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Highlights
●●	 Spatial factors govern carbon-cycling gene abundances in uplands, whereas biotic and substrate factors dominate in 

paddy soils.
●●	 Strong correlations reveal an integrated “microbial carbon pump” linking CO2, CH4, and CO cycling.
●●	 The high continental-scale abundance of cbbL and coxL genes suggests a previously underestimated microbial role in 

carbon trace gas cycling.

Abstract
Microorganisms carrying cbbL, pmoA and coxL genes play crucial roles in regulating soil-atmosphere exchanges of carbon 
trace gases (CO2, CH4, and CO).  However, the geographical distribution patterns of these functional genes in agricultural 
ecosystems and their environmental drivers remain poorly understood.  Here, we surveyed agricultural soils across four 
climate zones (tropical, subtropical, warm temperate, and mid-temperate) in eastern China to quantify the abundances of 
CO2-assimilating bacteria (cbbL gene), methanotrophs (pmoA gene), and CO-oxidizing bacteria (coxL gene).  We found 
significant ecosystem-specific patterns: the cbbL gene was more abundant in upland soils (averaging 9.46×109 copies g–1) 
than in paddy soils (6.44×109 copies g–1).  In contrast, methanotrophs abundance was 1 to 3 orders of magnitude higher 
in paddy (averaging 1.17×108 copies g–1) than in upland (5.78×106 copies g–1) soils.  The coxL gene maintained similar 
abundance levels across both soil types (averaging 6.12×108 vs. 5.91×108 copies g–1).  Structural equation models revealed 
that spatial factors primarily shaped cbbL and pmoA in uplands, whereas total bacterial abundance was the dominant 
predictor for all three genes in paddy soils.  These results highlight distinct ecological controls on microbial functional groups 
and provide a predictive framework for how land use and climate change may regulate microbial mediation of carbon gas 
fluxes across a continental-scale transect in eastern China.
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1. Introduction
The carbon (C) cycle, fundamental to terrestrial ecosystem 
functioning (Crowther et al. 2016), is critically regulated by 

soil microorganisms.  These microbes govern soil C fluxes, 
influencing both soil fertility and atmospheric concentrations 
of key carbon trace gases (CO2, CH4 and CO) (Crowther 
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et al. 2019; Fan et al. 2021; Liu et al. 2023).  The exchange 
of these gases between soil and atmosphere is driven by 
biogeochemical processes mediated by specific functional 
microbial groups (Trivedi et al. 2013; Delgado-Baquerizo et al. 
2016).  For example, autotrophic bacteria carrying the cbbL 
gene assimilate CO2, thereby reducing atmospheric CO2 levels 
and contributing to soil organic carbon (SOC) storage (Yuan 
et al. 2015; Liao et al. 2023).  Methanotrophs harboring the 
pmoA gene oxidize CH4, constituting the primary biological 
sink for atmospheric CH4 and enhancing SOC accumulation 
in paddy soils (Nazaries et al. 2018; Zheng et al. 2024).  
Meanwhile, CO-oxidizing bacteria with the coxL gene directly 
consume atmospheric CO, influencing tropospheric chemistry 
(King and Weber 2007; Greening and Grinter 2022).  

These microbial processes do not act in isolation but form 
a synergistic network: methanotrophs and CO oxidizers 
produce CO2 that supports autotrophic CO2 fixation (via 
cbbL), while energy derived from CO oxidation can facilitate 
CH4 oxidation (via pmoA), establishing an efficient carbon 
reflux loop (Cordero et al. 2019; Bay et al. 2021).  The 
functional complementarity -  including cross-feeding of 
metabolites (e.g., DOC-stimulated mixotrophy) and resource-
dependent synergies enhances soil carbon storage and 
atmospheric CO/CH4 mitigation (Ortiz et al. 2021; Greening 
and Grinter 2022).  Collectively, this “microbial carbon pump” 
regulates greenhouse gas dynamics; methanotrophs alone 
are estimated to reduce paddy CH4 emissions by up to 70%, 
while helping maintain soil carbon resilience under climate 
change (Zheng et al. 2024).  Therefore, quantifying the co-
distribution of these microbial functional groups (cbbL, pmoA, 
and coxL carriers) and clarifying their environmental drivers is 
essential for accurately modeling C-trace gas dynamics (Singh 
et al. 2010; Xu et al. 2024), especially since their abundances 
are strongly correlated with actual gas fluxes (Wu et al. 
2017b; Lafuente et al. 2019; Liao et al. 2023).

Despite numerous studies on individual groups or specific 
sites (Whalen and Reeburgh 2001; Yuan et  al. 2015; 
Wu et al. 2017b), integrated assessments of these three 
functional groups across contrasting agricultural ecosystems 
at continental scales remain scarce (Lafuente et al. 2019; 
Xu et al. 2024).  Crucially, these groups collectively regulate 
atmospheric C: cbbL-carriers sequester CO2, pmoA-carriers 
mitigate CH4, and coxL-carriers remove CO.  Studying them 
in an integrated manner provides a holistic view of microbial 
regulation of climate-relevant C gases (Yuan et al. 2015; 
Nazaries et al. 2018).  Therefore, elucidating the drivers of 
their abundance across environmental gradients is paramount 
for predicting terrestrial C-related greenhouse gas emissions 
under climate change.  

Agricultural lands represent the largest human-managed 
ecosystems globally and play a vital role in food security.  
Among these, paddy and upland fields constitute two major 
yet contrasting systems, often coexisting adjacent to one 
another in key grain-producing regions such as eastern 
China (Xia et al. 2019; Chen et al. 2021).  Their fundamental 
hydrological differences result in distinct environmental 
conditions that shape microbial communities in divergent 
ways (Reeve et al. 2010; Jiao et al. 2020; Zhao et al. 2020).  
Paddy fields, which comprise approximately 25% of China’s 

farmland, experience periodic flooding (Tian et al. 2015), 
creating anaerobic conditions that promote CH4 production.  
In contrast, upland systems are predominantly aerobic.  
Agricultural management practices (e.g., tillage, irrigation, and 
fertilization) further alter C and nutrient inputs as well as soil 
physical properties (Zheng et al. 2021), thereby influencing 
microbial community structure and function (Reeve et al. 
2010; Jiao et al. 2020).  While larger-scale studies identify 
climate (temperature, precipitation) and soil properties (e.g., 
pH and texture) as primary drivers of microbial distributions 
(Maestre et al. 2015; Jiao et al. 2020), the co-occurrence 
patterns and specific environmental controls of cbbL-, pmoA- 
and coxL-carrying microbes across contrasting agricultural 
ecosystems at broad geographical scales remain poorly 
understood (Xu et al. 2024).  

Furthermore, the coxL  gene fal ls into two major 
phylogenetic types: form I (OMP-type, prevalent in oligotrophic
environments and associated with  α-, β-, and γ-Proteobacteria, 
Actinobacteria, and Firmicutes) and form II (BMS-type,
frequently dominant in terrestrial soils and associated with a 
narrower phylogeny of α-Proteobacteria ) (King and Weber 
2007; Wu et al. 2017).  Previous research has indicated that 
CO-oxidizing bacteria are ubiquitous in diverse natural and 
agricultural soils (King and Crosby 2002; King and Weber 
2007; Xu et al. 2024), but most molecular surveys have 
focused on the form-I (OMP) coxL gene (Quiza et al. 2014).  
As a result, the abundance patterns and environmental 
drivers of another major CO-oxidizing group, form-II (BMS) 
coxL-carrying bacteria, remain largely unexplored ( Weber 
and King 2010; Wu et al. 2017a).

In this study, we investigated the distribution of CO2-
assimilating (cbbL), CH4-oxdizing (pmoA) and CO-oxdizing 
(coxL, BMS) bacterial communities based on 240 pairs of 
adjacent upland and paddy soils spanning four climate zones 
(tropics, subtropics, warm temperate, and mid-temperate) 
across eastern China.  We aimed to address the core 
question: At a continental scale, what are the key drivers 
controlling the abundances of these C cycling functional 
genes, and does their relative importance shift between 
upland and paddy ecosystems?  Based on this question, 
we established two specific objectives: (1) to characterize 
the abundance patterns of three functional genes in both 
agricultural systems, and (2) to identify their key biotic and 
abiotic predictors.  Given the contrasting redox and substrate 
regimes of upland versus paddy systems, we anticipated 
enrichment of aerobic CO2 assimilation and CO oxidation in 
uplands and of methanotrophy in paddies (Zhao et al. 2020), 
and we expected spatial factors to exert stronger influence 
in uplands whereas community size (total bacteria) and 
substrate availability would be more influential in paddies.

2. Material and methods
2.1. Field survey and soil sampling
Soil samples were collected from four major climatic zones 
(tropics, subtropics, warm temperate zone and middle 
temperate zone) of eastern China represented by four major 
Soil Orders (Ferralsols, Alisols, Fluvisols and Phaeozems) 
(Zheng et al. 2021).  To evaluate the abundance of three 
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C-cycling genes along the temperate gradient, 10 counties 
were selected in each climatic zone.  And, six sampling sites 
were selected in each county, giving a total of 240 sites (Zheng 
et al. 2021).  All these sites included pairs of adjacent paddy 
and upland over the past 20 years.  The cropping systems 
in paddy fields were single-rice in both mid temperate and 
warm temperate, single- or double-rice in subtropics, and 
double- or triple-rice in tropics.  The cropping systems in the 
upland fields were one season of crops in mid temperate, 
two seasons in warm temperate and subtropics, and two or 
three seasons in tropics, respectively, mainly including maize, 
soybean, wheat, canola, peanut, sweet potato, sugarcane 
(Zheng et al. 2021).  Soil samples were collected during 
fallow seasons across climatic zones: specifically, during 
December 2016 to January 2017 in the subtropics, January 
2017 in the warm temperate zone, April 2017 in the mid-
temperate zone, and May 2017 in the tropics (Zheng et al. 
2021).  The surface (0–15 cm depth) soil samples were mixed 
by 6–8 surrounding soil cores and then transported to the 
laboratory in coolers with ice bags.  The samples were then 
passed through a 2-mm mesh sieve, after all root residues 
and stones had been manually removed.  Each soil sample 
was divided into three parts: (1) one part (5–10 g) stored at 
–80°C for DNA extraction, (2) one part (500 g) stored at 4°C 
to determine the microbial biomass, and (3) the remaining 
samples were air dried for soil physicochemical analyses.

2.2. Soil physicochemical analysis
Soil pH was measured in a 1:2.5 (v/v) soil: water suspension 
with a laboratory pH meter (Mettler-pH 320, Germany).  Soil 
organic C (SOC) was determined by a wet digestion method 
using potassium dichromate (Nelson and Sommers 1982).  
Total nitrogen (TN) was measured using the Kjeldahl acid-
digestion method (Bremner and Mulvaney 1982) followed 
by flow injection analysis (FOSS FIAstar 5000).  Total 
phosphorus (TP) was quantified colorimetrically after alkaline 
oxidation-digestion (Bao 2000).  Soil texture analysis was 
performed with a laser particle size analyzer (Malvern 
Instruments, UK).

Soil microbial biomass carbon (MBC) and soil microbial 
biomass nitrogen (MBN) were determined using a fumigation-
extraction method based on the difference between carbon 
and nitrogen extracted with 0.5 mol L–1 K2SO4 (soil:extraction 
ratio=1:4) from chloroform-fumigated and unfumigated soil 
samples using universal conversion factors of 0.45 (Wu et al. 
1990).  The dissolved organic carbon (DOC) was determined 
using catalytic oxidation and non-dispersive infrared 
spectroscopy at 680°C (TOC-V CPH, Shimadzu, Japan).

2.3. DNA extraction and quantitative PCR of three 
C-cycling genes
Soil microbial genomic DNA was extracted from 0.3  g 
of freeze-dried soil sample using the PowerSoil Kit (MO 
BIO laboratories, Carlsbad, CA, USA) according to the 
manufacturer’s instructions.  The quality and quantity of the 
DNA dissolved in 30 μL sterilized H2O were assessed by 1% 
agarose gel electrophoresis and ultraviolet absorption in a 
NanoDrop ND-1000 (Thermo Fisher Scientific, Waltham, MA, 

USA).  The DNA extracts were stored at −80°C.
Quantification of the bacterial 16S rRNA gene, and the 

functional genes (cbbL, coxL and pmoA) involved in C cycling 
was performed by real-time PCR using the primers 341f/515r 
(López-Gutiérrez et al. 2004), K2f/V2r (Tolli and King 2005), 
BMSf/O/Br (King 2003) and A189f/mb661r (Kolb et al. 2003), 
respectively (Appendix A).  The reaction mixtures containing 
5 μL 2×SYBR Premix Ex Taq (TaKaRa Bio Inc., Shiga, Japan), 
0.4 μL of each primer (10 μmol L–1, Invitrogen, China), 3.2 μL 
nuclease-free water and 1 μL diluted soil DNA (1:10) amplified 
in an Roche LightCycler 480 II real-time PCR system (Roche, 
Rotkreuz, Switzerland).  The thermal protocol for bacterial 16S 
rRNA gene was: 30 s at 95°C followed by 30 cycles of 10s 
at 95°C, 30 s at 60°C, and 30 s at 72°C.  For bacterial cbbL 
genes was: 30 s at 95°C followed by 40 cycles of 10 s at 95°C, 
40 s at 62°C, and 30 s at 72°C, followed by a dissociation 
stage of 95°C for 15 s, 60°C for 15 s, then a ramp up to 95°C.  
For coxL gene, the amplification protocol was 30 s at 95°C, 
followed by 40 cycles of 15 s at 95°C, 20 s at 62°C, and 20 s 
at 72°C.  For pmoA genes, the amplification protocol was 94°C 
for 3 min, followed by 45 cycles of 94°C for 25 s, 65°C for 20 s, 
and 72°C for 45 s.  

After each run, a dissociation stage was added and melting 
curves were recorded to discriminate between specific and 
nonspecific signals.  A standard curve was generated using 
10-fold serial dilutions of plasmids containing bacterial 16S 
rRNA, cbbL, coxL and pmoA genes inserts and was carried 
out in parallel with that for the soil functional genes.  Copy 
numbers of the bacterial 16S rRNA, cbbL, coxL and pmoA 
genes in the reaction mixture were calculated automatically 
using Roche LightCycler 480 service software within the 
real-time PCR system, with reference to the standard curve 
generated within each run.

Amplification efficiencies (E=101/−slope–1) for bacterial 16S 
rRNA genes, cbbL, coxL and pmoA were 89.9, 96.2, 95.1, 
and 88.9%, respectively.  All correlation coefficients (R2) were 
over 0.99 with intercepts of 34.8–39.3.

2.4. Data analysis
Data of mean annual temperature (MAT) and the mean annual 
precipitation (MAP) (10 years from 2007 to 2016) were obtained 
from China Meteorogical Data Sharing Service System (http://
cdc.cma.gov.cn/).  MAT in the study area ranged from 4.1°C to 
24.2°C, and MAP ranged from 555.6 to 1,955.0 mm.  

Paired-sample t-test was performed to assess the 
differences of soil physicochemical properties, microbial 
biomass and the abundance of functional genes between 
upland and paddy in each climate.  All tests used a 
significance level of P=0.05.

To explore the most important drivers of the abundance 
of C-cycling functional genes, a classification random 
forest analysis (RF) (Breiman 2001) was conducted.  The 
total bacterial abundance (16S rRNA gene copies) was 
treated as a key biotic predictor variable in our models.  We 
reasoned that it represents the overall carrying capacity of 
the environment, which exerts a top-down constraint on the 
absolute abundance of specific functional groups within the 
community.  Data of environmental variables and functional 
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genes abundance were log10-transformed.  These analyses were conducted 
using the Randomforest package (Liaw and Wiener 2002) for the R statistical 
software, version 4.3.1 (http://cran.r-project.org/).  Predictors identified as 
significant in the RF were further incorporated into the structural equation 
modeling (SEM, Grace 2006).  The fit of SEMs was evaluated using χ2 values, 
P-values, a high comparative fit index (CFI), and the root mean square error 
of approximation (RMSEA) (Hooper et al. 2008).  Based on model fit indices, 
the most effective predictors were ultimately retained.  Due to collinearity 
issues between spatial distance metrics (longitude and latitude) and climatic 
indicators (MAT and MAP), only spatial distance metrics were ultimately 
retained for inclusion in the SEMs.  And the direct and indirect effects of 
geographical location (latitude and longitude), soil properties (pH, clay content 
and SOC/DOC), and biotic variable (the total bacterial abundance) on the 
abundance of the cbbL, coxL and pmoA genes were evaluated.  The SEMs 
were performed by using the Amos 21.0 software package (Small Waters 
Corporation, IL, USA).

3. Results
3.1. Soil physicochemical properties and microbial biomass
Across all climate zones, paddies contained higher SOC and TN than 
adjacent uplands (Table 1).  The level of total soil P was similar in upland and 
paddy, except for subtropics where it was higher in upland than in paddy.  Soil 
pH was generally higher in paddy than in upland, especially in subtropics and 
mid-temperate zones.  Soil clay content was higher in upland than in paddy 
with an exception in warm temperate.  In tropics and subtropics, upland soils 
exhibited markedly higher dissolved organic carbon (DOC) levels compared 
to paddy soils, while microbial biomass carbon (MBC) and nitrogen (MBN) 
concentrations were significantly greater in paddy systems.

3.2. Abundance of 16S rRNA, cbbL, coxL and pmoA genes 
Soil bacterial abundance (16S rRNA gene) was consistently higher in paddy 
than in upland soils across all climate zones (Appendix B).  However, the 
distribution of microbial functional genes for C-trace gases (cbbL, coxL and 
pmoA) showed distinct land-use patterns structured by climate (Fig. 1-A–
C).  The cbbL gene exhibited significantly higher abundance in upland soils 
(averaging 9.46×109 copies g–1) compared to paddy systems (6.44×109 copies 
g–1) (Fig. 1-A).  Regionally, upland dominance was pronounced in tropical 
(P<0.001) and warm temperate zones (P<0.05), whereas subtropics displayed 
a reversed pattern.  No significant differences were observed between land-
use types in mid-temperate zone.  Paddy soils maintained exceptional 
pmoA gene enrichment (averaging 1.17×108 copies g–1) that consistently 
surpassed upland abundance (5.78×106 copies g–1) (Fig. 1-B).  Particularly 
in the subtropics and mid-temperate zones, the abundance of the pmoA 
gene in paddy soils was 1–3 orders of magnitude higher than that in upland 
soils (P<0.001).  For the coxL gene, comparable average abundances were 
recorded in both land-use types (6.12×108 vs. 5.91×108 copies g–1 in upland 
and paddy soils, respectively) (Fig. 1-C).  

3.3. Correlations among the abundance of cbbL, coxL and pmoA 
genes 
Across the four climates, positive correlations among the abundance of the 
three functional genes occurred in both upland and paddy soils (Fig. 2-A–C).  
The abundances of cbbL gene were more strongly related with the coxL gene 
in both land uses (R2=0.38 in upland; R2=0.48 in paddy) than those with pmoA 
gene (R2=0.25 in both upland and paddy) (Fig. 2-A and C).  Relatively weaker 
correlations were observed between pmoA and coxL gene abundances 
(R2=0.12 in upland; R2=0.14 in paddy) (Fig. 2-B).

In upland, stronger correlations among the abundance of cbbL to coxL Ta
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were also found in each climatic zone (Appendix C).  
However, only weaker relationships of cbbL to pmoA and 
pmoA to coxL were found in tropics.  In paddy, positive 
correlations among three functional genes were found in 
each climatic zone except the cbbL to pmoA in subtropics 
(Appendix C).  

3.4. Environmental factors controlling abundances of 
cbbL, coxL and pmoA genes
Random forest analyses showed 12, 15 and 7 out of 18 
predictors in upland significantly affected the abundance 
of cbbL, pmoA and coxL, respectively, and accounted for 
32.36–48.11% of total variances (Fig. 3-A, C and E).  For 
cbbL gene, total bacterial abundance was the dominant 
drivers, followed by latitude, clay, longitude, MAT and MAP 
(Fig. 3-A).  Latitude, pH and MAT were the important drivers 
for the distribution of pmoA gene, followed by longitude, clay 
and bacteria (Fig. 3-C).  The abundance of coxL gene was 
mainly driven by total bacterial abundance (Fig. 3-E).  In 
paddy, 9, 8 and 7 out of 18 predictors significantly influenced 
the abundance of three C-cycle functional genes respectively 
(Fig.  3-B, D and F), explaining 23.56–43.26% of total 
variance, with total bacteria abundance being the universal 

key predictor governing all three genes.  
SEMs were further used to identify the direct, indirect 

influences on the cbbL, pmoA and coxL genes (Fig. 4-A–
F).  In upland, the models explained 28, 48 and 23% of 
total variance for the abundance of cbbL, pmoA and coxL, 
respectively, whereas the corresponding values were 46, 
21 and 28% for paddy.  The main predictors for these gene 
abundances were different between paddy and upland, 
especially for cbbL and pmoA gene.  For example, spatial 
coordinates of latitude and longitude had converse effects 
on these two gene abundances between upland and paddy 
(Fig. 5-A–D).  Bacterial abundance had greater positive 
effects on all these three genes in paddy than upland.  The 
significant correlations between bacterial abundance and the 
three functional gene abundances further corroborate this 
finding, with notably stronger associations observed in paddy 
soils compared to upland soils (Appendix D).  Generally, 
clay exerted negative influences on the gene abundances in 
upland, whereas DOC had positive effects in paddy.  

The spatial distances explained the greatest proportion 
of the variance in the abundance of cbbL and pmoA gene 
in upland, with minor contributions from clay and total 
bacteria abundance (Fig. 5-A and C).  However, the relative 
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importance of spatial distance decreased in paddies, 
even though we observed significant negative quadratic 
relationships between latitude and the abundance of both 
cbbL and pmoA gene in paddy soil (Appendixes E and F).  
Instead, the total bacteria explained the largest of proportion 
of variance for cbbL and pmoA genes (Fig. 5-B and D).  For 
coxL gene, the contribution from total bacteria abundance 
was also higher in paddy than in upland soils (Fig. 5-C and F).  
Significantly negative quadratic relationships between coxL 
gene abundance and latitude/longitude as well as MAT were 
also observed in both upland and paddy (Appendix G).

4. Discussion
4.1. Land-use mediated ecological drivers of C-cycling 
functional genes 
Our continental-scale analysis reveals macroscopic 
patterns in the abundance of carbon-cycling functional 
genes, underscoring the value of large-scale approaches in 
uncovering biogeographic patterns often obscured in local 
studies.  While climate and soil properties are known to shape 
these microbial communities (Guo et al. 2015; Lafuente et al. 
2019), our findings demonstrate a fundamental divergence in 
their primary drivers between upland and paddy ecosystems.  

In upland systems, the spatial distance explained the 
largest proportion of variance in cbbL and pmoA gene 
abundances (Figs. 3 and 4). This strong spatial signal 
suggests pronounced dispersal limitation and potential 
historical contingency in shaping these microbial communities 
(Xiong et al. 2012).  This pattern likely arises from limited 

microbial dispersal between isolated upland habitats and 
stronger environmental filtering under aerobic conditions 
(Li et al. 2024), aligning with the concept that geographical 
barriers and historical colonization significantly influence 
microbial biogeography in well-drained ecosystems (Martiny 
et al. 2006).  These results confirm our second hypothesis 
that geographic filtering predominates in uplands.

In contrast, in paddy systems, the importance of spatial 
factors diminished, with total bacterial abundance and DOC 
emerged as the dominant predictors (Figs. 3 and 4).  This 
shift indicates a substrate-driven community assembly under 
flooded conditions, promoting niche convergence.  These 
patterns are consistent with reports that distinct phylogenetic 
lineages of CO2-assimilating bacteria and methanotrophs 
dominate in upland versus paddy soils (Knief 2015; Liao 
et al. 2023), reflecting fundamental niche partitioning driven 
by oxygen availability and energy conservation strategies.  
Our multi-climate zone comparison demonstrates that 
climate-land use interactions override purely local effects in 
determining microbial functional distributions.

Integrated modeling (RF and SEM) further revealed that 
these microbial responses to agricultural management are 
mediated by metabolic constraints across climate zones.  The 
dominance of cbbL (Calvin-cycle) and coxL (CO-oxidizing) 
genes in aerobic uplands, particularly in the tropics, indicates 
preferential selection for taxa adapted to fluctuating redox 
conditions (Yuan et al. 2012, 2013).  Although MAT/MAP were 
excluded from SEM due to collinearity with longitude/latitude, 
their importance in RF (Fig. 3-A–F) confirms temperature-

Fig. 2  Correlations of cbbL, pmoA and coxL genes in paddy 
and upland soils across eastern China.  
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moisture co-regulation of aerobic processes (Xiao et al. 2014).  
The strong positive correlation between cbbL gene abundance 
and RubisCO activity observed in previous studies (Yuan et al. 
2012; Xiao et al. 2014) suggests that soils with high cbbL gene 
abundance may support greater CO2 fixation potential.

The coxL gene exhibited land-use responses parallel 
to those of cbbL across climate zones (Fig. 1-A and C), 
reflecting conserved microbial habitat adaptation strategies 
(King and Weber 2007; Xu et al. 2023).  This convergent 
response implies coordinated ecological selection pressures, 
where both chemoautotrophic CO oxidizers (coxL) and 
Calvin-cycle autotrophs (cbbL) appear to favor aerobic 
upland conditions in the tropics, while shifting toward flooded 
paddy environments in subtropical regions.  Such adaptations 
likely reflect metabolic trade-offs between oxygen tolerance, 
substrate availability, and energy conservation across 
temperature-moisture gradients (Xu et al. 2023).

Most strikingly, pmoA genes were consistently enriched by 
1–3 orders of magnitude in paddy soils.  This can be directly 

attributed to CH4 supersaturation under flooded conditions 
(Bridgham et al. 2013), where methanogenic activity elevates 
porewater CH4 concentrations far exceeding atmospheric 
levels (Eller and Frenzel 2001; Dlugokencky et al. 2011).  
Thus, paddy fields provide abundant substrate that sustains 
larger populations of methane-oxidizing bacteria (Zhao et al. 
2020; Zheng et al. 2024), confirming our first hypothesis 
regarding the enrichment of methanotrophy in paddies.

4.2. Ecological linkages among cbbL, pmoA and coxL 
genes
The significant positive correlations among cbbL, pmoA, 
and coxL gene abundances (Fig. 2-A–C) suggest functional 
synergisms within microbial communities involved in the 
oxidation and assimilation of trace carbon gases, supporting 
the concept of a “microbial carbon pump”.  The strong 
correlation between cbbL and coxL abundances indicates 
tight functional coupling between CO2 fixation and CO 

Fig. 3  Random forest mean predictor importance of environmental variables on the abundance of cbbL, pmoA and coxL genes 
among paddy and upland soils.  This accuracy importance measure was computed for each tree and averaged over the forest (5,000 
trees).  Significant factors are donated by asterisks (**, P<0.01; *, P<0.05).  Bacteria, total bacteria abundance; SOC, soil organic carbon; 
MAT, mean annual temperature; MAP, mean annual precipitation; TP, total phosphorus; MBC, microbial biomass carbon; MBN, microbial 
biomass nitrogen; DOC, dissolved inorganic carbon.
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oxidation (Cordero et al. 2019; Tveit et al. 2019; Bay et al. 
2021).  This is consistent with reports that many CO-oxidizing 
bacteria (e.g., Bradyrhizobium, Burkholderia) possess both 
coxL and cbbL genes, enabling simultaneous CO oxidation 
and CO2 fixation via the Calvin cycle (King and Weber 2007).  
This metabolic integration allows energy derived from CO 
oxidation to support biomass synthesis (Cordero et al. 2019; 
Leung et al. 2024), explaining their co-occurrence.

Similarly, the significant positive correlation between cbbL 
and pmoA abundances (R2=0.25, P<0.01, Fig. 2-C) points 
to ecological interactions between CO2-fixing and CH4-

oxidizing microbes, potentially mediated through several 
mechanisms: (1) Cross-feeding synergy.  Methanotrophs 
(pmoA-harboring) oxidize CH4 to methanol, which may serve 
as a carbon source for cbbL-containing bacteria (Tveit et al. 
2019).  (2) Shared habitat preferences.  Both functional 
types thrive under aerobic conditions (Tolli and King 2005; 
Knief 2015), leading to co-occurrence under similar redox 
gradients.  (3) Dual-functional taxa.  Some proteobacteria 
(e.g., Methylocapsa) possess both pmoA and cbbL genes 
(Tveit et  al. 2019), enabling them to participate in both 
processes.  These linkages underscore the interconnected 
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nature of microbial carbon transformations in soil.

4.3. Uncertainties and research needs
This study provides the first continental-scale assessment 
of the co-distribution of these functionally linked microbial 
groups across contrasting agricultural ecosystems. The 
high abundances of cbbL and coxL genes observed across 
climates underscore the significant role of microbial CO2 
fixation and CO oxidation in agricultural carbon cycling (Liao 
et al. 2023; Xu et al. 2024). Our findings demonstrate that 
the integration of multi-climate zone sampling with paired 
upland-paddy comparisons offers a powerful framework for 
unraveling the complex interplay between microbial function, 
land use, and climate (Fig. 6).

Microbial metabolism of atmospheric trace gases 
represents a critical nexus between microbial ecology 
and global biogeochemistry (Bay et  al. 2021; Greening 
and Grinter 2022).  While our study reveals robust spatial 
and environmental relationships, key questions remain.  
Future research should focus on how microbial taxonomic 

and functional diversity in situ mediates gas assimilation 
rates, and how these processes respond to environmental 
perturbations, particularly under the escalating impacts 
of climate change on agricultural systems. The empirical 
relationships identified here provide a solid foundation for 
predicting the responses of these critical microbial functions 
to future environmental scenarios.

5. Conclusion
We present a continental-scale investigation of cbbL, pmoA 
and coxL genes across paired upland-paddy soils and identify 
ecosystem-specific controls.  First, we demonstrate that cbbL, 
pmoA-, and coxL-associated microorganisms are ubiquitous 
in agricultural soils spanning diverse climate zones, 
underscoring the necessity of incorporating these functional 
groups into terrestrial biogeochemical models.  Second, we 
provide robust empirical evidence that geographic factors 
(longitude and latitude), climatic variables (mean annual 
temperature and precipitation), and soil properties (e.g., 
SOC, DOC, pH, and clay content) serve as key predictors of 

Fig. 5  Standardized direct and indirect effects derived from the structural equation modeling (SEM).  Spatial, the first principal 
component (PC1) from a rincipal component analysis of latitude and longitude, representing the primary axis of geographic variation; SOC, 
soil organic carbon; DOC, dissolved inorganic carbon; MAT, mean annual temperature; Bacteria, total bacterial abundance.
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Fig.  6 Conceptual framework of drivers and processes governing C-trace gases microbial functional genes in contrasting 
agricultural ecosystems.  The number of icons indicates gene abundance, and the thickness of the arrows indicates the intensity of 
correlations.  DOC, dissolved organic carbon.  In upland system, gene abundance is primarily driven by geographical factors (latitude 
and longitude).  In paddy system, genes abundance is primarily driven by soil properties (e.g., bacterial abundance, clay, pH, and DOC).

the abundances of these functional genes.  Notably, we found 
that CO2-assimilating bacteria and methanotrophs in upland 
soils exhibit greater sensitivity to these environmental drivers 
compared to those in paddy systems.  Finally, the consistently 
high abundance of cbbL and coxL genes in both upland 
and paddy soils across climatic gradients suggests that 
the contribution of microorganisms to the cycling of carbon 
trace gases may have been substantially underestimated in 
previous studies.  These findings enhance our understanding 
of the large-scale spatial distribution and ecological drivers 
of microbial functional groups involved in carbon gas 
transformations, providing a critical foundation for predicting 
ecosystem-level responses to environmental change.

Acknowledgements
This work was financially supported by the National Key R&D 
Program of China (2023YFD1902802), the Science Fund for 
Distinguished Young Scholars in Hunan, China (2024JJ2052), 
the Natural Science Foundation of Fujian Province, China 
(2022J05263), the Nanping City Science and Technology 
Plan Project, China (NP2021KTS02), the Talent Introduction 
Project of Wuyi University, China (YJ202117), and the Open 
Foundation of State Key Laboratory of Microbial Technology 
in Shandong University, China (M2022-05).

Declaration of competing interest
The authors declare that they have no conflict of interest.

Declaration of generative Al and Al-assisted 
technologies in the writing process
During the preparation of this manuscript, the authors used 
DeepSeek web version to assist in improving the clarity and 
readability of the language during the preparation of this 

manuscript.  All content generated was carefully reviewed 
and revised by the authors as necessary, and the authors 
take full responsibility for the final content of the article.

Appendices  associated with  this paper are available at  
https://doi.org/10.1016/j.jia.2025.10.020

References 
Bao S D. 2000. Soil and Agricultural Chemistry Analysis. 3rd ed. Chinese 

Agriculture Press, Beijing, China. (in Chinese)
Bay S K, Dong X, Bradley J A, Leung P M, Grinter R, Jirapanjawat T, 

Arndt S K, Leung P M, Cook P L M, Grinter R, LaRowe D E, Nauer 
P A, Chiri E, Greening C. 2021. Trace gas oxidizers are widespread 
and active members of soil microbial communities.  Nature 
Microbiology, 6, 246–256.

Breiman L. 2001. Random forests. Machine Learning, 45, 5–32.
Bremner J M, Mulvaney C S. 1982. Nitrogen-total. In: Page A L, Miller 

R H, Keeney D R, eds., Methods of Soil Analysis. Part 2, Chemical 
and Microbial Properties. Agronomy Society of America, Madison. 
pp. 595–624.

Bridgham S D, Cadillo-Quiroz H, Keller J K, Zhuang Q L. 2013. Methane 
emissions from wetlands: Biogeochemical, microbial, and modeling 
perspectives from local to global scales. Global Change Biology, 
19, 1325–1346.

Chen X B, Hu Y J, Xia Y H, Zheng S M, Ma C, Rui Y C, He H B, Huang 
D Y, Zhang H Z, Ge T D, Wu J S, Guggenberger G, Kuzyakov Y, 
Su, Y R. 2021. Contrasting pathways of carbon sequestration in 
paddy and upland soils. Global Change Biology, 27, 2478–2490. 

Cordero P R F, Bayly K, Man L P, Huang C, Islam Z F, Schittenhelm 
R B, King G M, Greening C. 2019. Atmospheric carbon monoxide 
oxidation is a widespread mechanism supporting microbial survival. 
The ISME Journal, 13, 2868–2881.

Crowther T W, van den Hoogen J, Wan J, Mayes M A, Keiser A D, Mo 
L, Averill C, Maynard D S. 2019. The global soil community and its 
influence on biogeochemistry. Science, 365, eaav0550.

Crowther T W, Todd-Brown K E O, Rowe C W, Wieder W R, Carey J 
C, Machmuller M B, Snoek B L, Fang S, Zhou G, Allison S D, Blair 
J M, Bridgham S D, Burton A J, Carrillo Y, Reich P B, Clark J S, 
Classen A T, Dijkstra F A, Elberling B, Emmett B A, et al. 2016. 
Quantifying global soil carbon losses in response to warming. 



563Shengmeng Zheng et al.  Journal of Integrative Agriculture  2026, 25(2): 553–564

Nature, 540, 104–108.
Delgado-Baquerizo M, Maestre F T, Reich P B, Jeffries T C, Gaitan J J, 

Encinar D, Berdugo M, Campbell C D, Singh B K. 2016. Microbial 
diversity drives multifunctionality in terrestrial ecosystems. Nature 
Communications, 7, 10541.

Dlugokencky E J, Nisbet E G, Fisher R, Lowryet D. 2011. Global 
atmospheric methane: Budget, changes and dangers. Philosophical 
Transactions of the Royal Society (A: Mathematical, Physical and 
Engineering Sciences), 369, 2058–2072.

Eller G, Frenzel P. 2001. Changes in activity and community structure 
of methane-oxidizing bacteria over the growth period of rice. Applied 
Environmental Microbiology, 67, 2395–2403.

Fan L C, Schneider D, Dippold M A, Poehlein Anja, Wu W C, Gui H, 
Ge T D, Wu J S, Thiel V, Kuzvakoy Y, Dorodnikoy M. 2021. Active 
metabolic pathways of anaerobic methane oxidation in paddy soils. 
Soil Biology and Biochemistry, 156, 108215

Grace J B. 2006. Structural Equation Modeling and Natural Systems. 
Cambridge University Press, UK.

Greening C, Grinter R. 2022. Microbial oxidation of atmospheric trace 
gases. Nature Reviews Microbiology, 20, 513–528.

Guo G X, Kong W D, Liu J B, Zhao J X, Du H D, Zhang X Z, Xia, P H. 
2015. Diversity and distribution of autotrophic microbial community 
along environmental gradients in grassland soils on the Tibetan 
Plateau. Applied Microbiology and Biotechnology, 99, 8765–8776.

Hooper D, Coughlan J, Mullen M R. 2008. Structural equation modelling: 
Guidelines for determining model fit. Electronic Journal of Business 
Research Methods, 6, 53–60.

Jiao S, Yang Y F, Xu Y Q, Zhang J, Lu Y H. 2020. Balance between 
community assembly processes mediates species coexistence 
in agricultural soil microbiomes across eastern China. The ISME 
Journal, 14, 202–216.

King G M. 2003. Molecular and culture-based analyses of aerobic 
carbon monoxide oxidizer diversity. Applied and Environmental 
Microbiology, 69, 7257–7265.

King G M, Crosby H. 2002. Impacts of plant roots on soil CO cycling 
and soil-atmosphere CO exchange. Global Change Biology, 8, 
1085–1093.

King G M, Weber C F. 2007. Distribution, diversity and ecology of 
aerobic CO-oxidizing bacteria. Nature Reviews Microbiology, 5, 
107–118.

Knief C. 2015. Diversity and habitat preferences of cultivated and 
uncultivated aerobic methanotrophic bacteria evaluated based 
on pmoA as molecular marker. Frontier in Microbiology, 6, 1–38.

Kolb S, Knief C, Stubner S, Conrad R. 2003. Quantitative detection 
of methanotrophs in soil by novel pmoA-targeted real-time PCR 
assays. Applied and Environmental Microbiology, 69, 2423–2429.

Lafuente A, Bowker M A, Delgado-Baquerizo M, Durán J, Singh B 
K, Maestre F T. 2019. Global drivers of methane oxidation and 
denitrifying gene distribution in drylands. Global Ecology and 
Biogeography, 28, 1230–1243.

Leung P M, Grinter R, Tudor-Matthew E, Lingford J P, Jimenez 
L, Lee H C, Milton M, Hanchapola I, Tanuwidjaya E, Kropp 
A, Peach H A, Carere R C, Stott M B, Schittenhelm R B, 
Greening C. 2024. Trace gas oxidation sustains energy needs 
of a thermophilic archaeon at suboptimal temperatures. Nature 
Communications, 15, 3219.

Li L, Kuzyakov Y, Xu Q, Guo H, Zhu C, Guo J, Guo S, Shen Q, Ling 
N. 2024. Bacterial communities in cropland soils: Taxonomy and 
functions. Plant and Soil, 497, 297–315.

Liao H, Hao X J, Qin F, Delgado-Baquerizo M, Liu Y R, Zhou J Z, Cai 
P, Chen W L, Huang Q Y. 2023. Microbial autotrophy explains 
large-scale soil CO2 fixation. Global Change Biology, 29, 231–242.

Liaw A, Wiener M. 2002. Classification and regression by random 
forest. R News, 2, 18–22. 

Liu J, Qiu T Y, Peñuelas J, Sardans J, Tan W F, Wei X M, Cui Y X, Cui 
Q L, Wu C F, Liu L F, Zhou B T, He H R, Fang L C. 2023. Crop 
residue return sustains global soil ecological stoichiometry balance. 
Global Change Biology, 29, 2203–2226.

López-Gutiérrez J C, Henry S, Hallet S, Martin-Laurent F, Catroux 
G, Philippot L. 2004. Quantification of a novel group of nitrate-
reducing bacteria in the environment by real-time PCR. Journal of 
Microbiological Methods, 57, 399–407.

Maestre F T, Delgado-Baquerizo M, Jeffries T C, Eldridge D J, 
Ochoa V, Gozalo B, Quero J L, García-Gómez M, Gallardo A, 

Ulrich W, Bowker M A, Arredondo T, Barraza-Zepeda C, Bran D, 
Florentino A, Gaitán J, Gutiérrez J R, Huber-Sannwald E, Jankju 
M, Mau R L, et al. 2015. Increasing aridity reduces soil microbial 
diversity and abundance in global drylands. Proceedings of the 
National Academy of Sciences of the United States of America, 
112, 15684–15689.

Martiny J B H, Bohannan B J M, Brown J H, Colwell R K, Fuhrman J 
A, Green J L, Horner-Devine M C, Kane M, Krumins J A, Kuske C 
R, Morin P J, Naeem S, Øvreås L, Reysenbach A L, Smith V H, 
Staley J T. 2006. Microbial biogeography: Putting microorganisms 
on the map. Nature Reviews Microbiology, 4, 102–112.

Nazaries L, Karunaratne S B, Delgado-Baquerizo M, Campbell C 
D, Singh B K. 2018. Environmental drivers of the geographical 
distribution of methanotrophs: Insights from a national survey. Soil 
Biology and Biochemistry, 127, 264–279.

Nelson R E, Sommers L E, 1982. Total carbon, organic carbon and 
organic matter. In: Page A L, Miller R H, Keeney D R, eds., 
Methods of Soil Analysis, Part 2, Chemical and Microbiological 
Properties. 2nd ed. Agronomy No: 9, American Society of 
Agronomy, Soil Science Society of America, Madison, Wisconsin. 
pp. 539–580.

Ortiz M, Leung P M, Shelley G, Jirapanjawat T, Nauer P A, Van 
Goethem M W, Bay S K, Islam Z F, Jordaan K, Vikram S, Chown 
S L, Hogg I D, Makhalanyane T P, Grinter R, Cowan D A, Greening 
C. 2021. Multiple energy sources and metabolic strategies sustain 
microbial diversity in Antarctic desert soils.  Proceedings of the 
National Academy of Sciencesof the United States of America, 118, 
e2025322118.

Quiza L, Lalonde I, Guertin C, Constant P. 2014. Land-use influences 
the distribution and activity of high affinity CO-oxidizing bacteria 
associated to type I-coxL genotype in soil. Frontiers in Microbiology, 
5, 271.

Reeve J R, Schadt C W, Carpenter-Boggs L, Kang S, Zhou J, Reganold 
J P. 2010. Effects of soil type and farm management on soil 
ecological functional genes and microbial activities. The ISME 
Journal, 4, 1099–1107.

Singh B K, Bardgett R D, Smith P, Reay D S. 2010. Microorganisms 
and climate change: terrestrial feedbacks and mitigation options. 
Nature Reviews Microbiology, 8, 779–790.

Tian K, Zhao Y C, Xu X H, Hai N, Huang B, Deng W J. 2015. Effects 
of long-term fertilization and residue management on soil organic 
carbon changes in paddy soils of China: A meta-analysis. 
Agriculture Ecosystems & Environment, 204, 40–50.

Tolli J, King G M. 2005. Diversity and structure of bacterial 
chemolithotrophic communities in pine forest and agroecosystem 
soils. Applied and Environmental Microbiology, 71, 8411–8418.

Trivedi P, Anderson I C, Singh B K. 2013. Microbial modulators of soil 
carbon storage: Integrating genomic and metabolic knowledge for 
global prediction. Trends in Microbiology, 21, 641–651.

Tveit A T, Hestnes A G, Robinson S L, Schintlmeister A, Dedysh S 
N, Jehmlich N, von Bergen M, Herbold C, Wagner M, Richter A, 
Svenning M M. 2019. Widespread soil bacterium that oxidizes 
atmospheric methane. Proceedings of the National Academy of 
Sciences of the United States of America, 116, 8515–8524.

Weber C F, King G M. 2010. Quantification of Burkholderia coxL 
genes in Hawaiian volcanic deposits. Applied and Environmental 
Microbiology, 76, 2212–2217.

Whalen S C, Reeburgh W S. 2001. Carbon monoxide consumption 
in upland boreal forest soils. Soil Biology and Biochemistry, 33, 
1329–1338.

Wu J S, Joergensen R G, Pommerening B, Chaussod R, Brookes B 
C. 1990. Measurement of soil microbial biomass by fumigation-
extraction-An automated procedure. Soil Biology and Biochemistry, 
22, 1167–1169.

Wu X H, Ge T D, Hu Y J, Wei X M, Chen L, Whiteley A S, Wu J S. 2017a. 
Abundance and diversity of carbon monoxide dehydrogenase genes 
from BMS Glade bacteria in different vegetated soils. European 
Journal of Soil Biology, 81, 94–99.

Wu X H, Ge T D, Yan W D, Zhou J, Wei X M, Chen L, Chen X 
B, Nannipieri P, Wu J S. 2017b. Irrigation management and 
phosphorus addition alter the abundance of carbon dioxide-fixing 
autotrophs in phosphorus-limited paddy soil. FEMS Microbiology 
Ecology, 93, 1–10.

Xia Y H, Chen X B, Hu Y J, Zheng S M, Ning Z, Guggenberger G, He 



564 Shengmeng Zheng et al.  Journal of Integrative Agriculture  2026, 25(2): 553–564

H B, Wu J S, Su Y R. 2019. Contrasting contribution of fungal and 
bacterial residues to organic carbon accumulation in paddy soils 
across eastern China. Biology and Fertility of Soils, 55, 767–776.

Xiao K Q, Bao P, Bao Q L, Jia Y, Huang F Y, Su J Q, Zhu Y G. 2014. 
Quantitative analyses of ribulose–1,5-bisphosphate carboxylase/
oxygenase (RubisCO) large-subunit genes (cbbL) in typical paddy 
soils. FEMS Microbiology Ecology, 87, 89–101.

Xiong J B, Liu Y Q, Lin X G, Zhang H Y, Zeng J, Hou J Z, Yang Y P, 
Yao T D, Knight R, Chu H Y. 2012. Geographic distance and pH 
drive bacterial distribution in alkaline lake sediments across Tibetan 
Plateau. Environmental Microbiology, 14, 2457–2466.

Xu C M, Xao D S, Chen S, Guang C, Liu Y H, Zhang X F, Wang D Y. 
2023. Changes in the activities of key enzymes and the abundance 
of functional genes involved in nitrogen transformation in rice 
rhizosphere soil under different aerated conditions. Journal of 
Integrative Agriculture, 22, 923–934.

Xu Y F, Teng Y, Dai S X, Liao J, Wang X, Hu W B, Guo Z Y, Pan 
X Z, Dong X Y, Luo Y. 2024. Atmospheric trace gas oxidizers 
contribute to soil carbon fixation driven by key soil conditions in 
terrestrial ecosystems. Environmental Science & Technology, 58, 
21617–21628.

Yuan H Z, Ge T D, Chen C Y, O’Donnell A G, Wu J S. 2012. Significant 
role for microbial autotrophy in the sequestration of soil carbon. 

Applied and Environmental Microbiology, 78, 2328–2336.
Yuan H Z, Ge T D, Chen X B, Liu S L, Zhu Z K, Wu X H, Wei W X, 

Whiteley A S, Wu J S. 2015. Abundance and diversity of CO2-
assimilating bacteria and algae within red agricultural soils are 
modulated by changing management practice. Microbial Ecology, 
70, 971–980.

Yuan H Z, Ge T D, Zou S Y, Wu X H, Liu S L, Zhou P, Chen X J, Brookes 
P, Wu J S. 2013. Effect of land use on the abundance and diversity 
of autotrophic bacteria as measured by ribulose-1,5-biphosphate 
carboxylase/oxygenase (RubisCO) large subunit gene abundance 
in soils. Biology and Fertility of Soils, 49, 609–616.

Zhao J, Cai Y F, Jia Z J. 2020 The pH-based ecological coherence of 
active canonical methanotrophs in paddy soils. Biogeosciences, 
17, 1451–1462.

Zheng S M, Deng S H, Ma C, Xia Y H, Qiao H, Zhao J, Gao W, Tu 
Q, Zhang Y M, Rui Y C, Wu J S, Su Y R, Chen X B. 2024. Type I 
methanotrophs dominated methane oxidation and assimilation in 
rice paddy fields by the consequence of niche differentiation, Biology 
and Fertility of Soils, 60, 153–165.

Zheng S M, Xia Y H, Hu Y J, Chen X B, Rui Y C, Gunina A, He X Y, Ge T D, 
Wu J S, Su Y, Kuzyakov Y. 2021. Stoichiometry of carbon, nitrogen, 
and phosphorus in soil: Effects of agricultural land use and climate at 
a continental scale. Soil and Tillage Research, 209, 104903.

Guest Editor  Weiguo Cheng
Managing Editor  Lujuan Sun


