbon gain is influenced by vegetation NPP, whereas fungal and bacterial carbon loss as respiration 
is predominated by MAT. Fungal and bacterial carbon loss as necromass is dominated by different factors, but MAT and edaphic properties are most important for 
fungal and bacterial carbon loss as necromass. FBC: fungal biomass carbon; BBC: bacterial biomass carbon; MAT: mean annual temperature; MAP: mean annual 
precipitation; NPP: net primary productivity; Vege: vegetation, that is, net primary productivity in this study; Edap: edaphic properties, which comprises soil organic 
carbon (SOC), total nitrogen (TN), SOC:TN ratio, sand, silt, clay, pH, and bulk density.
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the higher contribution of edaphic properties to fungi necromass production can be attributed to several aspects. 
First, edaphic properties contributed more to explaining variations in C assimilation of fungal than that of bacte-
ria (Figures 3b and 3f). This may result from the critical contribution of SOM to fungal C assimilation (Table 
S7 in Supporting Information S1). Second, the hyphae structure extending into the soil matrix contributes to the 
controlling role of edaphic properties (e.g., silt, pH, and clay) in fungal processes such as necromass production 
(Wang et al., 2021). Third, the slower turnover rate of fungi weakens the climate effects on necromass production. 
Fungi have slower turnover rates than bacteria (Figures 3a and 3e). Their differences in turnover rates may indi-
cate weakened stimulating effects of temperature on necromass production for fungi relative to bacteria (Rousk & 
Bååth, 2011). Lastly, the higher sensitivity of fungi to environmental conditions may also contribute to the higher 
importance of edaphic impacts on necromass production of fungi relative to bacteria. For example, fungi are more 
responsive to soil edaphic properties (e.g., SOM quality and quantity, pH, and bulk density) in the United States 
(Figures S7and S8 in Supporting Information S1).

Despite similar factors controlling microbial C assimilation, respiration, and necromass production for fungi 
and bacteria, the latitudinal trends of microbial C assimilation, respiration, and necromass production differed 
between fungi and bacteria (Figures 3b–3d and 3f–3h). The differences in curves of microbial C assimilation 
and respiration rates between fungi and bacteria may result from the relative contribution of factors in shaping 
latitudinal trends of fungal and bacterial C assimilation, respiration, and necromass production. Compared with 
individual variables such as MAT and MAP, edaphic properties include multiple soil physicochemical character-
istics and exert complex effects on microbial turnover-related processes (Figure S9 and Table S8 in Supporting 
Information S1). For example, despite both edaphic properties and MAT being the most important for fungal and 
bacterial necromass production, we found that necromass production showed an inverse unimodal curve along 
latitude for fungi but a negative exponential curve for bacteria, with edaphic properties being predominant for 
fungi and MAT being more dominant for bacteria (Table S7 in Supporting Information S1; Figures 3d and 3h). 
Similarly, although microbial C assimilation and respiration were predominated by NPP and MAT, respectively, 
for both fungi and bacteria, MAP played the second most important role in bacteria, while edaphic properties 
were the second most vital factor for fungi. Such differences in the controlling role of factors and their relative 
importance resulted in inverse unimodal curves for fungi but the negative exponential curves for bacteria with 
respect to latitudinal patterns of microbial C assimilation and respiration (Figures 3b, 3c, 3f, and 3g). Therefore, 
the contributions of environmental factors to the variations in microbial C assimilation, respiration, and necro-
mass production can explain their differences in latitudinal trends for fungi and bacteria.

Taken together, fungal and bacterial biomass C turnover rates quadratically decrease with latitude in the United 
States (Figure 4). Both fungal and bacterial C assimilation are primarily controlled by vegetation NPP, whereas 
fungal and bacterial respiration are dominated by MAT. Both fungal and bacterial necromass production were 
predominately governed by MAT and edaphic properties. However, MAT and edaphic properties contribute 
distinctly to the variation of fungal and bacterial necromass production. Specifically, fungal necromass produc-
tion is dominated by edaphic properties, followed by MAT. While bacterial necromass production is primarily 
determined by MAT, edaphic properties play a relatively minor role in explaining the variation in bacterial necro-
mass production.

3.5. Limitations and Prospects
This study investigated the macroecology of fungal and bacterial biomass carbon and turnover rates by integrat-
ing observational fungal and bacterial biomass carbon data with the CLM-Microbe model. Findings of this study 
provide insights into the macroecology of soil microbial communities. Four limitations should be recognized 
when interesting the results and will be addressed in future work. First, the disproportionate number of data 
points from climate zones may lead to bias in fungal and bacterial biogeographic patterns. The NEON sampling 
is based on 20 eco-climate domains, with most in temperate zones. The sampling distribution may introduce 
bias to the biogeographic patterns identified in this study; a more evenly distributed data set will be used for 
model validation and testing. Second, biomarkers adopted to indicate fungal and bacterial groups may cause 
uncertainties in the results. Although biomarkers were identified as indicators of individual microbial groups, 
some were also found in plants and soil animals. For example, a previous study suggested that fungal PLFAs 
18:2ω6, 9c are also common in plants (Zelles, 1997). Third, calibrating the CLM-Microbe model using paired 
measurements of fungal and bacterial biomass C, respiration rates, turnover rates, necromass production, and 
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C assimilation rates is needed in constraining the model. Due to data limitations, the CLM-Microbe model was 
calibrated using fungal and bacterial biomass C provided by NEON (National Ecological Observatory, 2021a) 
and microbial respiration extracted from the global map (Warner et al., 2019) at the site level. While parameters 
for the remaining processes are set as default values following the parameterization in our previous work (He, 
Lipson, et al., 2021), this may introduce uncertainties to the results in this study. Therefore, further research with 
paired measurements of variables related to fungal and bacterial biomass C dynamics is necessary. Lastly, future 
improvements are crucial to better represent the microbial community in the CLM-Microbe model. For example, 
the dormant portion of fungi and bacteria were not considered in the CLM-Microbe model, whereas dormant soil 
microbes are important for sustaining microbial function and serve as “seed banks” for soil microbial community 
(Lennon & Jones, 2011).

4. Conclusion
The macroecology of microbial biomass C and its turnover is essential for understanding the ecosystem function-
ing at a regional scale. Our results suggest that fungi exhibit stronger biogeographic patterns than bacteria across 
the United States. The controls of fungal and bacterial biomass C distribution were different, with FBC signifi-
cantly associated with climate and edaphic properties and BBC not related to environmental factors. Both fungal 
and bacterial turnover rates fall quadratically along latitude; however, the latitudinal patterns of their component 
fluxes (C assimilation, heterotrophic respiration, and necromass production) differed, with quadratic decreases 
for fungi and reverse exponential trends for bacteria. Microbial C assimilation and respiration were predominately 
controlled by NPP and MAT, respectively, for both fungi and bacteria. However, necromass production was 
predominately governed by MAT for bacteria, but edaphic properties dominated that of fungi.

This study represents one of the first efforts to investigate the macroecology of soil fungal and bacterial biomass 
C and turnover at the continental scale using a data-model integration approach, despite limitations in field obser-
vational data and underrepresented microbial mechanisms in the model. These findings provide valuable insights 
into the biogeographic patterns and underlying mechanisms of fungal and bacterial biomass C and turnover rates. 
In addition, the responses of fungal and bacterial biomass C and turnover rates to environmental factors shed light 
on the shifts in the microbial community structure under a changing climate, potentially affecting C cycling and 
C-climate feedback under future global change scenarios.

Figure 4. Conceptual framework illustrating the differentiation of fungal and bacterial macroecology in topsoil (0–30 cm) 
in the United States. Pie graphs besides the variables represent the relative importance of various environmental factors on 
microbial turnover-related processes. MAT: mean annual temperature; MAP: mean annual precipitation; NPP: net primary 
productivity. The edaphic property includes soil organic carbon (SOC), total nitrogen (TN), SOC: TN ratio, sand, silt, clay, 
pH, and bulk density. Color bars indicate the latitudinal gradients of fungal and bacterial biomass C turnover rates.
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