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A B S T R A C T

Soil microbial community plays crucial roles in promoting soil functions and maintaining soil health. Microbial 
functional gene abundances are actively involved in soil processes which supports soil functions and wider soil 
health. However, their suitability as indicators to assess soil health is still debatable. In this study, we sampled 
soils from a 10-year long-term fertilization experiment in a wheat-maize cropping system on the North China 
Plain. The treatment included no fertilizer (Control), chemical fertilizers only (NPK), NPK + organic manure, 
NPK + straw, and NPK + manure + straw. We quantified seventeen functional genes involved in carbon (cbbL, 
GH31), nitrogen (nifH, ureC, chiA, A-amoA, B-amoA, narG, nirK, nirS, norB and nosZ), and phosphorus (gltA, bpp, 
phoD, phoC, pqqC) cycling. These genes were correlated with a suite of soil properties representing indicators of 
carbon (total carbon, organic carbon, and permanganate oxidizable carbon, α-1,4 glucosidase and carbon dioxide 
emission), nitrogen (total nitrogen, inorganic nitrogen, β-N-acetylglucosaminidase, and nitrous oxide emission), 
and phosphorous (available phosphorus, acid and alkaline phosphatase) pools/cycling. Soil microbial functional 
genes exhibited high coefficients of variation and strong sensitivity to fertilization treatments, while showing low 
variability among replicates within the same treatment. The abundances of functional genes, especially GH31, 
cbbL, B-amoA, chiA, phoC, and phoD were strongly correlated with their proxy indicators of carbon, nitrogen and 
phosphorus cycling. In addition, organic fertilization enhanced carbon and nutrients relevant functional gene 
abundances, generating positive effects on maize yield. These results indicate that microbial functional genes are 
sensitive to organic inputs and could provide a more detailed and mechanistic understanding of soil processes 
than conventional indicators by capturing the biochemical processes that govern nutrient dynamics. Our study 
underscores the potential of microbial functional genes as sensitive and valuable indicators for advancing soil 
health assessments and management practices.

1. Introduction

Healthy soils are essential for maintaining food security and agri
cultural sustainability (Kopittke et al., 2019) and can promote water and 
air quality, provide a habitat for biodiversity, facilitate the mineraliza
tion and cycling of nutrients, reduce the occurrence of pests and dis
eases, support the utilization and storage of carbon, and enhance crop 
production (Maikhuri and Rao, 2012). The capacity of soils to provide 
these diverse functions is commonly termed ‘soil multifunctionality’, 
which has recently been included in the foresight report on soil health 

(Creamer et al., 2022). However, soil multi-functionality is highly 
threatened by global changes and anthropogenic forces (Schloter et al., 
2018). In this respect, the importance of developing robust, reliable, and 
resilient indicators for monitoring soil health has been emphasized, in 
particular when establishing an early warning system for halting soil 
degradation. Soil health indicators are currently focused mainly on soil 
physical and chemical properties (Cardoso et al., 2013), such as soil bulk 
density and nutrient concentrations. These physical and chemical in
dicators are instructive for the development of agricultural practices to 
increase crop productivity. However, these parameters mainly reflect 
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static soil characteristics and soil fertility changes, but fail to capture the 
dynamic biological processes (Schoenholtz et al., 2000) which are 
important for understanding soil ecological functions. Additionally, they 
are less sensitive to short-time changes in soil quality and may not detect 
early signs of soil degradation or improvement (Muscolo and Attinà, 
2015). In this regard, biological indicators can provide a more 
comprehensive understanding of soil health, as they reflect the living 
component of the soil and its dynamic processes (Bhaduri et al., 2022). 
The measurement of biological properties can capture the activities of 
soil microbes, enzymes, and other biota that play a vital role in nutrient 
cycling, carbon storage, and ecosystem services, that are important in 
the maintenance of soil quality and health (Creamer et al., 2022). There 
have been increasing efforts to incorporate soil biological measures into 
the monitor of soil quality and health (van Bruggen et al., 2000; Griffiths 
et al., 2001). However, most previous attempts to define biological in
dicators of soil health have focused primarily on the ‘visible’ players 
among the soil biota, such as earthworms and nematodes, while largely 
ignoring the ‘invisible’ soil microbes (Doran and Zeiss, 2000).

Soil microbial communities form the lifeblood of soil ecosystems and 
are involved in various soil functions, such as carbon cycling and stor
age, nutrient cycling, and primary production (Raza et al., 2023; Soong 
et al., 2020; Fan et al., 2020). However, the functional potential of these 
communities is affected by the diversity of the communities themselves 
and also other factors, such as soil properties (Jia et al., 2023), nutrient 
supply (Mbuthia et al., 2015), and cropping systems (Jia et al., 2022; 
Morugán-Coronado et al., 2022), which complicate the application of 
microbial communities as proxies for soil health. To date, it remain a 
challenge to disentangle the mechanisms underlying the relationship 
between microbial functional capacity and soil health (Hartmann et al., 
2015; van der Bom et al., 2018). Disentangling the complex relation
ships between microbial functional indicators and soil health can 
therefore aid in developing more effective strategies for managing soil 
ecosystems and promoting sustainable agriculture. However, current 
microbial indicators of soil health rely predominantly on broad or 
‘black-box’ parameters, such as microbial biomass and potential mi
crobial activity, and these are insufficient to provide specific insights 
into soil biological processes (Schimel and Schaeffer, 2012). It has 
recently been proposed that the assessment of soil microbes in sup
porting a healthy functioning soil should be defined at the level of 
functional diversity rather than solely at the level of taxonomic species 
(Wang et al., 2022). This is partly supported by the functional redun
dancy of soil microbial communities, whereby the loss of one species 
may be compensated by others with similar functions (Bender et al., 
2016). Hence, relying solely on taxonomic species composition disre
gards this functional redundancy. Analyzing functional genes rather 
than taxonomic diversity offers a glimpse into the genuine functional 
capacity within the whole microbial community, thereby providing a 
more accurate reflection of microbial contributions to soil health (Wang 
et al., 2022; Trivedi et al., 2016).

A number of soil microbial functional genes have been used as ge
netic markers to differentiate the functional activity of microbial pop
ulations (Thiele-Bruhn et al., 2020; Smith et al., 2017). For example, 
nifH, A-amoA, B-amoA and nirS/nirK genes have been used as markers to 
quantify nitrogen-fixing microorganisms, nitrifiers, and denitrifiers 
(Song et al., 2020; Ouyang et al., 2018; Ouyang et al., 2020). These 
functional genes are sensitive to agricultural practices, such as tillage 
and fertilization, and are correlated with soil properties and functions 
(Hayden et al., 2010; Li et al., 2023a). For instance, conservation tillage 
increased the abundance of nosZ gene abundance that is involved in the 
process of denitrification process, and this is associated with reduced 
N2O emission (Wang et al., 2021a). On the other hand, nitrogen fertil
ization significantly increased the abundances of A-amoA, B-amoA 
which are associated with increased nitrification rates (Ouyang et al., 
2018). The linkages between functional genes and soil processes there
fore underscore their potential for evaluating soil health and the impacts 
of different management practices on soil function and crop 

productivity. However, the situation is further complicated by the fact 
that the relationships between soil microbial functional genes and soil 
processes are inherently dynamic and complex. For example, nitrifica
tion which is mediated by A-amoA and B-amoA genes increases N 
availability and this is favorable for soil health and crop yields (Phillips 
et al., 2015). On the other hand, excessive nitrification can lead to 
increased N2O emissions, and this is potentially harmful to the envi
ronment and disturbs nitrogen cycling (Robertson and Vitousek, 2009). 
In this regard, systematic study of the abundance of microbial functional 
groups involved in soil C, N and P processes may provide a rapid and 
sensitive approach for characterizing changes in soil functions. This 
approach promises to provide a real-time snapshot of microbial activ
ities and their responses to management practices, thereby enabling the 
development of more accurate management to maximize soil health.

This study aims to investigate the relationship between the abun
dance of a range of microbial functional genes, soil nutrients and carbon 
cycling and their relationships with crop yield. The response of the 
microbial functional genes and several indicators of soil functioning, 
focusing on C, N and P turnover, were examined in a decade long-term 
field experiment with different fertilization treatments (different com
binations of chemical and organic fertilizers). We hypothesized that: (1) 
compared to conventional soil carbon and nutrient indicators, the 
abundances of functional genes would show greater variability in 
response to different fertilization treatments; (2) the abundances of 
specific microbial functional genes are strongly correlated with con
ventional measurements of soil carbon and nutrient cycling; and (3) soil 
amended with organic fertilizers would have higher abundances of mi
crobial functional genes, this would contribute to crop yields compared 
to soils receiving the chemical fertilizer only.

2. Materials and methods

2.1. Field experiment and sample collection

Soil samples were collected from a long-term field experiment with 
an annual rotation of winter wheat and summer maize at the China 
Agricultural University Quzhou Experimental Station (36◦42′ N, 114◦54′ 
E; 40 m a.s.l.), Hebei province, north China. The silt loam soil is classed 
as a Cambisol. Selected initial soil properties before the start of the 
experiment were as follows: pH 7.24 (H2O), soil organic matter content 
of 13.7 g kg− 1, total nitrogen content 0.90 g kg− 1, Olsen-P content 12.01 
mg kg− 1, and available potassium content 176.2 mg kg− 1 (Bei et al., 
2018). The average annual temperature and mean precipitation are 
13.2 ◦C and 494 mm, respectively.

Field plots (each 50 m2, 5 m × 10 m) were established in 2010. There 
are five annual treatments with four replicate plots per treatment as 
follows: (1) Control, no fertilizer; (2) NPK, chemical fertilizer only; (3) 
NPKM, chemical fertilizer plus manure compost (6000 kg ha− 1 yr− 1, dry 
weight); (4) NPKSW, chemical fertilizer plus straw return (wheat straw, 
6.0 Mg ha− 1 yr− 1; maize straw, 6.8 Mg ha− 1 yr− 1); (5) MNPKSW, 
chemical fertilizer plus manure compost and straw return (wheat straw, 
7.3 Mg ha− 1 yr− 1; maize straw, 6.9 Mg ha− 1 yr− 1), provided on yearly 
bases. The manure compost comprised 33.2% C, 2.0% N, 0.8% P and 
0.7% K. Fertilizers comprised urea as the nitrogen (N) fertilizer, calcium 
superphosphate as the phosphorus (P) fertilizer, and potassium sulphate 
as the potassium (K) fertilizer, and were broadcast. All treatments were 
calculated to give an equivalent nitrogen application rate. Detailed in
formation regarding fertilizer application rates is shown in Table S1. 
Winter wheat (cv. ’Good Star 99′) was sown at a density of 225 kg ha− 1 

in mid-October following maize harvest and harvested in early June of 
the subsequent year. Summer maize (cv. ’Zhengdan 958′) was sown with 
a row spacing of 60 cm and a density of 63,000 seeds ha− 1 in mid-June, 
and was harvested in October. Additionally, irrigation, insecticides, and 
herbicides were applied according to local conventional farming 
practices.

In October 2020, soil samples were collected prior to maize harvest. 
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Five samples (0–20 cm depth) were collected from each plot using a 5- 
cm-diameter auger and mixed to give a composite sample. The samples 
were then divided into three parts. One part (100 g) was air-dried for the 
determination of soil physicochemical properties, and one part (50 g) 
was preserved at 4 ◦C for the assessment of enzyme activity, soil respi
ration and N2O emission. The remaining soil was kept at − 80 ◦C for the 
quantification of microbial functional genes. Maize ears were collected 
from designated areas ranging from 6 to 18 m2 within each treatment. 
The collected grain was subsequently dried to assess maize yield.

2.2. Selection of soil microbial functional genes

Seventeen functional genes involved in the C (cbbL, GH31), N (nifH, 
ureC, chiA, A-amoA, B-amoA, narG, nirK, nirS, norB and nosZ), and P 
cycling (gltA, bpp, phoD, phoC, pqqC) were selected. Carbon cycling genes 
(cbbL and GH31) are involved in soil C fixation and organic matter 
decomposition processes, that contribute to C transformation and stor
age (Liao et al., 2020; Yang et al., 2021). Nitrogen cycling genes (nifH, 
A-amoA, B-amoA, ureC, chiA, narG, norB, nirK, nirS and nosZ) are 
involved in the processes of N fixation (nifH), ammonia oxidation 
(A-amoA, B-amoA), urea transformation (ureC), N mineralization (chiA), 
and denitrification (narG, norB, nirK, nirS and nosZ), respectively. These 
functional genes are the major players in N transformation dynamics 
(Ouyang et al., 2018; Colloff et al., 2008; Butterly et al., 2016). Phos
phorus cycling genes (pqqC, phoD, phoC, gltA and bpp) are involved in 
phosphate solubilization (pqqC), organic P mineralization (phoD, phoC), 
and the release of bioavailable P (gltA, bpp), respectively (Shi et al., 
2022; Zheng et al., 2019). These genes have been commonly used to 
assess P cycling and P availability (Hussain et al., 2021). These func
tional genes are useful indicators in environmental monitoring and 
ecological studies and they have been used to reflect key biogeochemical 
processes (Table 1; Supporting materials).

2.3. DNA extraction and quantitative PCR

Soil microbial DNA was extracted from 0.5 g soil using FastDNA® 
SPIN for soil kit (MP Biomedicals, Solon, OH, USA) following the man
ufacturer’s protocol. Each sample was extracted in duplicate for DNA 

analysis. The quantity and quality of DNA were evaluated using a 
NanoDrop 2000 UV–vis spectrophotometer (Thermo Scientific, Wil
mington, DE, USA) and the quality was further verified by electropho
resis on a 1.4% agarose gel stained with SYBR Safe (Life Technologies, 
Carlsbad, CA). Then DNA was stored at − 80 ◦C for further processing.

Soil microbial functional genes involved in C cycling (cbbL, GH31), N 
cycling (nifH, A-amoA, B-amoA, ureC, chiA, narG, nirK, nirS, norB, nosZ), 
and P cycling (pqqC, gltA, bpp, phoC, phoD) were quantified using 
quantitative PCR. Furthermore, total bacterial and fungal abundance 
were quantified using the primers 515F/907R (Yusoff et al., 2013) and 
ITS1F/ITS2R (White et al., 1990). The specific primers used for targeting 
these genes are listed in Table S2. All qPCR processing was conducted 
using QuantStudio 6 Flex (Applied Biosystems, Waltham, MA). Each 
reaction was conducted in duplicate, using 10 μL of reaction mixture. 
The mixture consisted of 5 μL of SYBR Premix ExTaq II (2 × ) (TaKaRa 
Bio, Kusatsu, Shiga, Japan), 0.25 μL of each primer (10 pmol μM), 1 μL of 
genomic soil DNA (5 ng μL− 1), 3.3 μL of ddH2O and 0.2 μL of ROX 
Reference Dye II. The standard curves for each gene were established 
through a 10-fold serial dilution series (108-102 copies) of plasmid DNA 
containing the target gene with known copy numbers. ddH2O (without 
template DNA) served as the negative control. The amplification effi
ciencies ranged from 96% to 104%, and the R2 values of the standard 
curves were between 0.98 and 1.00 for all genes. References to the 
protocols for determining the different functional genes are given in 
Table S2.

2.4. Selection and determination of proxy indicators of element cycling

To investigate the relationship between soil microbial functional 
genes and associated functional processes, we identified soil properties 
that are related to the process in which the microbial functional genes 
are active (Table 1). This resulted in selecting the following soil prop
erties as proxies for soil functioning (henceforth termed proxy in
dicators): 1) the C pool/cycling (total carbon, soil organic carbon, 
permanganate oxidizable carbon, soil respiration and the enzymes α-1,4 
glucosidase [AG, EC 3.2.1.20]); 2) the N pool/cycling (total N, ammo
nium and nitrate N, nitrous dioxide emission, and the enzyme β-N-ace
tylglucosaminidase [NAG, EC 3.2.1.14.30]); 3) the P pool/cycling 

Table 1 
Microbial functional genes, the soil ecological processes in which they participate, and soil properties that can be used as proxy indicators for the soil ecological 
processes.

Microbial functional 
gene

Enzyme encoding Soil ecological process Soil proxy indicator Reference

Carbon cbbL Ribulose-1,5-bisphosphate carboxylase/oxygenase (EC 
4.1.1.39)

Calvin cycle (carbon fixation) TC, SOC, POXC Yuan et al. (2012)

GH31 α-glucosidases (EC 3.2.1.20) Starch degradation AG, SOC, soil 
respiration

Talbot et al. (2015)

Nitrogen nifH Nitrogenase reductase Nitrogen-fixation TN, NH4
+-N, NO3

− -N Dos Santos et al. (2012)
ureC Urease (EC 3.5.1.5) Urea hydrolysis (Urea - NH3/ 

NH4
+)

NH4
+-N, NO3

− -N Fisher et al. (2017)

chiA Chitinase A (EC 3.2.1.14) Chitin degradation NAG Zhang et al. (2023)
A- 
amoA

Ammonia monooxygenase subunit A (EC 1.14.99.39) Nitrification (NH4
+- NH2OH) NO3

− -N Levy-Booth et al. 
(2014)

B- 
amoA

Ammonia monooxygenase subunit A (EC 1.14.99.39) Nitrification (NH4
+- NH2OH) NO3

− -N Levy-Booth et al. 
(2014)

narG Nitrate reductase alpha subunit (EC 1.7.99.4) Denitrification (NO3
− -NO2

- ) NO3
− -N, N2O Yang et al. (2024)

nirK Copper-containing nitrite reductase (EC 1.7.2.1) Denitrification (NO2
− –NO) NO3

− -N, N2O Yang et al. (2024)
nirS Cytochrome cd1 nitrite reductase (EC 1.7.2.9) Denitrification (NO2

− –NO) NO3
− -N, N2O Yang et al. (2024)

norB Nitric oxide reductase subunit B (EC 1.7.2.5) Denitrification (NO–N2O) NO3
− -N, N2O Yang et al. (2024)

nosZ Nitrous oxide reductase (EC 1.7.2.4) Denitrification (N2O–N2) NO3
− -N, N2O Yang et al. (2024)

Phosphorus gltA Citrate synthase (EC 2.3.3.1) Phosphorus dissolution AP Li et al. (2023b)
bpp β-propeller phytase Phytic acid mineralization AP Wang et al. (2023a)
phoD Alkaline phosphatase (EC 3.1.3.1) Organic P mineralization ALP, AP Shi et al. (2022)
phoC Acid phosphatase (EC 3.1.3.2) Organic P mineralization ACP, AP Shi et al. (2022)
pqqC Pyrroloquinoline-quinone synthase C Inorganic P dissolution AP Wang et al. (2023b)

Annotation: TC: total carbon; SOC: soil organic carbon, POXC: permanganate oxidizable carbon; TN: total nitrogen; AP: available phosphorus; AG: α-1,4 glucosidase; 
NAG: β-N-acetylglucosaminidase. ALP: alkaline phosphatase; ACP: acid phosphatase.

J. Jia et al.                                                                                                                                                                                                                                       Soil Biology and Biochemistry 204 (2025) 109768 

3 



(available P, the enzyme acid phosphatase [ACP, EC 3.1.3.1] and alka
line phosphatase [ALP, EC 3.1.3.2]).

Soil mineral N (NH4
+-N, NO3

− -N) was measured by extraction with 
calcium chloride (Li et al., 2012). Soil organic carbon (SOC) was 
assessed by the K2Cr2O7 oxidation-reduction titration method, and 
permanganate oxidizable carbon (POXC) was measured by using KMnO4 
oxidation (Weil et al., 2003). Available P (AP, Olsen-P) was determined 
by extraction with 0.5 mol L− 1 NaHCO3 (Olsen et al., 1954). Soil total C 
(TC) and total N (TN) contents were determined using dry combustion 
with an Elementar analyzer (Vario EL, Elementar, Germany). Soil 
respiration and N2O emission were determined using a gas chromato
graph (Zhang et al., 2013). A 20-g soil sample (dry weight) was placed in 
a 100 mL glass jar, and moistened to 60% water holding capacity. 
Samples were pre-incubated at 25 ◦C for 7 days, with periodic addition 
of water. After pre-incubation, jars were sealed with air-permeable 
paraffin film and incubated in the dark at 25 ◦C. After 24 h, 20-mL gas 
samples were collected using a gas-tight syringe and analyzed for CO2 
and N2O concentrations using an ECD (GC 7890, Agilent Technologies, 
Santa Clara, CA). Soil respiration and N2O emission rates were calcu
lated from the increase in gas concentrations over time.

Fluorometric techniques were used to determine the activities of the 
C-acquiring enzymes α-1,4 glucosidase (AG), the N-acquiring enzyme 
β-N-acetylglucosaminidase (NAG), and the organic P-acquiring enzyme 
acid phosphatase (ACP) (Bell et al., 2013). Substrate solutions 
(4-MUB-α-D-glucopyranoside, 4-MUB-N-acetyl-β-D-glucosaminide, 
4-MUB-phosphate) were used for the enzyme assays. Soil samples (1 g, 
dry weight equivalent) were homogenized in 100 mL of 50 mM sodium 
acetate buffer (pH 6.0) and shaken for 30 min at 200 rpm. Then, 200 μL 
of suspension and 50 μL of 200 μM MUB-labeled substrate were trans
ferred into a 96-well plate and incubated in the dark at 25 ◦C for 4 h. The 
fluorescence was measured using an automated spectrophotometer (FLx 
800 microplate, Bio-Tek Instruments, Winooski, VT), with emission at 
450 nm and excitation at 345 nm. Enzyme activities are expressed as 
MUB release in nmol per gram of soil per hour (nmol h− 1 g− 1). Alkaline 
phosphatase activity was assessed at 37 ◦C using p-nitrophenyl phos
phate (p-NPP) as substrate (Fraser et al., 2017). Fresh soil samples (1 g, 
dry weight equivalent) were homogenized with 1 mL of modified uni
versal buffer (pH 11), p-NPP, and incubated at 37 ◦C for 1 h. The reaction 
was terminated by adding 0.5 M NaOH, and the absorbance of the 
resulting p-nitrophenol (p-NP) was measured at 420 nm. Enzyme ac
tivity was expressed as micromoles of p-NP produced per gram of soil 
per hour (μmol pNP g− 1 h− 1).

2.5. Statistical analysis

All statistical analysis was conducted using R (version 4.2.2), unless 
otherwise stated. One-way analysis of variance was used to assess the 
effects of the different fertilization treatments on soil microbial func
tional gene abundances and the proxy indicators for element cycling. 
Levene’s test was performed to assess the homogeneity of variances 
across groups. Additionally, the Shapiro-Wilk test was used to determine 
whether the functional gene abundances and proxy indicators were 
normally distributed. Data were transformed to achieve normal distri
bution prior to further analysis if the functional gene abundances and 
proxy indicators were not normally distributed. Coefficients of variation 
(CV) were calculated at the experimental field level, i.e., combining all 
treatments, to determine the whole experimental field variability in 
functional gene abundances and proxy indicators. Additionally, CV 
values were calculated within each treatment to determine the variation 
specific to individual treatment conditions. Furthermore, partition var
iances among treatments and among field replicates within treatments 
were quantified using a nested model based on the lme4 package. Or
dinary least squares (OLS) linear regressions were used to evaluate the 
associations between functional gene abundances and proxy indicators. 
The Shapiro-Wilk test was conducted to test whether residuals were 
normally distributed in the regression analysis. Partial least squares path 

modeling (PLS-PM) was employed to determine the impacts of soil 
carbon and nutrient inputs on the relationship between microbial 
functional gene abundances, the proxy indicators for element cycling, 
and crop yield using the R package plspm. The initial PLS-PM is pre
sented in Fig. S1. The prediction performance of models was estimated 
by using the goodness of fit index. To assess the contribution of micro
bial functional genes and proxy indicators to variations in crop yield as 
initiated by the fertilization treatments, we conducted the all-subsets 
procedure model selection process using the R package glmulti. A 
range of candidate models was generated, and the Akaike Information 
Criterion (AICc) was used to select the best model. In the case of 
nonsignificant differences between models (≤2) with the lowest AIC, 
model averaging was applied to effectively capture the relative impor
tance of parameters across all candidate models (Anderson et al., 2007). 
To determine the significance of predictors, parameter weights were 
esimated by summing up the Akaike weights assigned to each individual 
model to calculate their relative contribution (Calcagno and de 
Mazancourt, 2010). These weights served as a metric of the overall 
support for each predictor.

3. Results

3.1. Effects of fertilization on abundance of microbial functional genes 
and proxy indicators for element cycling

In general, the abundance of soil microbial functional genes and 
most proxy indicators were significantly affected by the fertilization 
treatments (Table 2; Figs. S2–S4; Table S3).The C cycling proxy in
dicators (SOC, TC, POXC, soil respiration, AG) and the abundance of C 
associated functional genes cbbL and GH31 were significantly affected 
by the fertilization treatments. Maximum values occurred in the 
MNPKSW treatment, and minimum values were in the Control (Table 2; 
Fig. S2; Table S3). Compared with the NPK only treatment, manure 
application and straw return significantly increased SOC by 20.3% and 
22.4%, TC by 8.1% and 14.54%, POXC by 9.8% and 19.5%, soil respi
ration by 8.6% and 20.7%, the activity of the enzymes AG by 1.1% and 
10.9%, and the gene abundance of cbbL by 3.7% and 5.9% and GH31 by 
4.4% and 4.4%, respectively (Table 2; Fig. S5).

The fertilization treatments, especially manure application and straw 
return, significantly increased total soil N content and the abundances of 
the functional genes of narG, nirK, nirS, norB, nosZ, ureC, nifH and chiA 
(Table 2; Figs. S3 and S5; Table S3). NO3

− -N content and the abundances 
of functional genes A-amoA and B-amoA were highest in the NPK and 
NPKSW treatments. NH4

+-N content and N2O emission were not signifi
cantly affected by fertilization. Compared with NPK only, manure 
application significantly increased the activity of NAG by 4.9% (Table 2; 
Fig. S5). Manure application significantly increased available P content 
by 46.1% compared to the NPK treatment (Table 2; Fig. S5). Manure 
application and straw return increased the abundance of the functional 
genes of bpp by 3.1% and 2.1%, phoC by 3.3% and 20.3%, phoD by 1.3% 
and 3.5%, pqqC by 1.9% and 1.3% and gltA by 7.3% and 8.4%, respec
tively (Table 2; Fig. S4). The bacterial, fungal abundance and ratio of 
fungi to bacteria increased significantly in the fertilization treatment, 
especially in the manure application and straw return treatments 
(Table S4). However, DNA concentration did not show significant dif
ferences among different fertilization treatments (Table S3), with the 
minimum values in the Control.

The CV values of the proxy indicators related to the C cycle ranged 
from 8% to 36% and the corresponding values were 35–52% for the 
related functional genes of cbbL and GH31 (Table 2; Figs. S2 and S5). The 
CVs of the proxy indicators related to the N cycle, combining all treat
ments, ranged from 10% to 54%, strongly overlapped with the CV values 
(23–54%) of the functional microbial genes (Table 2; Figs. S3 and S5). 
Moreover, the CV values of the proxy indicators related to the P cycle, 
combined for all treatments (11–62%), overlapped with those of the 
microbial functional genes (23–62%) (Table 2; Figs. S4 and S5). In 
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general, all CVs of the functional genes across all treatments were >23%, 
and 62% of the soil proxy indicators had a CV ≤ 20%. Among the proxy 
indicators, soil respiration emission (23%), NO3

− N content (54%), NH4
+- 

N content (36%), and AP (62%) had relatively high CV values. The value 
of their corresponding functional genes were GH31 51%, B-amoA 54%, 
and phoC 63%, respectively. Within treatments the CV values of all C, N 
and P cycling gene were lower than those of their corresponding proxy 
indicators (Table S5). Furthermore, the standard deviations among 
treatments were greater than the standard deviations within field rep
licates for all of the microbial functional genes and proxy indicators 
(Table S5).

3.2. Correlations between the abundance of microbial functional genes 
and proxy indicators for element cycling

The Ordinary Least Squares (OLS) regression results showed positive 
relationships between the abundance of the carbon cycling gene cbbL 
and TC, SOC as well as POXC across all soil samples (Table 3). 
Furthermore, the abundance of the carbon cycling gene GH31 was 
positively related to the activities of the enzymes AG and soil respiration 
(Table 3) across all soil samples.

Regarding the functional genes in the N cycle, there were positive 
relationships between ureC, nifH, A-amoA, and B-amoA abundance and 
soil NO3

− -N content across all soil samples (Table 3). The nifH and chiA 
gene abundances were positively associated with TN content and NAG 

enzyme activity, respectively (Table 3). However, there was no signifi
cant correlation between gene ureC, nifH abundance and NH4

+-N con
tent. The abundances of narG, nirK, nirS and norB were only positively 
correlated with NO3

− -N content, but not with N2O emission (Table 3). 
The nosZ abundance was positively correlated with NO3

− -N content and 
N2O emission. The abundances of all P functional genes (bpp, phoC, 
phoD, qppC and gltA) were positively correlated with AP content. 
Moreover, phoC and phoD were positively correlated with the activities 
of ACP and ALP across all soil samples.

Most C and P cycling gene abundances remained positively corre
lated with soil proxy indicators across fertilization treatments after 
excluding the Control. The positive correlations between the C cycling 
gene cbbL and POXC were removed. Moreover, the positive correlations 
between the abundances of N genes (ureC, nifH, A-amoA, narG, nirK, 
nirS, norB, nosZ) and their proxy indicators (nitrate content and N2O 
emission) diminished after excluding the Control, while the positive 
correlations between nifH and total N, chiA and NAG, B-amoA and 
NO3–N content remained (Table S6).

3.3. Relationships among nutrient input, functional gene abundances, 
proxy indicators and maize yield

The carbon PLS-PM showed that straw carbon input increased the 
abundance of gene GH31 which was positively related to α-glucosidase 
activity (Fig. 1A). The increased α-glucosidase activity promoted CO2 

Table 2 
Descriptive statistics of soil proxy indicators and soil microbial functional gene abundances across different fertilizer treatments. Control, no fertilizer; NPK, chemical 
fertilizer; MNPK, manure with chemical fertilizer; NPKSW, chemical fertilizer with straw return; MNPK, manure with chemical fertilizer and straw return. Coefficients 
of variation (CV) were calculated as the ratio of the mean value of each indicator across all samples and their standard deviation at the experimental field level. F- and 
p-values are based on analysis of variance of different treatments.

Control NPK MNPK NPKSW MNPKSW CV F p

Soil proxy indicators
Carbon cycling
SOC (g kg− 1) 7.64 ± 0.39d 8.80 ± 0.28c 10.59 ± 0.63b 10.77 ± 0.59b 13.62 ± 0.63a 0.20 75.48 <0.001
TC (g kg− 1) 19.59 ± 0.64c 20.28 ± 0.45c 21.92 ± 1.52b 23.23 ± 1.08b 26.63 ± 0.81a 0.12 32.90 <0.001
POXC (g kg− 1) 0.33 ± 0.02c 0.41 ± 0.03b 0.45 ± 0.02 ab 0.49 ± 0.06 ab 0.48 ± 0.04a 0.15 12.78 <0.001
Soil respiration (g C kg− 1 d) 14.97 ± 1.67b 17.04 ± 2.95b 18.51 ± 3.14b 20.57 ± 6.21 ab 24.95 ± 1.67a 0.23 4.62 0.01
AG (nmol h− 1 g− 1) 9.56 ± 0.11b 9.95 ± 0.68b 10.06 ± 0.24b 11.03 ± 0.7a 11.47 ± 0.21a 0.08 38.20 <0.001
Nitrogen cycling
TN (g kg− 1) 1.55 ± 0.07c 1.66 ± 0.11bc 1.70 ± 0.07b 1.79 ± 0.09b 1.95 ± 0.12a 0.16 10.22 <0.001
NO3

− -N (mg kg− 1) 3.22 ± 0.89c 20.75 ± 8.44 ab 10.45 ± 3.3bc 25.42 ± 13.9a 17.51 ± 7.66 ab 0.54 8.23 0.001
NH4

+-N (mg kg− 1) 1.23 ± 0.76 ab 0.87 ± 0.2b 1.05 ± 0.33 ab 1.56 ± 0.07a 1.32 ± 0.36 ab 0.36 1.62 0.22
N2O (ug N kg− 1 d) 0.34 ± 0.01a 0.35 ± 0.02a 0.36 ± 0.03a 0.4 ± 0.06a 0.39 ± 0.04a 0.10 1.80 0.18
NAG (nmol h− 1 g− 1) 4.04 ± 0.54c 4.89 ± 0.71bc 5.13 ± 0.79a 4.24 ± 0.39bc 6.47 ± 0.63a 0.21 9.37 <0.001
Phosphorous cycling
AP (mg/kg) 1.98 ± 0.55bc 6.14 ± 1.31c 8.97 ± 2.71b 5.86 ± 1.45c 15.24 ± 2.77a 0.62 25.32 <0.001
ACP (nmol h− 1 g− 1) 15.29 ± 2.14c 17.97 ± 0.61b 19.17 ± 0.53 ab 19.50 ± 0.19 ab 20.40 ± 1.33a 0.11 11.06 <0.001
ALP (mg PNP h− 1 g− 1) 1.68 ± 0.54c 2.57 ± 0.09b 2.74 ± 0.08b 2.79 ± 0.03b 3.41 ± 0.42a 0.23 16.15 <0.00
Microbial functional genes
Carbon cycling
cbbL (log10 copies ng− 1 DNA) 3.51 ± 0.1c 3.56 ± 0.07c 3.69 ± 0.09b 3.77 ± 0.03b 3.9 ± 0.04a 0.35 18.63 <0.001
GH31(log10 copies ng− 1 DNA) 3.53 ± 0.1c 3.65 ± 0.09c 3.81 ± 0.04b 3.81 ± 0.15b 4.1 ± 0.08a 0.52 19.52 <0.00
Nitrogen cycling
A-amoA (log10 copies ng− 1 DNA) 3.18 ± 0.07c 3.43 ± 0.03a 3.36 ± 0.03 ab 3.37 ± 0.04 ab 3.28 ± 0.15bc 0.23 6.46 0.003
B-amoA (log10 copies ng− 1 DNA) 3.28 ± 0.07d 4.26 ± 0.05a 3.88 ± 0.03c 4.20 ± 0.06a 4.09 ± 0.05b 0.54 209.79 <0.001
ureC (log10 copies ng− 1 DNA) 4.35 ± 0.09d 4.61 ± 0.05bc 4.67 ± 0.05 ab 4.56 ± 0.05c 4.76 ± 0.06a 0.30 25.04 <0.001
nifH (log10 copies ng− 1 DNA) 3.69 ± 0.10b 3.71 ± 0.05b 3.87 ± 0.04a 3.83 ± 0.04a 3.93 ± 0.08a 0.25 8.86 <0.001
chiA (log10 copies ng− 1 DNA) 4.10 ± 0.14c 4.14 ± 0.07c 4.29 ± 0.05b 4.29 ± 0.05b 4.51 ± 0.07a 0.38 15.92 <0.001
narG (log10 copies ng− 1 DNA) 3.26 ± 0.05b 3.3 ± 0.05b 3.33 ± 0.06b 3.30 ± 0.03b 3.51 ± 0.08a 0.27 12.50 <0.001
nirK (log10 copies ng− 1 DNA) 3.53 ± 0.14c 3.73 ± 0.07b 3.85 ± 0.06 ab 3.79 ± 0.1 ab 3.89 ± 0.05a 0.29 9.53 <0.001
nirS (log10 copies ng− 1 DNA) 3.55 ± 0.04d 3.71 ± 0.07c 3.83 ± 0.04b 3.81 ± 0.09b 3.94 ± 0.06a 0.31 23.62 <0.001
norB (log10 copies ng− 1 DNA) 1.24 ± 0.09c 1.33 ± 0.11c 1.53 ± 0.04 ab 1.51 ± 0.05b 1.64 ± 0.09a 0.35 16.05 <0.001
nosZ (log10 copies ng− 1 DNA) 3.41 ± 0.07d 3.55 ± 0.06c 3.84 ± 0.02b 3.84 ± 0.05b 3.97 ± 0.05a 0.43 80.37 <0.001
Phosphorous cycling
bpp (log10 copies ng− 1 DNA) 4.16 ± 0.07c 4.21 ± 0.04c 4.34 ± 0.03 ab 4.30 ± 0.02b 4.40 ± 0.07a 0.23 14.63 <0.001
phoC (log10 copies ng− 1 DNA) 1.70 ± 0.07d 1.82 ± 0.11c 1.88 ± 0.04c 2.19 ± 0.05b 2.39 ± 0.04a 0.62 73.41 <0.001
phoD (log10 copies ng− 1 DNA) 3.63 ± 0.09d 3.97 ± 0.07c 4.02 ± 0.04bc 4.11 ± 0.07b 4.40 ± 0.06a 0.58 66.41 <0.001
pqqC (log10 copies ng− 1 DNA) 3.56 ± 0.13c 3.72 ± 0.05b 3.79 ± 0.04b 3.77 ± 0.05b 3.93 ± 0.07a 0.30 12.36 <0.001
gltA (log10 copies ng− 1 DNA) 2.70 ± 0.14c 2.74 ± 0.08c 2.94 ± 0.13b 2.97 ± 0.05b 3.15 ± 0.08a 0.43 13.35 <0.001

Annotation: TC: total carbon; SOC: soil organic carbon, POXC: permanganate oxidizable carbon; TN: total nitrogen; AP: available phosphorus; AG: α-1,4 glucosidase; 
NAG: β-N-acetylglucosaminidase; ALP: alkaline phosphatase; ACP: acid phosphatase.
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emissions. Manure and straw carbon input both increased POXC content 
which was positively correlated with the abundance of the cbbL gene. 
Furthermore, the abundance of the cbbL gene was positively linked to 
SOC content. The nitrogen PLS-PM indicated that organic fertilization 
increased SOC content which was positively correlated with the abun
dances of nifH, chiA and ureC genes (Fig. 1B). The abundance of the nifH 
gene was positively correlated with the B-amoA gene abundance. In 
contrast, the chiA gene abundance was negatively correlated with the B- 
amoA gene abundance. Inorganic N content was positively correlated 

with the ureC gene abundance which was positively correlated with the 
abundances of B-amoA and A-aomA genes. The abundance of B-amoA 
was significantly related to NO3–N content which positively affected 
yield (Fig. 1B). The nitrogen PLS-PM suggested that no direct relation
ship was found between inorganic N input and NO3

− -N or maize yield, 
but indirect effects through changes in the microbial community was 
observed on maize yield. The phosphorus PLS-PM indicated that organic 
inputs increased SOC content which showed significantly positive re
lationships with the abundances of gltA, phoC, phoD, pqqC and bpp. The 
abundances of phoD and phoC genes was positively correlated with the 
activities of ACP and ALP. ALP was positively correlated with maize 
yield but not with AP content (Fig. 1C). In contrast, there was a signif
icant relationship between ACP and AP content but not with maize yield. 
In contrast to the nitrogen PLS-PM, the phosphorous PLS-PM suggested a 
direct relationship between inorganic fertilizer input and yield.

Multiple regression and automated model selection showed that soil 
microbial functional genes explained 84.5% of the variation in maize 
yield (Table 4). The gene abundances of A-amoA, B-amoA, nosZ, phoD, 
qppC and GH31 were identified as important factors in explaining 
variation in maize yield. The model based on soil proxy indicators 
explained 69.3% of the variation in maize yield (Table S7). ALP, NO3

− -N 
and α-1,4 glucosidase activity were the main significant indicators 
explaining variations in maize yield. There were positive relationships 
between the abundances of A-amoA, B-amoA, nosZ, phoD, pqqC, GH31, 
the alkaline phosphatase activity, NO3

− -N content and α-1,4 glucosidase 
activity and maize yield (Table 5).

4. Discussion

4.1. Microbial functional genes are sensitive to fertilization

In line with our first hypothesis, higher variations were observed 
among treatments than within replicates for functional gene abun
dances, in particular the genes phoC, phoD, B-amoA, chiA, GH31 and 
cbbL, compared with their corresponding proxy indicators (Table 2). 
These results indicate that soil microbial functional genes tend to exhibit 
a greater degree of variability than proxy indicators in response to 
agricultural managements. Consistent with our results, Chinnadurai 
et al. (2014) observed that organic manure and chemical fertilizer 
affected the abundance of microbial functional genes (e.g., nifH and 

Table 3 
Relationship between microbial functional gene abundances and their corre
sponding proxy indicators associated with carbon, nitrogen, and phosphorus 
pools/cycling in fields with different fertilizer treatments. * indicates p < 0.05; 
** indicates p < 0.01, *** indicates p < 0.001, respectively.

Carbon ​ TC SOC POXC SR AG

cbbL 0.85*** 0.89*** 0.65*** NA NA
GH31 NA NA NA 0.71*** 0.85***

Nitrogen ​ NH4
+-N NO3

− -N TN NAG N2O 
emission

ureC − 0.13 0.6** NA NA NA
nifH 0 0.52* 0.63** NA NA
chiA NA NA NA 0.63** NA
A- 
amoA

NA 0.65** NA NA NA

B- 
amoA

NA 0.79*** NA NA NA

narG NA 0.45* NA NA 0.18
nirK NA 0.52* NA NA 0.39
nirS NA 0.66** NA NA 0.38
norB NA 0.55* NA NA 0.4
nosZ NA 0.61** NA NA 0.44

Phosphorus ​ AP ACP ALP ​ ​

bpp 0.81*** NA NA ​ ​
phoC 0.74*** 0.72*** NA ​ ​
phoD 0.85*** NA 0.87*** ​ ​
pqqC 0.79*** NA NA ​ ​
gltA 0.73*** NA NA ​ ​

Annotation: TC: total carbon; SOC: soil organic carbon, POXC: permanganate 
oxidizable carbon; SR: soil respiration; AG: α-1,4 glucosidase; TN: total nitrogen; 
NAG: β-N-acetylglucosaminidase; AP: available phosphorus; ACP: acid phos
phatase; ALP: alkaline phosphatase.

Fig. 1. Partial least squares path analysis for the effects of manure and straw carbon input on the carbon cycling process (A); and the effects of organic and inorganic 
nitrogen (B) and phosphorus (C) input on the nitrogen and phosphorus cycling process and crop yield, respectively. * indicates p < 0.05; ** indicates p < 0.01, *** 
indicates p < 0.001, respectively. Continuous and dashed lines indicate significant and nonsignificant relationships, respectively. R2 denotes the proportion of 
variance explained. SOC: soil organic carbon, POXC: permanganate oxidizable carbon; AG: α-1,4 glucosidase; CO2: soil respiration; AP: available phosphorus; ALP: 
alkaline phosphatase; ACP: acid phosphatase.
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A-amoA), but not the metabolic quotient. Xue et al. (2013) also found 
that the abundance of the narG gene involved in the denitrification 
process differed significantly between conventional and organic agri
cultural land, but the proxy indicator N2O emissions was not signifi
cantly affected. These results support the notion that the use of microbial 
functional genes has considerable potential for soil health assessment, as 
they show higher sensitivity to agricultural management practices than 
conventional measurements.

In the present study, fertilization significantly influenced microbial 
functional gene abundances (Table 2), which could be associated with 
changes in soil properties resulting from fertilization management 
practices. All C cycling genes (cbbL and GH31) in the organic fertiliza
tion and straw return treatment increased significantly compared with 
those in the NPK treatment (Table 2). SOC content and pH were 
important drivers of changes in the cbbL gene abundance (Qin et al., 
2021; Liao et al., 2020). Organic fertilization could provide essential 
nutrients and carbon to autotrophic bacterial communities, and these 
resources s would promote bacterial growth (Wang et al., 2021b). Soil 
pH in the current study ranged from alkaline to neutral, and was 
therefore favorable for microbial growth (Table S4). The increased 
abundance of GH31 in the NPK treatment may be ascribed to the un
balanced soil stoichiometry which leads to microbial carbon mining 
(Wei et al., 2020). The lower C/N ratio in the NPK treatment compared 
with that in the organic fertilization treatment indicates that carbon 
supply was the factor limiting microbial growth (Table S4). Conse
quentially, soil microbes may accelerate the breakdown of existing soil 
organic C to meet their metabolic needs (Chen et al., 2018).

Most N-cycling functional genes, especially the chiA gene, increased 

significantly in the organic fertilizer treatments and showed high vari
ations (Table 2). Soil pH and N content in the fertilization treatment 
were reported to be important factors affecting chiA abundance and 
community (Zhang et al., 2022). By contrast, B-amoA responded 
strongly to the NPK treatment (Fig. 1; Table S3), and this may be 
attributed to the preference of B-amoA for N-rich and high NH4

+ envi
ronments (Bei et al., 2018; Li et al., 2021; Kong et al., 2019). In addition, 
all P cycling genes increased in the fertilization treatment relative to the 
Control (Table 2). Genes phoC and phoD, which regulate soil organic P 
mineralization, showed higher variation than other functional genes and 
the proxy indicators. Genes phoC and phoD are sensitive to fertilization 
and are related to changes in soil parameters such as pH and C/N ratio 
(Fraser et al., 2017; Zheng et al., 2019), and this is supported by the 
present study (Fig. S6). The current results suggest that microbial 
functional genes offer a promising tool for the early detection of changes 
in microbial activities, which may not be easily detected by the use of 
conventional soil properties. For instance, genes involved in N cycling, 
such as chiA and B-amoA, showed strong responses to the fertilization 
treatments (Table 2). In contrast, soil N content which reflects the 
combined outcome of these processes cannot be used to distinguish 
different N cycling pathways, or to estimate the contributions of specific 
microbial guilds to nutrient cycling (He et al., 2018). It is proposed that 
the direct linkages between functional genes and key ecosystem pro
cesses allow them to be used as functionally based indicators that may 
reflect soil ecosystem health more accurately than the proxy indicators 
(Trivedi et al., 2013; Levy-Booth et al., 2014; Wilhelm et al., 2023). 
Overall, our findings underline the potential of targeting specific func
tional genes as reliable indicators for monitoring and managing soil 
health, offering a more sensitive and process-oriented approach to soil 
management in agricultural systems.

Notably, quantifying gene copy numbers per gram of soil is a 
straightforward and intuitive method. Soil DNA concentration was a 
powerful indicator for precise estimation of microbial biomass content 
in arid and semi-arid regions of northern China (Gong et al., 2021). 
However, total soil microbial DNA concentrations in different treat
ments may be potentially misleading, as they may overestimate the 
treatment effects on soil health (Carini et al., 2016). Here, soil microbial 
functions (but not total DNA concentration) changed significantly 
among the different fertilization treatments (Tables S3 and S4). These 
findings are consistent with those of Lennon et al. (2018), suggesting 
that total DNA concentration may not always be a sensitive indicator of 
shifts in microbial activities. Nevertheless, it serves as a useful normal
ization factor for gene copy number estimation, ensuring accurate 
comparisons of microbial functional dynamics across treatments (Gong 
et al., 2021). Thus, while total DNA concentration alone may not fully 
capture soil microbial functionality, its integration with functional gene 
quantification provides a more comprehensive assessment of soil health 
and microbial processes.

4.2. Microbial functional gene abundances are closely related to soil 
functions and maize yield

The soil functional potential mediated by microbes can be reflected 
by the abundance of microbial functional genes (Hu et al., 2021). 
Although bacterial and fungal abundances have been shown to correlate 
with various soil functions, such as C decomposition and sequestration 
(Bailey et al., 2002; Xu et al., 2015), these correlations remain relatively 
indirect compared to the direct role of functional genes encoding en
zymes involved in specific soil processes. They can serve as a bridge 
connecting functional microbial abundances to ecosystem functioning 
(Wang et al., 2022). In line with our second hypothesis, most microbial 
functional gene abundances were strongly correlated with their corre
sponding proxy indicators (C, N and P cycling/pool), even after 
excluding the Control (Table 3; Table S6). Consistent with our result, 
Hayden et al. (2010) and Hu et al. (2021) also found that microbial 
functional genes, such as such as nifH and B-amoA were positively 

Table 4 
Predicted model parameters for different soil microbial functional genes based 
on all-subsets procedure model selection process. All functional genes were 
divided by 103. The statistical test used is the F-test based on a one-sided test, 
and significant effects (p ≤ 0.05) denote the significance of the model parameter 
and are given in bold font. Model: R2 

= 84.52%, p < 0.001***.

Estimate Adjusted SE p weight

(Intercept) 5.96 1.96 ​ ​
A-amoA ¡2.78 1.24 0.02 0.67
A-aomB 0.32 0.13 0.02 0.90
nosZ 0.98 0.33 0.003 0.81
bpp − 0.27 0.23 0.24 0.46
phoD ¡39.17 16.88 0.02 0.76
pqqC 0.94 0.44 0.03 0.56
GH31 0.35 0.13 0.04 0.53
phoC − 0.07 0.21 0.72 0.15
gltA 1.60 2.09 0.44 0.09
narG − 2.95 1.61 0.07 0.30
norB − 110.00 166.90 0.51 0.14
ureC 0.13 0.08 0.09 0.24
chiA 0.06 0.16 0.69 0.08
nifH 0.16 0.55 0.77 0.07
nirS 0.65 0.57 0.25 0.12
nirK 0.13 0.40 0.75 0.06

Table 5 
Relationship between soil microbial functional gene abundances and proxy in
dicators (selected based on glmulti analysis, Table 4 and S6) and crop yield.

Soil indicator R p

Microbial functional gene A-amoA 0.54 0.01
B-amoA 0.83 <0.001
nosZ 0.72 <0.001
phoD 0.73 <0.001
pqqC 0.69 <0.001
GH31 0.59 0.006

Proxy indicator Alkaline phosphatase 0.71 <0.001
NO3

− -N 0.62 0.003
α-1,4 glucosidase 0.52 0.02
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correlated with their proxy indicators (total N and NO3
− -N content) in 

both managed and unmanaged land. The consistency of these findings 
across diverse environments suggests that microbial functional genes are 
robust biomarkers for assessing soil functional potential. Furthermore, 
the strong correlations between functional genes and proxy indicators, 
along with the results of PLS-PM and linear regression analyses, sug
gested mechanistic links between enhanced element cycling under 
fertilization treatments and maize crop yields (Fig. 1). These results 
further suggest that process-based selections of certain microbial func
tional genes are likely to drive changes in proximal indicators of soil 
functions, highlighting their potential as valuable indicators of soil 
functioning processes. Notably, microbial functional genes exhibited 
higher explanations for maize yield than those of the proxy indicators 
(Table 4; Table S7). The increase in maize yield in the fertilization 
treatments was associated with increased microbial activities and 
nutrient cycling (Fig. 1). This reinforces the interconnectedness of soil 
health and crop productivity. In fact, soil health has been found to be 
positively correlated with high crop productivity (Romero et al., 2024). 
These results underscore the potential of microbial functional genes for 
guiding soil health management strategies to increase agricultural 
productivity.

Aligned with our third hypothesis, organic inputs increased the 
abundance of microbial functional genes related to carbon and nutrient 
cycling, thereby enhancing soil functioning and contributing to high 
maize yields (Fig. 1; Table 4). Manure and straw contain active C sources 
for microbial growth, increasing the cbbL gene abundance involved in 
the carbon-fixing process. This increase was positively correlated with 
the increase in total organic C content (Fig. 1A). In addition, The GH31 
gene, which is responsible for the decomposition of xyloglucan and 
xylan (Yuan et al., 2008), showed increased abundance in the straw 
return treatment (Fig. 1A). The results indicate that organic amend
ments can enhance microbial activities and carbon utilization. The 
positive relationships between GH31 and α-glucosidases, the enzyme 
that catalyzes the degradation of organic matter (Fig. 1A), further 
reinforce the role of these genes in carbon cycling and CO2 evolution.

Compared to the NPK only treatment, organic fertilization signifi
cantly increased the abundances of nifH, chiA and ureC genes that are 
part of the N cycles. The nifH gene is involved in biological nitrogen 
fixation and converts atmospheric nitrogen into ammonia (Ladha et al., 
2022). This aligns with previous studies suggesting that organic 
amendments can promote N-fixing bacteria, thereby increasing N 
availability in the soil (Ghadimi et al., 2021). In adition, the increase in 
chiA, a gene associated with N mineralization, indicates that organic 
fertilization may enhance the breakdown of organic N compounds 
(Lindsay et al., 2010). The positive correlation between chiA abundance 
and β-N-acetylglucosaminidase enzyme activity (Table 3) indicate that 
organic fertilizers may stimulate specific microbial processes involved in 
N cycling. The ureC gene, which encodes for urease and is responsible for 
converting urea into ammonia (Zhang et al., 2023), showed increased 
abundance in both organic and NPK only treatments. In contrast, the 
abundance of B-amoA but not A-amoA was significantly associated with 
a higher soil NO3

− -N content (Fig. 1B). These results indicate that change 
in B-amoA is a key microbial response to inorganic N inputs while ureC 
appears to be a universal microbial response to N input regardless of 
fertilization type.

All P functional genes were positively related to proxy indicators. 
However, PLS-PM showed that only phoD encoding alkaline phosphatase 
was positively correlated with maize yield. ACP, which was positively 
related to the gene phoC, was positively related to available P content 
but not with maize yield (Fig. 1C). These results emphasize the com
plementary roles of phoC and phoD in the mineralization of organic P 
under different fertilization treatments (Karl and Björkman, 2015; Liu 
et al., 2023). Notably, pqqC, a key biomarker of microbial inorganic P 
solubilization (Wang et al., 2023b), also exhibited positive correlations 
with available P and maize yield (Tables 3 and 5). These results provide 
evidence that functional genes can reflect the underlying microbial 

processes driving soil health and functions, enhancing the predictive 
power of conventional soil indicators.

Functional genes such as ureC and B-amoA play important roles in 
enhancing N availability and soil fertility, their activities can also con
nected with potential environmental disservices. The increased abun
dance of B-amoA may increase the risk of nitrate leaching and 
groundwater contamination. In addition, although no significant cor
relations were found between the abundances of A-amoA and B-amoA 
with N2O emission (Table S8), their impacts on soil health is context- 
dependent (Robertson and Vitousek, 2009; Norton and Ouyang, 
2019). While the outcome of nitrification is to provide available N to 
plants, attention should also be paid to its environmental impact. 
Practices that balance the nitrification rates to optimize nutrient avail
ability while minimizing greenhouse gas emissions are critical for sus
tainable soil management. Furthermore, the abundances of the 
functional genes narG, nirK, nirS, norB and nosZ which are involved in 
the denitrification process, showed significant positive correlations with 
NO3

− -N content (Fig. S2). Denitrification is a process in which NO3
− -N 

serves as an alternative electron acceptor for microorganisms, resulting 
in the reduction of NO3

− -N to N2 gas and the provision of energy to 
microbes (Burgin et al., 2007). A higher NO3

− -N concentration is 
considered to be a strong inducer of transcription of nir and nor, leading 
to an increased abundance of denitrification genes (Wallenstein et al., 
2006). However, inconsistent with previous results, a strong positive 
correlation between nosZ and N2O emission were found, whereas a 
negative relationship is usually reported (Itakura et al., 2013; Shaaban 
et al., 2018). This discrepancy suggests that the activity of nitrous oxide 
reductase, encoded by nosZ, plays a critical role in N2O emissions, rather 
than merely the presence or abundance of the nosZ gene itself (Liu et al., 
2014; Wertz et al., 2016). Such insights highlight the importance of 
incorporating RNA-based methods to measure transcriptional activity, 
providing a more comprehensive mechanistic understanding of N2O 
emissions (Butterly et al., 2016; Wertz et al., 2016). Moreover, we only 
examined the transformation of NO3

− -N pools at maturity. However, 
NO3

− -N concentrations can vary substantially over time as a result of 
environmental factors, microbial activity and plant uptake (Laverman 
et al., 2000). A one-time measurement may have drawbacks for the 
accurate reflection of the temporal dynamics of soil N supply levels. 
Additionally, the denitrification process requires the participation of 
multiple functional genes which are interconnected, making it difficult 
to use only one gene as a proxy for denitrification (Philippot et al., 
2007). Future research should explore the dynamic changes in order to 
improve predictions of N availability and crop yield, thus supporting 
better soil management decisions.

5. Conclusion

Our results showed that fertilization significantly affected the 
abundance of soil microbial functional genes involved in C, N and P 
cycling. Most functional genes, in particular phoC, phoD, B-amoA, chiA, 
GH31 and cbbL showed higher variability among treatments and lower 
variability among replicates within treatments than their corresponding 
proxy indicators, indicating that functional genes were more responsive 
to fertilization than the selected proxy indicators for soil functioning. 
Furthermore, regression analysis showed that microbial functional gene 
abundances and the corresponding proxy indicators were strongly 
correlated. Partial least squares path analysis showed that the organic 
fertilization increased soil microbial functional gene abundances, 
especially GH31, cbbL, chiA, B-amoA, phoC, and phoD, which promoted 
the C sequestration and decomposition, N mineralization, ammonia 
oxidation and P cycling process, producing positive effects on maize 
yield. These microbial functional genes offer a more detailed under
standing of soil functions than conventional proxy indicators due to 
their more direct and specific relationship with the underlying 
biochemical processes. The results strongly endorse that the use of 
functional genes that can serve as crucial biomarkers for understanding 
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the complex dynamics of soil processes and as indispensable biological 
indicators for assessing soil health.

CRediT authorship contribution statement

Jiyu Jia: Writing – original draft, Visualization, Methodology, 
Investigation, Data curation, Conceptualization. Ron de Goede: Writing 
– review & editing, Visualization, Methodology, Conceptualization. 
Yizan Li: Writing – review & editing, Formal analysis. Jiangzhou 
Zhang: Investigation, Conceptualization. Guangzhou Wang: Writing – 
review & editing, Supervision, Data curation, Conceptualization. Jun
ling Zhang: Writing – review & editing, Writing – original draft, Su
pervision, Data curation, Conceptualization. Rachel Creamer: Writing 
– review & editing, Writing – original draft, Visualization, Supervision, 
Formal analysis, Data curation, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Acknowledgements

This study was funded by the National Key Research and Develop
ment Program of China (2022YFD1901301). J.Y. Jia was supported by 
the China Scholarship Council (No. 201913043).

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.soilbio.2025.109768.

References

Anderson, D.R., 2007. Model Based Inference in the Life Sciences: a Primer on Evidence. 
Springer Science and Business Media.

Bailey, V.L., Smith, J.L., Bolton Jr, H., 2002. Fungal-to-bacterial ratios in soils 
investigated for enhanced C sequestration. Soil Biol. Biochem. 34, 997–1007.

Bei, S., Zhang, Y., Li, T., Christie, P., Li, X., Zhang, J., 2018. Response of the soil 
microbial community to different fertilizer inputs in a wheat-maize rotation on a 
calcareous soil. Agric., Ecosyst. Environ. 260, 58–69.

Bell, C.W., Fricks, B.E., Rocca, J.D., Steinweg, J.M., McMahon, S.K., Wallenstein, M.D., 
2013. High-throughput fluorometric measurement of potential soil extracellular 
enzyme activities. J. Visualized Exp. 81, e50961.

Bender, S.F., Wagg, C., van der Heijden, M.G., 2016. An underground revolution: 
biodiversity and soil ecological engineering for agricultural sustainability. Trends in 
Ecology & Evolution 31, 440–452.

Bhaduri, D., Sihi, D., Bhowmik, A., Verma, B.C., Munda, S., Dari, B., 2022. A review on 
effective soil health bio-indicators for ecosystem restoration and sustainability. 
Frontiers in Microbiology 13, 938481.

Burgin, A.J., Hamilton, S.K., 2007. Have we overemphasized the role of denitrification in 
aquatic ecosystems? A review of nitrate removal pathways. Frontiers in Ecology and 
the Environment 5, 89–96.

Butterly, C.R., Phillips, L.A., Wiltshire, J.L., Franks, A.E., Armstrong, R.D., Chen, D., 
Mele, P.M., Tang, C., 2016. Long-term effects of elevated CO2 on carbon and 
nitrogen functional capacity of microbial communities in three contrasting soils. Soil 
Biol. Biochem. 97, 157–167.

Calcagno, V., de Mazancourt, C., 2010. glmulti: an R package for easy automated model 
selection with (generalized) linear models. J. Stat. Softw 34, 1–29.

Cardoso, E.J.B.N., Vasconcellos, R.L.F., Bini, D., Miyauchi, M.Y.H., Santos, C.A.D., 
Alves, P.R.L., Paula, A.M., Nakatani, A.S., Pereira, J.M., Nogueira, M.A., 2013. Soil 
health: looking for suitable indicators. What should be considered to assess the 
effects of use and management on soil health? Sci. agric. 70, 274–289.

Carini, P., Marsden, P.J., Leff, J.W., Morgan, E.E., Strickland, M.S., Fierer, N., 2016. Relic 
DNA is abundant in soil and obscures estimates of soil microbial diversity. Nat. 
Microbiol. 2, 1–6.

Chen, L., Liu, L., Mao, C., Qin, S., Wang, J., Liu, F., Blagodatsky, S., Yang, G., Zhang, Q., 
Zhang, D., Yu, J., Yang, Y., 2018. Nitrogen availability regulates topsoil carbon 
dynamics after permafrost thaw by altering microbial metabolic efficiency. Nature 
Communications 9, 3951.

Chinnadurai, C., Gopalaswamy, G., Balachandar, D., 2014. Long term effects of nutrient 
management regimes on abundance of bacterial genes and soil biochemical 
processes for fertility sustainability in a semi-arid tropical Alfisol. Geoderma 232, 
563–572.

Colloff, M.J., Wakelin, S.A., Gomez, D., Rogers, S.L., 2008. Detection of nitrogen cycle 
genes in soils for measuring the effects of changes in land use and management. Soil 
Biol. Biochem. 40, 1637–1645.

Creamer, R.E., Barel, J.M., Bongiorno, G., Zwetsloot, M.J., 2022. The life of soils: 
integrating the who and how of multifunctionality. Soil Biol. Biochem. 166, 108561.

Doran, J.W., Zeiss, M.R., 2000. Soil health and sustainability: managing the biotic 
component of soil quality. Applied Soil Ecology 15, 3–11.

Dos Santos, P.C., Fang, Z., Mason, S.W., Setubal, J.C., Dixon, R., 2012. Distribution of 
nitrogen fixation and nitrogenase-like sequences amongst microbial genomes. BMC 
Genomics 13, 1–12.

Fan, K., Delgado-Baquerizo, M., Zhu, Y.G., Chu, H., 2020. Crop production correlates 
with soil multitrophic communities at the large spatial scale. Soil Biol. Biochem. 151, 
108047.

Fisher, K.A., Yarwood, S.A., James, B.R., 2017. Soil urease activity and bacterial ureC 
gene copy numbers: effect of pH. Geoderma 285, 1–8.

Fraser, T.D., Lynch, D.H., Gaiero, J., Khosla, K., Dunfield, K.E., 2017. Quantification of 
bacterial non-specific acid (phoC) and alkaline (phoD) phosphatase genes in bulk 
and rhizosphere soil from organically managed soybean fields. Applied Soil Ecology 
111, 48–56.

Ghadimi, M., Sirousmehr, A., Ansari, M.H., Ghanbari, A., 2021. Organic soil amendments 
using vermicomposts under inoculation of N2-fixing bacteria for sustainable rice 
production. PeerJ 9, e10833.

Gong, H., Du, Q., Xie, S., Hu, W., Akram, M.A., Hou, Q., Dong, L., Sun, Y., Manan, A., 
Deng, Y., Ran, J., Deng, J., 2021. Soil microbial DNA concentration is a powerful 
indicator for estimating soil microbial biomass C and N across arid and semi-arid 
regions in northern China. Applied Soil Ecology 160, 103869.

Griffiths, B.S., Bonkowski, M., Roy, J., Ritz, K., 2001. Functional stability, substrate 
utilisation and biological indicators of soils following environmental impacts. 
Applied Soil Ecology 16, 49–61.
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