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A B S T R A C T

Intensive agriculture can impair soil quality and threaten the provision of critical soil ecosystem services. Organic 
cropping systems aim to ensure sustainable production by promoting soil biodiversity to enhance soil functioning 
and regulate nutrient cycling through microbial processes. While taxonomic changes in microbial community 
composition in response to agricultural management are well described, there is still a fundamental knowledge 
gap when it comes to the impact of cropping system on soil functional diversity. Therefore, we revisited the 42- 
year-old DOK field experiment and used shotgun metagenomics to assess the metabolic potential and nutrient 
cycling capacities in organic and conventionally managed soils. The functional annotation of 11.4 billion reads to 
universal (EC, SEED), as well as carbon (CAZy), nitrogen (NCycDB) and phosphorus (PCycDB) cycling gene 
ontologies showed that manure fertilization was the main factor altering soil metabolic potential. But also, 
organic management practices, such as omission of synthetic pesticides and mineral fertilization induced changes 
in soil metabolic potential e.g. by enriching functional genes involved in organic phosphorus acquisition, nitrate 
transformation, organic degradation and non-hydrolytic carbohydrate cleavage. Conventional systems, receiving 
mineral fertilization and chemical plant protection, enriched genes associated with inorganic nutrient acquisition 
and transcriptional activity. The results of this study demonstrate that cropping systems influence the functional 
potential of soils, affecting fundamental mechanisms of nutrient cycling and thus soil regulating capacity. 
Consequently, cropping systems can be utilized to steer the regulating potential of agricultural soils and to lower 
the environmental impact of food systems.

1. Introduction

Soil is a complex ecosystem essential for agricultural production. In 
recent decades, the intensification of agricultural practices to improve 
food production has resulted in the increased use of agrochemicals and 
demand for land (Zhang et al., 2021; Potapov et al., 2022). This has led 
to several detrimental environmental impacts, including biodiversity 
loss, natural ecosystem eutrophication, higher greenhouse gas emissions 
and the degradation of soil quality (Foley et al., 2005; Tilman et al., 
2011; IPBES, 2019; IPCC, 2023). The primary challenge for the agri-
cultural sector is to ensure the security of food supplies for a growing 
population while reducing the environmental impact of food produc-
tion. As agricultural soils provide vital ecosystem services, the proper 
stewardship of soil, which entails the maintenance and harnessing of soil 

functions, represents a cornerstone of sustainable agriculture (Adhikari 
and Hartemink, 2016). While external inputs may compensate for soil 
provisioning services, soil regulating and supporting services mainly 
rely on biological processes that are intrinsically linked to the concept of 
soil quality and soil health (Bünemann et al., 2018; Lehmann et al., 
2020).

Due to its focus on soil biodiversity and mitigation of environmental 
impacts, organic cropping systems have gained increasing interest as a 
viable alternative to high-input conventional farming (Mäder et al., 
2002; Seufert and Ramankutty, 2017), despite lower yields (Seufert 
et al., 2012; Knapp and van der Heijden, 2018; de la Cruz et al., 2023). 
Since organic cropping renounces the use of mineral fertilizers and 
synthetic plant protection inputs, nutrient supplies are based on sys-
temic approaches such as integrating livestock and utilizing biological 
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nitrogen fixation through legumes. Yet, covering crop demand for 
phosphorus remains a challenge, especially for organic cropping systems 
that rely on organic phosphorus sources and thus microbial phosphorus 
solubilization in soils (Oberson and Frossard, 2015; Oberson and Fros-
sard, 2015; Oberson and Frossard, 2015; Oberson and Frossard, 2015).

Long-term field experiments are the backbone of agricultural 
research since they deliver crucial insights in agronomic production and 
environmental impacts of cropping systems. The DOK experiment 
(bioDynamic, bioOrganic and Konventionell (German for conventional) 
is the world’s oldest field experiment comparing organic and conven-
tional cropping in a system comparison approach since 1978 (Mäder 
et al., 2002). Following a system approach, inputs of organic matter and 
nitrogen differ between systems. Highest fertilizer inputs in the mixed 
conventional system did not significantly change soil organic carbon 
contents or soil nitrogen stocks over 42 years (Krause et al., 2022; 
Oberson et al., 2024). Conversely, organic cropping systems demon-
strated the capacity to maintain or even enhance soil carbon contents 
and nitrogen stocks despite 15% and 45% lower average organic matter 
and nitrogen inputs in organic systems compared to conventional sys-
tems, respectively (Krause et al., 2022; Oberson et al., 2024). Given that 
differences in soil carbon and nitrogen contents cannot be attributed to 
the quantity of organic matter inputs alone, it was hypothesized that 
microbial capacity to cycle carbon in the various cropping systems 
represents a significant factor influencing long-term trends in soil 
organic carbon contents and soil organic matter fractions (Mayer et al., 
2022). In addition, unexpectedly high nitrogen use efficiencies were 
observed in the cropping systems of the DOK experiment, which sug-
gests that most soil nitrogen becomes plant-available over the long term 
(Oberson et al., 2024). In organic cropping systems, the microbial ca-
pacity to mineralize organically bound nitrogen is vital to ensure crop 
nutrition due to the absence of mineral fertilizers. The meeting of crop 
phosphorus requirements in organic systems also relies on microbial 
activity. While soil phosphorus stocks did not differ between organic and 
conventional systems after 42 years, the 36% reduction in phosphorus 
inputs in organic systems and the consistently negative phosphorus 
balances observed in all systems receiving organic fertilizer (Krause 
et al., 2024), reinforce the dependence of organic cropping systems on 
microbial capacity for phosphorus mobilization. These observations call 
for an in-depth analysis of the functional potential of soils for nutrient 
cycling in response to long-term organic cropping practices.

It is commonly acknowledged that agricultural management causes 
structural and chemical changes in the soil, ultimately impacting mi-
crobial habitats and diversity (Hartmann and Six, 2023). Indeed, all 
cropping systems in the DOK experiment show distinct bacterial and 
fungal communities and the amendment of farmyard manure was 
identified as main driver of these differences (Hartmann et al., 2015), 
next to fertilization intensity (Lori et al., 2023). Yet, there is a funda-
mental knowledge gap when it comes to linking microbial taxonomic 
diversity with community functioning (Louca et al., 2018). The fact that 
taxonomically distinct organisms can share similar metabolic pathways 
calls for a gene-centric approach to disentangle the effects of the crop-
ping system on the metabolic potential of the soil microbiome, which is 
dominated by uncultivated and undescribed taxa (Banerjee and van der 
Heijden, 2023). Various ontologies have been developed for classifying 
functional genes, for example, based on enzymatic reactions (EC 
(Bairoch, 2000);) or hand-curated subsystems (SEED (Overbeek et al., 
2014);). More recently, specific databases focusing on genes encoding 
for carbohydrate active enzymes (CAZy (Drula et al., 2022);), nitrogen 
cycling (NCycDB (Tu et al., 2019);) and phosphorus cycling (PCycDB 
(Zeng et al., 2022);), facilitate the targeting of regulatory capacities for 
nutrient cycling in agriculturally managed soils.

Therefore, this study revisited the DOK long-term system comparison 
field experiment to i) assess the influence of organic and conventional 
cropping systems on the soil metabolic potential and nutrient cycling 
capacity by comparing compositional differences in functional genes 
and ii) identify functional genes and gene classes associated with 

specific cropping systems to better understand long-term changes in 
carbon, nitrogen and phosphorus stocks. We hypothesized that the in-
puts of complex organic matter in organic and integrated conventional 
cropping systems will modify carbon, nitrogen and phosphorus cycling 
capacities by increasing the abundance of functional genes associated 
with the degradation of complex compounds compared to purely min-
erally fertilized or unfertilized systems.

2. Materials and methods

2.1. Field experiment

The DOK long-term field experiment is located in Therwil, 
Switzerland (47◦30′N; 7◦32′E; 306 m above sea level) on a haplic luvisol 
with 15 % sand, 70 % silt and 15 % clay. The climate is mild with a mean 
annual temperature of 10.5 ◦C and mean annual precipitation of 842 
mm. The field experiment was established in 1978 and compares two 
organic – one bioorganic (BIOORG) and one biodynamic (BIODYN) – 
with two conventional systems – a mixed conventional (CONFYM) and a 
mineral conventional (CONMIN) – and an unfertilized control 
(NOFERT). The CONFYM system mimics integrated production systems 
with farmyard manure and mineral fertilizer, while the CONMIN system 
is purely based on mineral fertilizers without any organic inputs 
(Table 1). All systems follow a seven-year crop rotation with maize 
followed by green manure, soy, winter wheat followed by green manure, 
potatoes, winter wheat and two years of grassclover. The field plots (5 ×
20 m) are arranged as a randomized split–block design with four repli-
cates of each treatment and crop, and three temporally shifted parallels 
(Fig. S1). The systems BIODYN, BIOORG and CONFYM mimic mixed 
arable-livestock systems, and receive farmyard manure corresponding to 
1.4 LU (livestock units) per hectare. Similar crop rotations and stocking 
densities in organic and conventional systems are rooted in typical farm 
structure of the region with a high share of mixed arable-livestock sys-
tems. Manure inputs in these systems differ in terms of manure pro-
cessing strategy with increasing storage time and aeration effort from 
CONFYM < BIOORG < BIODYN. Briefly, CONFYM receives stacked 
manure, BIOORG rotten manure, and BIODYN composted manure. 
CONMIN receives exclusively mineral fertilizers and might better 
represent conventional intensive agriculture than CONFYM at a global 
scale. Organic fertilization in CONFYM is complemented with mineral 
nitrogen, phosphorus and potassium inputs according to Swiss fertil-
ization recommendations (Table 1). As manure nutrients are assumed to 
be only partly plant-available, CONFYM receives the highest total in-
puts. (Table 1). Quantities of organic matter, nitrogen and phosphorus 
inputs via manures, slurries and mineral sources are listed in Supple-
mentary Table S1. Plant protection in BIOORG and BIODYN is mainly 
done mechanically except from copper-sulphate application during po-
tato cultivation in BIOORG, and the use of Bacillus thuringiensis subsp. 
Tenebrionis against Colorado beetles (Leptinotarsa decemlineata). In the 
CONFYM and CONMIN, synthetic fungicides, herbicides and in-
secticides are applied if the economic thresholds are surpassed to 
comply with the regional standard of integrated production. The BIO-
DYN system additionally receives biodynamic preparations, while 
growth regulators are used for wheat in CONMIN and CONFYM. 
Consequently, the organic systems, BIOORG and BIODYN differ in 
manure processing and the additional use of copper sulphate in BIOORG 
and biodynamic preparations in BIODYN. The conventional systems 
CONFYM and CONMIN differ mainly in the fertilization strategy, with 
mineral fertilization only in CONMIN and organic fertilization supple-
mented with mineral sources in CONFYM. Details on the implementa-
tion and management of the DOK experiment can be reviewed in Krause 
et al. (2020).

2.2. Soil sampling

Soil sampling was conducted in spring 2019 during winter wheat 
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cultivation after the sixth crop rotation period. Bulk soil samples were 
taken to a depth of 20 cm as composite samples (12 cores per field plot of 
5 m × 20 m) from 4 replicated plots per treatment in subplot C (Fig. S1). 
Sampling was performed three times with T1 on February 26, T2 on 
April 8 and T3 on April 15. The first samples were taken before the 
vegetation period, after the winter rest. Subsequently, the second and 
third sampling dates were scheduled to capture the first fertilization 
during winter wheat cultivation (sown on October 11, 2018). Homog-
enized soil samples were immediately transported to the laboratory in 
cooling boxes, sieved to 5 mm and stored at − 20 ◦C. Fertilization of 
winter wheat with calcium-ammonium-nitrate (CONMIN; 70 and 30 kg 
N ha− 1, CONFYM 40 and 30 kg N ha− 1) and slurry (BIOORG 35 and 20 
m3 ha− 1, BIODYN 25 and 23 m3 ha− 1) was performed on March 13 and 
April 9.

2.3. DNA extraction and sequencing

Soil samples were lyophilized and a subsample of 400 mg was used 
for DNA extraction using the NucleoSpin 96 Soil kit (Machery-Nagel, 
Dürren, Germany) with the SL2 + Enhancer SX lysis buffer according to 
the manufacturer’s instructions. DNA extraction was done in technical 
duplicates and pooled after extraction, yielding a total of 60 samples (5 
cropping systems x 4 field replicates x 3 time points). Library prepara-
tion and paired-end sequencing (PE150) on an Illumina NovaSeq 6000 
was done at the Génome Québec Innovation Centre (Montreal, Canada) 
according to the sequencing guidelines provided by Illumina and yielded 
11, 448, 283,174 individual reads with a total of 1729 Gigabases. 
Metadata and raw sequences have been deposited in NCBI’s Sequence 
Read Archive (PRJNA924160).

2.4. Sequencing data processing

All 60 samples were processed individually. First, the raw sequence 
data was quality checked with FastQC v0.11.9 (Andrews, 2012), and 
Illumina adapters and poly-G/N tails trimmed with FASTP v0.22.0 (Chen 
et al., 2018). Low-complexity reads were filtered with PRINSEQ v0.20.4 
(Schmieder and Edwards, 2011) and phi X 174 removed with USEARCH 
v9.2.64 (Edgar, 2010). The remaining reads were then quality filtered 
using VSEARCH v2.21.1 (Rognes et al., 2016), and dereplicated with 
idseq-dedup v0.1.0 (Zuckerberg, 2022). DNA sequencing yielded 1.73 
Tb raw data in total of which 1.35 Tb remained after pre-processing. The 
pre-processed reads were assembled into contigs with minimum contig 
length 200 bp using MEGAHIT v1.2.9 (Li et al., 2015). Putative open 
reading frames were inferred by Prodigal v2.6.3 (Hyatt et al., 2010), and 
reported as protein-coding nucleotide sequences and translated into 
amino acid sequences. Then, pre-processed reads were mapped to 

putatively protein-coding genes (nucleotide sequences) with Bowtie2 
v2.4.1 (Langmead and Salzberg, 2012) and the mapping statistics 
extracted using Samtools v1.15 (Li et al., 2009; Danecek et al., 2021). 
The mapping statistics were appended to the fasta headers of the amino 
acid sequences of predicted genes, which were subsequently aligned to 
NCBI’s non-redundant (nr) database of protein-coding genes (O’Leary 
et al., 2016; Agarwala et al., 2018) (download: April 26, 2022) using 
DIAMOND v2.0.15 (Buchfink et al., 2021) with the expect value set to 
10− 5 and taxon search space restricted to archaea and bacteria. 168 Gb 
contributed to contig assembly with a mean contig N50 of 464 bp 
(minimum contig length cut-off set to 200 bp). Within these contigs, 422 
million genes were predicted with a total length of 151 Gb to which 
pre-processed reads were mapped with Bowtie2. DIAMOND could align 
360 Mio genes to the nr database. Hits were annotated with the tool 
daa-meganizer from the Community Edition of MEGAN v6.23.0 and 
MEGAN map Feb2022 (Huson et al., 2016), which includes mappings to 
the classification systems EC (Gough et al., 2001) and SEED (Overbeek 
et al., 2014), among others. Of these, a total of 125 Mio genes could be 
assigned to 4229 distinct terms (or accession numbers) in EC and 101 
Mio genes assigned to 789 terms in SEED. Genes involved in carbohy-
drate, nitrogen and phosphorus metabolism were annotated more 
explicitly using resources from CAZy/dbCAN (Huang et al., 2018; Drula 
et al., 2022), NCycDB (Tu et al., 2019) and PCycDB (Zeng et al., 2022), 
respectively. In brief, CAZy (20220608), NCycDB (100_2019Jul) and 
PCycDB (20220317) sequence data was downloaded and prepared for 
DIAMOND alignments. Predicted genes were then aligned to these ref-
erences using DIAMOND with the expect value set to 10− 5. Mapping 
statistics were extracted from annotated genes and result tables for 
statistical analysis were produced on the base of absolute mapping 
counts and normalized mapping counts based on transcripts per million 
(TPM). Key metrics of the final dataset can be reviewed in Table S2 and 
details on the bioinformatics pipeline, including in-house Shell- and 
Python scripts are deposited on GitLab (https://gitlab.com/rcmuelle 
r/dok-metagenome).

2.5. Soil quality indicators

To link functional gene structure with soil quality, plot specific data 
on soil quality indicators were retrieved from Krause et al. (2022) and 
included in the statistical analysis. The samples for this study originate 
from the first sampling campaign (T1) and were subjected to biogeo-
chemical analysis. In brief, microbial biomass carbon and nitrogen was 
determined via chloroform fumigation extraction, and basal soil respi-
ration was quantified in a sealed incubation system including acid traps 
and subsequent titration. Labile carbon (poxC) was determined fluoro-
metrically after oxidation with permanganate. Soil organic carbon and 

Table 1 
Management details of the DOK cropping systems and mean annual inputs (across crop rotation period 2–6) of organic matter, total and mineral nitrogen, phosphorus 
and potassium.

Farming system NOFERT BIODYN BIOORG CONFYM CONMIN

Plant protection
Weeds mechanical weeding mechanical weeding and herbicides
Diseases indirect indirect, 

copper to potatoes
fungicides

Pests bio-control, plant extracts, preventive measures insecticides and preventive measures
Special treatments biodynamic preparations – plant growth regulators
Mean annual plant protection inputs (kg/ha * yr)
active ingredient equivalents – 0.09 0.33 2.83 2.83
Fertilizer type
Organic inputs – composted farmyard manure, slurry rotted farmyard 

manure, slurry
stacked farmyard 
manure, slurry

–

External inputs – rock dust rock dust, K and Mg mineral NPK fertilizer
Mean annual fertilizer inputs (kg/ha * yr)
Organic matter – 1911 2032 2314 –
Total nitrogen – 93 96 171 121
Mineral nitrogen – 26 30 113 121
Phosphorus – 24 24 37 38
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nitrogen contents were determined via dry combustion and soil total 
phosphorous contents were quantified with the ignition method. Soil 
carbon, nitrogen and phosphorous stocks were calculated using 
plot-specific soil masses of the 0–20 cm layer, based on bulk densities 
assessment with steel cylinders (n = 5).

2.6. Statistical analysis

Statistical analyses were conducted in R v4.2.0.1 and RStudio 
v2023.03.0 + 386, and plots were created using the ggplot2 package 
v.3.4.0 (Wickham Hadley, 2016) unless indicated otherwise. The PHY-

LOSEQ package v.1.42.0 (McMurdie and Holmes, 2013) was used to 
combine TPM-normalized count data with hierarchical levels of each 
classification system and experimental metadata. Before multivariate 
analysis, genes occurring in less than 10 % of the samples were removed 
from the dataset to reduce data sparsity (Cao et al., 2021). Between 90 % 
(EC) and 99 % (PCycDB) of genes were kept for further statistical 
analysis (Table S3). Effects of cropping systems, experimental plot and 
sampling time on soil metabolic potential were assessed via permuta-
tional multivariate analysis of variance (PERMANOVA) (Anderson, 
2001) based on Bray-Curtis dissimilarities using the ADONIS 2 function of 
the VEGAN package v.2.6.4 (Oksanen et al., 2012) with 104 permutations 
restricted to field blocks. To visualize the impact of experimental factors 
on soil metabolic potential, a canonical analysis of principal coordinates 
(Anderson and Willis, 2003) was performed using the CAPdiscrim 
function implemented in the BiodiveristyR package v.2.15.1 (Kindt and 
Coe, 2005) constraining for cropping system as the most decisive factor 
of the PERMANOVA analysis. Biplots with soil quality indicators 
correlating with the projections of the ordination were calculated using 
the ENVFIT function of the VEGAN package (Oksanen et al., 2012)and dis-
played when R2 > 0.5 and p < 0.001. P-values were corrected for 
multiple testing via Benjamini-Hochberg.

Indicator genes associated with one or multiple cropping systems 
were identified using a correlation-based indicator species analysis 
based on TPM normalized data, independently of time point of sam-
pling. Site-group combinations, as implemented in the MULTIPATT function 
of the INDICSPECIES package v.1.7.12 (De Cáceres and Legendre, 2009), 
were enabled with 104 permutations. Adjustments for multiple testing 
were performed using false discovery rate correction with Q-VALUES 

(Storey and Tibshirani, 2003) implemented in the R package QVALUE 

v.2.30.0 (Storey and Bass, 2023). For visualization of the cropping sys-
tem – gene relationships, a bipartite network was generated using 
Cytoscape v.3.9.1 (Shannon et al., 2003) with genes as target nodes, 
cropping systems as source nodes, and association strengths (correla-
tion-based indicator value) as connecting edges (Hartmann et al., 2015). 
An edge-weighted (indicator value) spring-embedded algorithm (Alle-
gro Fruchterman–Reingold layout) was used to visualize treatment-gene 
associations with q-values <0.001 for all classification systems and 
additionally, r2 > 0.6 for SEED, PCycDB and CAZy, and r2 > 0.7 for EC.

To quantify the relative change in gene abundances, TPM- 
normalized data was aggregated for each level in each classification 
system, independently of time point of sampling. Subsequently, a uni-
variate PERMANOVA was conducted to test for significant effects of 
cropping system based on Euclidean distance matrices followed by q- 
value correction. Aggregated read counts were z-transformed using the 
scale function of base R and treatment-specific means, and standard 
errors for the highest levels of each classification category were visual-
ized along sums of read counts and means for organic (BIODYN, BIO-
ORG) and conventional (CONFYM, CONMIN) systems.

3. Results

3.1. Soil carbon, nitrogen and phosphorus stocks

The patterns observed in soil carbon and nitrogen stocks were 
similar, with the highest stocks occurring in the BIODYN treatment, 

followed by the BIOORG and CONFYM treatments. The CONMIN 
treatment exhibited significantly diminished carbon and nitrogen stocks 
in comparison to BIODYN and BIOORG. However, the stocks observed in 
CONFYM and BIOORG did not show a statistically significant difference. 
The lowest carbon and nitrogen stocks were identified in the unfertilized 
NOFERT treatment. A similar trend was observed for phosphorus stocks 
in CONMIN, which exhibited significantly lower levels compared to 
BIODYN and CONFYM. Nevertheless, the stocks observed in all fertilized 
systems did not differ significantly from one another. (Fig. 1).

3.2. Effects of cropping systems on functional gene composition

Bioinformatic analyses resulted in 862, 866, 139 (EC) and 698, 337, 
731 (SEED) mapped reads to genes annotated in universal ontologies 
without any bias of cropping systems (Table S4). Cropping systems 
consistently altered the composition of functional genes with nuanced 
differences between ontologies, explaining 43–50% of the observed 
variance (Table 2). Since no interaction between cropping systems and 
temporal variability in the spring season was observed, indicative genes 
and gene classes were assessed independently of time point of sampling 
(Table 2). For universal ontologies, the compositional differences were 
mainly driven by the input of farmyard manure with NOFERT and 
CONMIN being most dissimilar from BIODYN, BIOORG, and CONFYM 
(Fig. 2). Other system-specific management practices, which essentially 
distinguish organic from conventional systems, had a smaller effect on 
functional gene composition, but still distinguished systems receiving 
mineral fertilizers and pesticides (CONMIN, CONFYM) from those 
without such inputs (BIODYN, BIOORG, NOFERT). (Fig. 2). The data 
also showed a compositional gradient within farmyard manure-based 
systems, mirroring the intensification of manure pre-processing, 
ranging from stacked manure in CONFYM to rotten manure in BIO-
ORG and composted manure in BIODYN (Fig. 2, Table 1). Ultimately, 
each cropping system harboured a compositionally unique metagenome 
(Table S5).

Apart from the cropping systems, functional gene composition was 
also affected by temporal and spatial variability (Table 2). Temporal 
variability across the spring vegetation phase explained only 2–4% of 
the observed variance, indicating minor short-term effects on functional 
gene composition despite system-specific management practices like 
fertilization and mechanical weeding in the organic systems. Plot- 
specific soil quality indicators, such as labile carbon contents (perman-
ganate oxidizable organic carbon - poxC), microbial biomass carbon 
(Cmic), nitrogen (Nmic), system-specific nitrogen fertilizer and plant 
protection inputs highly correlated with functional gene composition 
across all ontologies (Fig. 2 and Tables S6 and S7).

3.3. Cropping system-sensitive genes and gene classes

The identification of functional traits strongly depends on system-
atics and hierarchies of gene annotation and clustering to functional 
gene classes. The EC ontology follows a mechanistic annotation 
approach with 7 gene classes at the highest hierarchical level, corre-
sponding to essential enzymatic reactions (Bairoch, 2000). Transferases 
were the most abundant gene class and most abundant in the unfertil-
ized system NOFERT (Fig. 3c). Lyases and Oxidoreductases were enriched 
in BIOORG and BIODYN, while Ligases, Isomerases, Translocases, and 
Hydrolases, were enriched in the conventional systems CONMIN and 
CONFYM (Fig. 3b). Bipartite gene-association networks show annotated 
genes that were enriched in one or more cropping systems at the lowest 
hierarchical level and facilitate the visualization of shared enrichment of 
genes between cropping systems. For EC, BIODYN and BIOORG, as well 
as CONMIN and NOFERT, shared a diverse set of indicative genes, while 
CONFYM was placed in between and shared genes with both clusters 
(Fig. 4a, supplement data S1).

The SEED ontology is based on expert-curated subsystems with 13 
gene classes on the highest level (Overbeek et al., 2014). Most reads 
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were recovered for the Metabolism gene class, followed by Energy and 
Protein processing (Fig. 3f). Differential abundance of the second hier-
archical level of these gene classes are shown in Fig. S2. Genes in the 
classes RNA processing, Cellular processes and Protein processing were 
enriched in conventional systems, while the gene classes Metabolism, 
DNA Processing and Miscellaneous were more abundant in organic sys-
tems (Fig. 3e). Within the Metabolism gene class, a higher abundance of 
genes involved in iron, phosphorus, nitrogen and carbon cycling were 
found in the organic systems. Gene classes associated with nucleotide 
and amino acid metabolism followed a similar pattern (Fig. S2e). 
Indicative genes classified within the Protein processing subsystem 

showed a strong association with CONMIN and CONFYM (Fig. 4b) and 
CONMIN and CONFYM were enriched in functional genes associated 
with Protein Synthesis (Fig. S2h). Functional gene abundance of the En-
ergy gene class showed no difference between organic and conventional 
systems (Fig. 3e), but was especially low abundant in NOFERT (Fig. 3d). 
On the second hierarchical level of the Energy gene class, NOFERT, 
CONMIN, and to a lesser extent CONFYM, showed enriched genes 
associated with Respiration, while organically fertilized systems, espe-
cially BIOORG and BIODYN were enriched in genes associated with 
Energy and Precursor Metabolite Generation (Fig. S2b). Indicative genes of 
the Energy gene class, were mainly linked with aerobic citric acid cycling 

Fig. 1. Mean topsoil (0–20 cm) carbon, nitrogen and phosphorus stocks in spring 2019. Carbon and nitrogen stocks are based on measurements in all subplots (n =
12), while phosphorus stocks are based on measurements in subplot C (n = 4). Posthoc tukey letter indicate significant difference at p < 0.05.

Table 2 
Effects of cropping systems, experimental plot and temporal variability on functional gene composition as assessed by universal (EC and SEED) and specific (CAZy, 
NCycDB and PCycDB) ontologies. Effects of main factors and their interactions were assessed by multivariate permutational analysis of variance (PERMANOVA) based 
on Bray-Curtis dissimilarities retrieved from of TPM-normalized gene counts. Values indicate the explained variance (R2), the F-ratio (F), and the level of significance 
(P). P-values marked in bold show significant effects at p < 0.05

EC SEED CAZy NCycDB PCycDB

Df R2 F P R2 F P R2 F P R2 F P R2 F P

Cropping System (CS) 4 0.49 32.81 >0.001 0.50 40.70 >0.001 0.53 39.80 >0.001 0.53 48.13 >0.001 0.53 36.40 >0.001
Experimental plot 15 0.32 5.74 >0.001 0.35 7.64 >0.001 0.30 6.06 >0.001 0.34 8.19 >0.001 0.28 5.25 >0.001
Temporal variability 

(TV)
2 0.03 3.61 0.003 0.02 4.08 0.004 0.03 3.99 0.002 0.03 5.03 0.002 0.03 4.99 0.003

CS * TV 8 0.04 1.39 0.128 0.04 1.56 0.079 0.03 1.25 0.202 0.02 1.08 0.380 0.04 1.55 0.055
Residuals 30 0.11   0.09   0.10   0.08   0.11  

Fig. 2. Canonical Analysis of Principal Coordinates (CAP) based on Bray-Curtis dissimilarities retrieved from TPM-normalized gene counts constrained by the factor 
cropping system across all three sampling time points. Ordinations are shown for (a) EC and (b) SEED ontologies. The overall reclassification success rate is provided 
within the plot titles in brackets. Correlating environmental variables are shown for R2 > 0.5 and p < 0.001, and include microbial biomass carbon (Cmic) and 
nitrogen (Nmic), total soil nitrogen (Ntot), soil organic carbon (SOC), permanganate-oxidizable carbon (poxC), system-specific total nitrogen fertilization (mean.fertN. 
input) and input of active ingredient equivalents for plant protection (mean.plant.protection.input), respectively. Amendment of farmyard manure mainly discerns 
cropping systems along CAP 1 axis while external input of nitrogen and synthetic plant protection differentiates systems along CAP 2. T1, T2 and T3 refer to soil 
sampling on February 26th, April 8th and April 15th, 2019, respectively.
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and associated with systems that received farmyard manure, namely 
CONFYM, BIOORG, and BIODYN (Fig. 4b–supplement data S2). Shared 
indicative genes from the SEED ontology cluster BIOORG and BIODYN, 

as well as NOFERT and CONMIN, while CONFYM ranged in between 
(Fig. 4b).

Fig. 3. Relative change in gene class abundance at the highest classification level for EC (a–c) and SEED (d–f) classifications based on z-transformed TPM data, 
independently of time point of sampling. The effect of cropping systems is shown in panels (a) and (d) while the effect of organic (ORG: BIODYN + BIOORG) versus 
conventional (CON: CONFYM + CONMIN) management is shown in panels (b) and (e). The mean and standard error is plotted along with the significance of effects 
quantified by PERMANOVA and marked as *** for p < 0.001, ** for p < 0.01 and * for p < 0.05. The distribution of read counts per gene class is shown in panels (c) 
and (f).

Fig. 4. Bipartite association network of genes indicative for specific cropping systems or system combinations for (a) EC and (b) SEED classification systems, 
independently of time point of sampling. Diamond-shaped nodes represent cropping systems, circle-shaped nodes represent associated genes and edges show sig-
nificant positive associations (q-values >0.001, and R2 > 0.7 and R2 > 0.6, for EC and SEED, respectively) between the cropping systems and genes as derived from 
indicator species analysis. An edge-weighted spring-embedded algorithm was applied to construct the networks with edges weighted according to the association 
strength. Colors show gene classes at the highest level of hierarchical clustering, while node sizes depict the relative abundance of functional genes. N= NOFERT, D 
= BIODYN, O = BIOORG, K = CONFYM, M = CONMIN. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version 
of this article.)
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3.4. Impact of cropping systems on nutrient cycling genes

Bioinformatic analyses yielded 336, 154, 893 (CAZy), 28, 998, 516 
(NCycDB), and 114, 994, 738 (PCycDB) mapped reads to genes anno-
tated to nutrient-specific ontologies without any bias of cropping sys-
tems (Table S4). All cropping systems showed significantly different 
compositions of carbon, nitrogen and phosphorus cycling genes, with 
slight differences between the ontologies (Fig. 5, Table S5). Amendment 
of farmyard manure was the main factor differentiating NOFERT and 
CONMIN from BIODYN, BIOORG and CONFYM, especially for CAZy 
(Fig. 5a).

CAZy distinguishes between six families of carbon cycling enzymes, 
out of which Glycoside Hydrolases and Glycosyl Transferases showed the 
highest read counts and were also significantly enhanced in conven-
tional systems, CONFYM and CONMIN, as well as in the unfertilized 
control NOFERT (Fig. 6b). Genes associated with Carbohydrate Binding 
Modules and Polysaccharide Lyases were principally enriched in the 
organic systems BIODYN and BIOORG, but also NOFERT showed higher 
abundances of Polysaccharide Lyases compared to conventional systems 
(Fig. 6a and b). Genes associated with Auxiliary Activities were similarly 
enriched in all farmyard manure-receiving systems and showed the 
lowest abundances in NOFERT (Fig. 6a). Network analysis of indicative 
CAZy genes showed a close clustering of BIODYN and BIOORG, and the 
highest number of genes associated with only one cropping system in 
NOFERT (Fig. 7a). Interestingly, a cluster of indicative genes annotated 
as Carbohydrate Binding Modules was shared among the organic systems 
BIODYN and BIOORG, and the unfertilized system NOFERT, which 
might serve as an indicator for the absence of conventional management 
with mineral fertilizers and pesticides, next to enriched levels of Poly-
saccharide Lyases.

NCycDB differentiates between eight distinct nitrogen cycling pro-
cesses, with the majority of read counts associated with the broad 
category of Organic degradation and Synthesis, followed by Denitrification 
and Assimilatory nitrate reduction (Fig. 6f). Organic cropping enriched 
genes for Denitrification, Annamox, and Dissimilatory and Assimilatory 
nitrate reduction, while genes involved in Nitrogen fixation and Organic 
degradation and Synthesis were enriched in the conventional systems 
(Fig. 6e). Although indicative genes for Nitrification showed that bacte-
rial amoA genes were more strongly associated with CONMIN and 
CONFYM, and archaeal amoA genes were more strongly linked to BIO-
DYN, BIOORG and CONFYM (Fig. 7b), the overall abundances of nitri-
fying genes were low and did not differ between organic and 
conventional cropping systems (Fig. 6e).

PCycDB distinguishes between 12 gene classes, out of which the Two 

component system and the purine metabolism were the most abundant 
followed by Transporters, Pyrimidine metabolism and pentose phosphate 
pathway (Fig. 6i). Distinct functional gene structure between organic and 
conventional systems in phosphorus cycling were driven by enriched 
gene classes associated with Purine and Pyridine metabolism and Oxida-
tive phosphorylation in the conventional systems, and especially CON-
MIN. Genes associated with the Pentose phosphate pathway, organic 
phosphoester hydrolysis and the Two-component systems were more 
abundant in the organic systems BIODYN and BIOORG compared to the 
conventional systems CONFYM and CONMIN. The Two-component sys-
tems was especially enriched in NOFERT (Fig. 6g), while Pyruvate meta-
bolism and Transporters were depleted in this system. The functional gene 
phoRPB, which is associated with the Two component system and in-
dicates orthophosphate limitation, was indicative of NOFERT (Fig. 7c). 
Yet, the highly abundant phoB was also associated to the organic sys-
tems, as well as the functional gene pstD, which is linked to ortho-
phosphate uptake and thus counteracts phosphor limitation. Indicative 
genes of the PCycDB, such as nucleic acid binding pur genes, suggest a 
higher affinity to purine metabolism in conventional systems. In 
contrast, a stronger affinity to organic phosphoester hydrolysis in organic 
systems was driven by enriched phoADX genes, which encode for alka-
line phosphatases.

4. Discussion

4.1. Cropping systems alter soil metabolic potential

Agriculturally managed soils provide key services for food produc-
tion and regulation of nutrient cycles (Adhikari and Hartemink, 2016). 
Consequently, the appropriate management of soil and the advancement 
of sustainable cropping systems that preserve soil functionality repre-
sents a key challenge for the agricultural sector. This study demonstrates 
that the soil metabolic potential and thus soils capacity to provide key 
services is influenced by organic and conventional cropping systems. 
While distinct bacterial and fungal community composition (Hartmann 
et al., 2015) and microbial phenotypes (Esperschütz et al., 2007) have 
been previously described in the DOK experiment, here we focus on the 
holistic assessment of functional genetic resources to narrow the 
knowledge gap between microbial diversity and function, and to iden-
tify enriched genes in response to long-term organic and conventional 
cropping.

The overall pattern in soil metabolic potential, as described by the 
functional annotation to EC and SEED, was found to be clearly distin-
guishable for each cropping system. This was particularly evident in the 

Fig. 5. Canonical Analysis of Principal Coordinates (CAP) based on Bray-Curtis dissimilarities retrieved from TPM-normalized gene counts constrained by the factor 
cropping system across all three sampling time points. Ordinations are shown for (a) CAZy, (b) NCycDB and (c) PCycDB ontologies. The overall reclassification 
success rate is provided within the plot titles in brackets. Correlating environmental variables are shown for R2 > 0.5 and p < 0.001, and include microbial biomass 
carbon (Cmic) and nitrogen (Nmic), total soil nitrogen (Ntot), soil organic carbon (SOC), permanganate-oxidizable carbon (poxC), system-specific total nitrogen 
fertilization (mean.fertN.input) and input of active ingredient equivalents for plant protection (mean.plant.protection.input), respectively. T1, T2 and T3 refer to soil 
sampling on February 26th, April 8th and April 15th, 2019, respectively.
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case of farmyard manure receiving systems BIODYN, BIOORG and 
CONFYM, which exhibited notable differences from CONMIN and 
NOFERT. However, the management practices that distinguish organic 
from conventional systems, such as inputs of mineral nitrogen fertilizer 
and synthetic plant protection products, were also identified as impor-
tant drivers for the observed differences in the soil metabolic potential. 
The apparent gradient in soil metabolic potential within the farmyard 
manure receiving systems, from BIODYN to BIOORG to CONFYM, 
probably reflects system-specific manure processing and storage. The 
quality of manure has been demonstrated to modulate soil carbon dy-
namics, especially of the particulate organic matter fractions, which are 
closely linked to soil microbial metabolism (Mayer et al., 2022). 
Furthermore, strong correlations have been observed between the soil 
metabolic potential and soil quality indicators related to carbon and 
nitrogen, such as microbial biomass carbon and nitrogen, soil organic 
carbon, total nitrogen and poxC. These findings substantiate the pivotal 
role of organic matter mineralization in shaping the metabolic potential 
of the soil microbiome.

Despite different management interventions such as fertilization 
during the spring sampling period, the temporal effects on soil metabolic 
potential remained subordinate and less decisive compared to spatial 
effects and the long-term impact of cropping systems. This is consistent 
with a recent study, in which seasonal variability had lesser impact 
compared to the influence of soil sampling location, as analysed by a 

metagenome assembled genome approach (Orellana et al., 2018). 
However, as DNA extraction did not differentiate between living and 
deceased cells, relic DNA could have contributed to the detected soil 
metabolic potential across different time points (Carini et al., 2016). 
Therefore, the observed soil metabolic potential may partly comprise 
the legacy effect of agricultural history, possibly masking the short-term 
effect induced by fertilization.

4.2. Cropping systems affect cycling of exogenous nutrients and cellar 
processes

Gene classification systems offer insights into the functional poten-
tial of microbial communities depending on the hierarchical levels of 
gene classes. While the SEED ontology uses hand-curated subsystems to 
group functional genes, the EC ontology follows a mechanistic classifi-
cation approach, meaning that enzymes catalysing the same reaction 
might originate from different organisms and differ in their genetic code, 
but will still be assigned to the same EC number (Bairoch, 2000).

The augmented capacity for carbohydrate, nucleotide and amino 
acid metabolism in organically fertilized systems, as observed within the 
SEED Metabolism subsystems, lends support to the notion of a metabolic 
adaptation to exogenous organic matter sources. Furthermore, a higher 
capacity for iron and phosphate metabolism under organic management 
was observed (Figs. S2d and e). Since iron is recognized as a redox- 

Fig. 6. Relative change in gene class abundance at the highest classification level for CAZy (a–c). NCycDB (d–f) and PCycDB (g–i) classifications based on z- 
transformed TPM data, independently of time point of sampling. The effect of cropping systems is shown in panels (a), (d) and (g) while the effect of organic (ORG: 
BIODYN + BIOORG) versus conventional (CON: CONFYM + CONMIN) management is shown in panels (b), (e) and (h). The mean and standard error is plotted along 
with the significance of effects quantified by PERMANOVA and marked as *** for p < 0.001, ** for p < 0.01 and * for p < 0.05. The distribution of read counts per 
category is shown in panels (c), (f) and (i).
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Fig. 7. Bipartite association network of genes indicative for specific cropping systems or system combinations for (a) CAZy, (b) NCycDB and (c) PCycDB classification 
systems, independently of time point of sampling. Diamond-shaped nodes represent cropping systems, circle-shaped nodes represent associated genes, and edges 
show significant (q-values >0.001 and R2 > 0.6) positive associations between the cropping systems and genes as derived from indicator species analysis. An edge- 
weighted spring-embedded algorithm was applied to construct the networks with edges weighted according to the association strength. Colors show gene classes at 
the first level of hierarchical clustering, while node sizes depict relative abundance of functional genes. Node labels correspond to gene classifications according to 
CAZy, NCycDB and PCycDB (Tu et al., 2019; Drula et al., 2022; Zeng et al., 2022). N = NOFERT, D = BIODYN, O = BIOORG, K = CONFYM, M = CONMIN.
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sensitive transition element that is closely associated with other 
elemental cycles (Kappler et al., 2021), this observation is consistent 
with elevated levels of Oxidoreductases, as categorized by the EC 
ontology. Genes encoding Oxidoreductases and Lyases were found to be 
more abundant in organic cropping systems and Lyases catalyse 
non-hydrolytic elimination reactions, which often result in the forma-
tion of new double bonds or ring structures. The shift from high hy-
drolase abundance in CONMIN and NOFERT towards the enrichment of 
Lyases in the systems receiving farmyard manure (CONFYM, BIOORG 
and BIODYN) implies a fundamental alteration in organic matter 
decomposition mechanism from hydrolytic towards non-hydrolytic 
carbohydrate processing upon exogenous organic matter input. Inter-
estingly, genes associated with Stress response, defense and virulence were 
also enriched in systems receiving farmyard manure, which suggests 
that organic inputs raise stress on the indigenous soil community, 
possibly through enhanced competition of introduced microbes or sub-
stances that induce additional pressure on cell functioning. However, 
this hypothesis needs further clarification, e.g., by studying microbial 
compositions in organic fertilizers and their fate upon soil application.

In contrary, predictive gene classes for the minerally fertilized sys-
tems point towards accelerated cell metabolism and transcriptional ac-
tivity with enriched capacity for Cellular processes, RNA processing and 
Protein processing, according to the SEED ontology (Fig. 3d and e). For 
the latter, indicative functional genes were mainly assigned to Protein 
synthesis on the second annotation level, which points towards a higher 
capacity for de-novo protein synthesis in conventional systems likely due 
to higher nitrogen inputs. Higher shares of Isomerases and Translocases in 
the conventional systems indicate reinforced isomeric modification and 
active transport of molecules through cell membranes. Together with 
the increased abundance of Ligases, which catalyse the energy- 
demanding formation of covalent bonds, indicative enzyme classes for 
conventional systems associate with molecule uptake and raised cellular 
energy demands through ligase activity. This is well in line with the 
observation that the ratio of copiotrophic to oligotrophic bacteria 
declined from CONFYM to BIOORG and BIODYN, based on a previous 
taxonomic identification (Lori et al., 2023). Yet, significantly lower 
microbial biomass carbon in conventional compared to organic systems 
of the DOK experiment (Krause et al., 2022) questions the direct trans-
lation of protein synthesizing capacity into microbial growth.

4.3. Organic fertilization induces shifts in carbohydrate cycling capacities

The CAZy ontology facilitates identification of gene classes that are 
responsive to cropping systems and offers a mechanistic insight in 
changes of carbon metabolism to understand distinct soil organic carbon 
stocks after 42 years of management. Carbohydrate Binding Modules are 
involved in the non-catalytic binding of complex carbohydrates such as 
starch, pectin and cellulose, and support catalytic modules such as 
Polysaccharide Lyases, Glycoside Hydrolases or Auxiliary Activities (Guillén 
et al., 2010). Polysaccharide Lyases describe a rather narrow functional 
group of enzymes with high dependency on Carbohydrate Binding Mod-
ules (Garron and Cygler, 2014). Indeed, both gene classes showed 
enriched abundances in organic systems, indicating an enhanced ca-
pacity for processing of rather complex organic carbon compounds. Both 
gene classes well reflect differences in soil organic carbon stocks be-
tween the fertilized systems, but high levels of Polysaccharide Lyases in 
NOFERT also suggests nutrient limited conditions for favor high abun-
dances of Polysaccharide Lyases (Fig. 6a and b). However, abundances of 
Carbohydrate Binding Modules best reflected the observed trends in soil 
organic carbon between cropping systems with highest abundances in 
BIODYN, followed by BIOORG and CONFYM. Although not being 
catalytically active, Carbohydrate Binding Modules have the ability to 
target their parent proteins to specific carbohydrate substrates and thus 
might serve as indicator for the quality of long-term organic matter in-
puts. Also, Enzymes encoded by Auxiliary Activities contain redox-active 
enzymes that are related to lignocellulose conversion, and are therefore 

crucial for the degradation of complex organic matter compounds 
(Levasseur et al., 2013). Yet, genes associated with Auxiliary Activities 
were equally enriched in all systems receiving organic inputs, namely 
CONFYM, BIOORG and BIODYN, and could thus serve as an indicator for 
the legacy of organic fertilization.

Furthermore, fundamentally distinct catalytic capacities were 
observed between organic and conventional systems. Non -hydrolytic 
carbohydrate processing capacity via Polysaccharide Lyases was enriched 
in organically fertilized systems, in contrast to higher capacity for hy-
drolytic cleavage of carbohydrates via Glycoside Hydrolases in conven-
tional system. The functionally diverse gene class of Glycoside Hydrolases 
utilizes water to catalyse the hydrolysis of glycosidic bonds, forming 
mostly hemiacetal sugars and aglycons (Vocadlo and Davies, 2008). 
Together with Glycosyl Transferases, Glycoside Hydrolases form the ma-
chinery for the breakage and synthesis of glycosidic bonds, which also 
includes binding of nitrogen-containing amino groups. The relative 
enrichment of both gene classes in conventional systems pinpoint a 
higher capacity to process low-complexity carbohydrates and amino 
bonds.

The functional differences observed in carbohydrate-active enzymes 
between organic and conventional cropping systems demonstrate the 
presence of distinct carbon cycling mechanisms. These mechanisms 
appear to favor glycoside cycling in conventional systems and an 
enhanced capacity to bind and degrade complex lignocellulose com-
pounds in the organically fertilized systems, particularly in the BIOORG 
and BIODYN systems.

4.4. Organic cropping system enhance capacity for nitrate cycling

Nitrogen fertilization is a major driver of yields and across the five 
main crops winter wheat, grassclover, maize soybean and potato, yields 
in organic systems were 15% lower than in conventional systems (Knapp 
et al., 2023). Due to the absence of mineral nitrogen fertilization, soil 
nitrogen cycling is especially crucial for organic systems. Despite lower 
inputs organic systems maintained or raised soil nitrogen stocks, which 
suggest distinct nitrogen cycling capacities between cropping systems. 
The high share of genes that associated with the broad category of 
Organic degradation and Synthesis underpin the importance of the soil 
organic nitrogen pool and the critical role of soil microbes in the 
assimilation and mineralization of organic nitrogen compounds. The 
abundance of genes related to Organic degradation and Synthesis is 
inversely proportional to long-term trends in soil nitrogen stocks 
(Oberson et al., 2024). Indicative genes for the conventional systems of 
this gene class, such as gs_K00265 (glt) and gdh_15,371 (Fig. 7b), encode 
for glutamate synthase and glutamate dehydrogenase (Tu et al., 2019) 
and point towards enhanced mineral nitrogen assimilation, mainly 
regulated through enhanced ammonium availability. This may be 
directly related to the continuous mineral fertilization with calcium 
ammonium sulphate, which stimulates the microbial capacity to take up 
ammonia for biosynthesis. In addition, the nmo gene encode for nitro-
nate monooxygenase, and showed which is crucial for detoxifying 
nitroalkanes (Torres-Guzman et al., 2021) was also observed as an 
indicative gene for herbicide resistance in plants (Gaines et al., 2014). 
While this suggests that herbicide inputs in conventional systems 
induced the enrichment of nmo genes, NOFERT also showed a high 
abundance of nmo despite never receiving synthetic plant protection 
inputs (Fig. 7b). Although this gene contributes to the observed differ-
ences in nitrogen cycling capacity between organic and conventional 
systems, its possible functions remain manifold and to be uncovered 
(Torres-Guzman et al., 2021).

Genes associated to the highly abundant gene classes Assimilatory 
nitrate reduction were enriched in organic systems, which indicate a 
greater potential for retaining nitrogen within the soil system. Especially 
the high abundance of the nasA gene (Fig. 7b), which encodes for a ni-
trate transporter (Ogawa et al., 1995), suggests an increased genetic 
capacity for selective nitrate acquisition in organic systems, which might 
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be driven by the need to cope with nitrogen-limiting conditions, and 
possibly contributes to the mitigation of nitrate leaching.

Abundance of nitrifying genes did not differentiate between organic 
and conventional cropping systems, but indicative genes coding for 
nitrification suggest taxonomic niche separation for archaeal and bac-
terial nitrifiers. This is in line with in-depth studies on ammonia 
oxidation kinetics showing that bacterial nitrifiers benefit from mineral 
nitrogen sources, while archaeal nitrifiers thrive on organic nitrogen 
sources (Martens-Habbena et al., 2009). In addition, cropping systems 
were recently identified as an important driver for a distinct community 
structure of ammonia oxidisers and their response to drought in the DOK 
experiment (Bintarti et al., 2025). The highest share of genes encoding 
for Nitrogen fixation was observed in the purely mineral-fertilized 
CONMIN and the unfertilized NOFERT systems (Fig. 6d), However, it 
needs to be noted that, symbiotic nitrogen fixation during grassclover 
and soy cropping was lower in CONMIN (99 kg N ha− 1 yr− 1) compared 
to CONFYM (117 kg N ha− 1 yr− 1), BIOORG (119 kg N ha− 1 yr− 1) and 
BIODYN (122 kg N ha− 1 yr− 1) (Oberson et al., 2024). Since nitrogen 
fixation of free living nitrogen fixers is estimated not to exceed 20 kg N 
ha− 1 yr− 1 (Cleveland et al., 2022), it seems evident that the proliferation 
of nitrogen-fixing microbes is enhanced during symbiotic living stages, 
which cannot be addressed comprehensively with the analysis of bulk 
soil within this study.

Genes associated with Denitrification were enriched in the manure- 
receiving systems BIOORG, BIODYN and CONFYM, which corresponds 
well to the need for carbon sources for this heterotrophic process (Fig. 6e 
and f). Denitrification drives the loss of gaseous nitrogen species from 
the soil system, and especially high abundances of nirK, nirB and norB 
(Fig. 7b) suggest enhanced formation of the greenhouse gas nitrous 
oxide by facilitating nitrite and nitric oxide reduction. Although these 
genes were highly abundant in all organically fertilized systems, nitrous 
oxide emissions in a grassclover-maize-green manure cropping sequence 
were lowest in BIODYN, and the highest emissions were found in 
CONFYM (Skinner et al., 2019). While highest nitrogen inputs in 
CONFYM can be considered as the most important driver for this 
observation, also cropping system induced differences in soil pH were 
shown to affect nitrous oxide production and reduction rates (Krause 
et al., 2017). This highlights that the soil genetic potential not neces-
sarily reflects actual gene expression or process rates and the metabolic 
potential of the soil ultimately needs to be harnessed by agricultural 
management.

4.5. Phosphorus cycling as affected by cropping systems

In organic systems, the provision of phosphorus is particularly 
challenging as the high reliance on biological nitrogen fixation in 
organic farms often cannot be stoichiometrically balanced with phos-
phorus rich organic fertilizers and thus is often associated with phos-
phorus export (Reimer et al., 2020). In conventional systems, plant 
phosphorus requirements are met directly by mineral inputs, which fa-
vours phosphorus cycling processes associated with Pyrimidine and Pu-
rine metabolism. Both classes of genes are involved in the formation of 
DNA and RNA, and their metabolites provide cells with energy and 
support their survival and proliferation. This observation is well in line 
with the increased capacity for RNA and protein processing in the 
conventional system as identified by the SEED ontology (Fig. 3d and e), 
and further underscores a trend towards increased cellular activity 
resulting from conventional soil management. However, DNA process-
ing and nucleotide processing was enhanced in organic fertilized sys-
tems (Figs. S2d and e), which indicates that enhanced pyrimidine and 
purine metabolism in conventional systems rather aligns with RNA 
processing but not with DNA metabolism.

While long-term nitrogen requirements in organic cropping systems 
are secured by nitrogen-fixing legumes, there is a lack of organic fer-
tilizers capable of balancing crop nitrogen and phosphorus re-
quirements. However, the effect of lower phosphorus inputs in organic 

systems could be partly compensated by increased phosphatase activity, 
which cleaves organically bound phosphorus and makes it potentially 
available for plant uptake. This hypothesis is supported by higher 
abundances of functional genes related to the Pentose phosphate pathway 
and Organic phosphoester hydrolysis in the organic system (Fig. 6g and h). 
In particular, the alkaline phosphatase encoding gene phoAXD indicates 
a higher potential for phosphorus acquisition from organic sources 
(Fig. 7c), which is in good agreement with the observed higher activity 
of alkaline phosphatases in the soils of the DOK experiment (Krause 
et al., 2022). Also, distinct community structure of arbuscular mycor-
rhizal fungi between CONMIN and BIODYN, coupled with a higher 
abundance of in BIODYN, was recently observed in the DOK experiment 
(Kundel et al., 2020), which further indicates enhanced phosphate 
acquisition as an adaptive mechanism to phosphorus limited conditions.

Additionally, the functional gene gcd, which encodes for quinopro-
tein glucose dehydrogenase, and was found to be enriched in organic 
systems (Fig. 7c), has previously been identified as a marker gene for 
inorganic phosphorus solubilization and bioavailable soil phosphorus 
(Wu et al., 2022). In contrast, the functional gene phoB, which indicates 
phosphorus limitation (Xu et al., 2012), and the transporter gene pstS 
were associated with organic and unfertilized systems (Fig. 7c). This 
association can be interpreted as a response to the lower phosphorus 
inputs in organic systems. Although plant tissue analyses did not indi-
cate any symptoms of plant phosphorus deficiency in the systems of the 
DOK experiment (Oberson et al., 2007, 2013), these results highlight the 
necessity of ensuring long-term phosphorus demand in organic systems 
through the use of phosphorus-enriched recycled fertilizers.

5. Conclusion

The amendment of farmyard manure was the main factor differen-
tiating the soil metabolic potential between cropping systems, followed 
by nitrogen and plant protection inputs, as well as manure pre- 
processing. While conventional cropping systems were enriched by 
genes indicating the adaptation to use inorganic nutrients and improve 
cellular processes such as molecule transport, modification and syn-
thesis, the metabolic potential of organically managed soils was domi-
nated by genes crucial for degradation of complex organic compounds, 
nitrate assimilation, and organic phosphorus acquisition. The findings of 
this study demonstrate that cropping systems exert a significant influ-
ence on the soil metabolic potential, particularly in regard to their ca-
pacity to cycle carbon, nitrogen and phosphorus and thus drive long- 
term developments in soil stocks. In order to facilitate the advance-
ment of sustainable cropping systems, it is essential to harness the long- 
term impact of such systems on soil metabolic potential, with the aim of 
steering the inherent multifunctionality of soil biological resources for 
the benefit of environmental health and agricultural production.
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