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Abstract 41 
Peatland microbiomes regulate nitrogen cycling processes that control nutrient retention and 42 

greenhouse gas emissions in these carbon-rich ecosystems. While depth-driven redox gradients are 43 
known to structure microbial communities, how physicochemical stratification shapes the functional 44 
versus taxonomic organisation of nitrogen-cycling microorganisms remains unclear. Here, we used 45 
shotgun metagenomics to characterise nitrogen-cycling gene distributions, taxonomic affiliations, and 46 
metagenome-assembled genomes across depth and vegetation gradients in a temperate blanket bog. 47 
Depth emerged as the primary structuring factor, creating pronounced functional-taxonomic decoupling. 48 
Surface peat (0-20 cm) harboured functionally diverse but taxonomically constrained communities 49 
assembled deterministically around nitrification and labile N acquisition, while subsurface peat (20-40 50 
cm) supported taxonomically richer but functionally-simpler communities assembled stochastically and 51 
enriched in denitrification and dissimilatory nitrate reduction. Linear mixed-effects models revealed 52 
pathway-specific controls on nitrogen cycling. Denitrification increased with depth (β=11.53, p<0.05), 53 
whereas organic nitrogen transformation declined (β=−5.81, p<0.05); depth effects on nitrification and 54 
nitrogen fixation became non-significant after accounting for environmental variables. Phosphorus 55 
emerged as the strongest environmental predictor, regulating nitrification (β=95.40, p<0.01), N fixation 56 
(β=128.33, p<0.01), organic nitrogen transformation (β=80.53, p<0.01), and denitrification (β=-109.63, 57 
p<0.05), highlighting the importance of P availability in structuring microbial nitrogen cycling. This 58 
challenges traditional nitrogen-limitation paradigms in ombrotrophic systems. Metagenome-assembled 59 
genomes revealed Pseudomonadota as the dominant nitrogen-cycling lineage, while incomplete 60 
denitrification capacity indicated genetic potential for N2O accumulation in subsurface layers. These 61 
findings demonstrate that phosphorus availability, rather than nitrogen content alone, regulates 62 
microbial nitrogen transformation capacity in peatlands, with implications for predicting nutrient 63 
dynamics under altered hydrological and nutrient deposition regimes. 64 
 65 
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 69 
1. Introduction 70 

Peatland ecosystems store approximately 644 Gt of carbon (C) despite covering only 3% of the 71 
global terrestrial surface [1]. Blanket bogs, which develop in oceanic climates with consistently high 72 
precipitation and cool temperatures, are particularly important in the United Kingdom, where they 73 
comprise 87% of the 1.75 Gt C stored in UK peatlands [2]. These systems are regulated by hydrological 74 
processes and vegetation composition [3,4], with water table position controlling the distribution of 75 
aerobic and anaerobic soil volumes [5]. Elevated water tables create oxygen-deficient conditions that 76 
slow decomposition and promote peat accumulation [1]. However, nearly 50% of UK peatlands have 77 
been drained [2], and climate change is projected to further lower water tables through reduced 78 
precipitation and enhanced evapotranspiration [6], potentially converting these ecosystems from C 79 
sinks to sources. 80 
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 81 
Blanket bogs are ombrotrophic ecosystems that have historically been considered nitrogen (N)-82 

limited [7]. However, recent evidence challenges this paradigm. Multiple studies have demonstrated 83 
phosphorus (P) limitation or N:P co-limitation in both ombrotrophic and minerotrophic peatlands [8-10], 84 
indicating that P availability can regulate microbial N-cycling capacity independently of total N pools. 85 
Understanding the interactive effects of P and N availability on microbial processes remains a critical 86 
knowledge gap with implications for nutrient retention and greenhouse gas emissions. 87 

 88 
Global peatlands store 5.9–25.9 Gt of N [11], equivalent to 8–37% of the global soil nitrogen 89 

pool as originally estimated by Limpens et al. [12]. Reactive N enters these systems via atmospheric 90 
deposition (0.34–2.92 g N m-2 y-1), biological N fixation (0.1–2.5 g N m-2 y-1), and N mineralisation (0.1–91 
5.9 g N m-2 y-1), with combined inputs often exceeding typical plant demand of 2–3 g N m-2 y-1 [13-16]. 92 
Microbial communities regulate the fate of this reactive N through interconnected processes including 93 
nitrification, denitrification, dissimilatory nitrate reduction to ammonium (DNRA), and anaerobic 94 
ammonium oxidation (ANAMMOX) [17]. Denitrification contributes up to 66% of N removal as gaseous 95 
losses [18], highlighting the central role of microorganisms in N retention versus loss. Microbial N-96 
cycling functions can be characterised through quantification of genes encoding key enzymatic steps. 97 
These include nif, vnf, and anf genes for N-fixation; amo, hao, and nxr genes for nitrification; nar, nap, 98 
nir, nor, and nos genes for denitrification; nrf genes for DNRA; and diverse genes for organic N 99 
transformation including urease and glutamate/glutamine metabolism [19-21]. 100 

 101 
The vertical stratification in these ecosystems creates distinct microbial habitats. The surface 102 

acrotelm, typically extending from 0 to 20 cm depth, experiences intermittent oxygen exposure 103 
associated with water table fluctuations and receives fresh organic matter inputs, supporting aerobic 104 
metabolism and rapid decomposition [22-25]. Below this, the catotelm (>20 cm depth) is characterised 105 
by persistent anoxia and accumulation of recalcitrant organic compounds. This transition, which 106 
corresponds to water table fluctuations, represents a fundamental shift in redox conditions and resource 107 
availability. Concurrent vertical gradients in C, N, and P concentrations further shape stoichiometric 108 
constraints on microbial activity [26,27]. While vegetation composition influences peatland 109 
biogeochemistry [28,29], natural blanket bogs contain mixed plant assemblages with intertwined root 110 
systems [30], potentially dampening vegetation-specific effects relative to depth-driven environmental 111 
gradients.  112 

 113 
Despite the collective biogeochemical understanding, fundamental questions remain, including 114 

how depth-driven physicochemical gradients shape the decoupling of functional gene diversity from 115 
taxonomic diversity, and does P availability regulate microbial N-cycling capacity as strongly as, or more 116 
than, total N content? To answer these questions, we investigated the following objectives. First, we 117 
determined how peat depth and vegetation composition affect N-cycling gene abundance and diversity. 118 
Second, we identified which physicochemical factors, particularly N and P stoichiometry, control the 119 
distribution of N-cycling genes. Third, we characterised the specific microorganisms mediating N 120 
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transformations through reconstruction of metagenome-assembled genomes (MAGs), enabling 121 
linkages between taxonomic identity and functional potential across the peat profile. 122 

 123 
2. Materials & Methods 124 
2.1 Study Site Description and Sampling 125 

The study was conducted at Moor House National Nature Reserve in the Northern Pennines, 126 
England (54°39′N, 2°45′W), an ombrotrophic blanket bog dominated by Sphagnum mosses, Calluna  127 

vulgaris, and Eriophorum vaginatum [31]. The site lies at 550 m elevation, with mean annual 128 
temperature of 5.8 °C and mean annual precipitation of 2048 mm [32]. Between 2014 and 2024, water 129 
table depth fluctuated from above the surface to -20 cm (Figure S1). Sampling was performed in July 130 
2024 across three vegetation types (Sphagnum, Calluna, Eriophorum), with three replicate cores per 131 
type. This timing represents peak summer conditions when water table depth averaged -8 cm and 132 
microbial activity is typically most pronounced. Plots represented mixed vegetation communities where 133 
one species was largely dominant. Peat cores were extracted to 40 cm using a Russian peat corer and 134 
divided into surface (0–20 cm) and subsurface (20–40 cm) layers. The two depth intervals were selected 135 
to represent functionally distinct biogeochemical zones within the peat profile. The surface layer (0–20 136 
cm) corresponds to the acrotelm, which receive fresh organic matter inputs and experience intermittent 137 
oxygen exposure associated with water table fluctuations. The subsurface layer (20–40 cm) captures 138 
the transition to the largely anoxic catotelm, where conditions are generally more reduced due to 139 
persistent water saturation and microbial decomposition is dominated by anaerobic processes. These 140 
depth intervals align with typical water table dynamics at Moor House (Figure S1), providing a 141 
mechanistic basis for anticipated functional stratification. Peat cores were placed in sterile Nasco Whirl-142 
Pak™ giant-size sample bags immediately after collection and stored in a cold box containing ice packs 143 
in the field. Samples were transported to the laboratory within the same day [33]. Upon arrival, peat 144 
from the defined depth intervals was sectioned and homogenised prior to subsampling. Subsamples 145 
designated for molecular analyses were transferred into 50 mL Falcon tubes and stored at −20 °C, and 146 
DNA extraction was performed within 7 days of sampling. Subsamples for physicochemical analyses 147 
were kept in the original sample bags at 4 °C prior to processing and were also analysed within 7 days. 148 
 149 
2.2 Peat Physicochemical Properties 150 

Peat pH was measured in 1:2.5 peat:water extracts. Moisture content was determined 151 
gravimetrically (60 °C, 48 h). Total C, N, and S were quantified by elemental analyser (Elementar 152 
precisION, CNS mode), where 5 mg of oven-dried, ground peat was combusted in an oxygen-rich 153 
environment. Total P was determined following nitric-peroxide block digestion, with colorimetric 154 
determination using the Murphy-Riley method [34]. Raw physicochemical measurements 155 
corresponding to the sequenced samples are provided in Table S1, linked to their NCBI BioSample 156 
accession numbers. Differences between surface and subsurface peat layers are reported in Table S2. 157 
 158 
 159 
 160 
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2.3 DNA Extraction and Metagenomic Analysis 161 
DNA was extracted from 0.25 g peat using the DNeasy PowerSoil Pro Kit (Qiagen). DNA quality 162 

was assessed by fluorometry and spectrophotometry, sheared to ~500 bp, and used to construct 163 
indexed metagenomic libraries (ALFA-SEQ kit). A total of 18 metagenomes were generated and 164 
analysed in this study, including 9 surface and 9 subsurface peat samples. Sequencing was performed 165 
on an Illumina NovaSeq 6000 platform, generating 150 bp paired-end reads. Sequencing yielded 121.9 166 
± 17.6 million raw reads per sample, of which 77.3 ± 10.1 million high-quality reads remained after 167 
quality control with Fastp [35]. Each sample was processed with the SqueezeMeta pipeline (v1.6.3) [36]. 168 
Assembly was performed with MEGAHIT (v1.2.9) [37], retaining contigs ≥200 bp, and open reading 169 

frames were predicted using Prodigal (v2.6.3) [38]. Functional annotation was conducted by aligning 170 
predicted proteins against the KEGG database [39] using DIAMOND (v2.0.13) [40] and HMMER (v3.3) 171 
[41]. Taxonomic classification was based on homology searches against the NCBI-nr database [42] 172 
using DIAMOND, with assignments refined using a Last Common Ancestor algorithm. Taxonomic 173 
assignments derived from read-based metagenomic profiling were based on the NCBI-nr database. 174 
Family-level taxonomic resolution was selected for the downstream analyses as it provides sufficient 175 
phylogenetic depth while maintaining robustness against binning uncertainties. 176 

 177 
Gene abundances were normalised for gene length and sequencing depth using transcripts 178 

per million (TPM), whereby read counts mapped to each gene were divided by gene length and then 179 
scaled by the sum of length-normalised counts across the full gene catalogue, yielding compositional 180 
relative abundances (i.e. TPM-normalised proportions prior to scaling). Rarefied read counts were 181 
further used exclusively for diversity analyses, while compositional analyses were conducted using 182 
centered log-ratio transformed gene abundance and microbial phylum-level percentage compositions. 183 
The core N-cycling gene pool comprised seventy KEGG orthologs representing nine functional 184 
categories, including N fixation, ammonia oxidation, hydroxylamine oxidation/reduction, nitrite oxidation, 185 
nitroalkane oxidation, nitrate reduction, nitrite reduction to ammonium, nitric oxide reduction and organic 186 
N transformation (Table S3). Nitrogen Cycling Database (NCycDB) was used to specifically distinguish 187 
ammonia monooxygenase (amo) and methane monooxygenase (pmo) genes [43]. Comparisons 188 
between KEGG and NCycDB annotations were subsequently performed to evaluate potential 189 
interference from pmo sequences and to assess the robustness of gene identification. Consistency 190 
between KEGG- and NCycDB-based gene annotations was assessed using both Spearman and 191 
Pearson correlation analyses. Spearman correlation was used to evaluate whether the rank order of 192 
gene abundances across samples was preserved, whereas Pearson correlation assessed whether the 193 
magnitude of abundance variation followed a similar linear relationship between annotation approaches. 194 
Main results are presented in Section 3.1 and detailed statistics provided in Tables S4–S6. P cycling 195 
genes were identified using the Phosphorus Cycling Database (PCycDB), a curated database of 196 
functional gene families involved in microbial phosphorus transformations [44]. Gene annotations were 197 
screened against PCycDB to identify genes associated with organic P mineralisation, inorganic P 198 
solubilisation, and P-starvation response regulation [45]. The specific genes included in each functional 199 
category are listed in Table S7. 200 
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 201 
MAGs were reconstructed by binning contigs with MetaBAT2 [46] and CONCOCT [47], followed 202 

by integration with DAS Tool [48]. MAG quality was assessed with CheckM (v1.1.3) [49]; bins with 203 
completeness >75% and contamination <5% were retained, yielding 140 high-quality MAGs. Taxonomic 204 
classification used GTDB-Tk (v2.3.2) [50]. This approach was adopted to ensure consistent 205 
phylogenomic placement and improved taxonomic resolution, particularly at lower ranks (e.g., genus 206 
level), where classifications based on NCBI-nr annotations can be incomplete for environmental 207 
genomes. Predicted ORFs were annotated against KEGG using DIAMOND (e-value ≤ 1e-5, ≥30% 208 

identity, ≥25 amino acids alignment). MAG abundance was estimated as TPM based on read mapping 209 

to reconstructed MAG contigs using CoverM [51]. The proportion of reads mapping to MAGs ranged 210 
from 2.1% to 18.4% across samples, reflecting variation in the fraction of the microbial community 211 
represented by recovered genomes rather than differences in sequencing depth. TPM normalisation 212 
was therefore used to enable comparison of relative MAG abundances across samples. 213 
 214 
2.4 Statistical Analysis 215 

Data normality and homogeneity were evaluated using Shapiro-Wilk and Bartlett tests. As data 216 
did not satisfy normality, non-parametric approaches were applied. Differences in peat physicochemical 217 
properties, gene or pathway abundance, and alpha-diversity between layers were assessed using 218 
Wilcoxon rank-sum tests. P-values were adjusted using Benjamini-Hochberg correction (FDR<0.05). 219 
For vegetation comparisons, Kruskal-Wallis tests were followed by pairwise Wilcoxon rank-sum tests 220 
with Bonferroni correction. Given limited replication (n=3 per vegetation type per depth), vegetation 221 
comparisons are exploratory. Principal component analysis (PCA) assessed variation in N-cycling gene 222 
composition using z-score standardised KEGG ortholog abundances (prcomp function). Squared 223 
loadings quantified gene contributions, aggregated by functional category. Permutational multivariate 224 
analysis of variance tested compositional differences using adonis with Bray-Curtis dissimilarity. 225 
Normalised stochasticity ratio (NST) determined deterministic versus stochastic assembly processes 226 
(999 permutations). Co-occurrence networks were inferred using the SparCC (Sparse Correlations for 227 
Compositional data) algorithm [52], which accounts for the compositional nature of sequencing-based 228 
abundance data. SparCC correlations were calculated from the gene abundance matrix across samples, 229 
and statistical significance was assessed using permutation-based pseudo p-values generated from 230 
100 bootstrap permutations. Only robust associations (|r|≥0.3, p<0.05) were retained for network 231 

construction. Network structure was assessed using standard topological metrics, including the number 232 
of nodes, number of edges, network density (the ratio of observed edges to the total number of possible 233 
edges), and average degree. Network topology was then processed in Cytoscape (v3.10.3) [53] and 234 
visualised in Gephi (v0.9.2) [54]. Linear mixed-effects models were used to assess relationships 235 
between environmental variables (depth, C, N, P, S, EC, pH, and moisture) and the CLR-transformed 236 
abundance of N-cycling gene categories, with core identity included as a random intercept to account 237 
for non-independence of paired samples within peat cores. For each environmental predictor, models 238 
were fitted separately for each N-cycling category (e.g., nitrification, denitrification, N fixation, DNRA, 239 
and organic N transformation), and the resulting coefficients were then compiled across categories for 240 
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comparison. To avoid overfitting and multicollinearity arising from the limited number of independent 241 
cores and the strong covariation among environmental variables, predictors were evaluated individually 242 
rather than included simultaneously. Thus, each model took the form CLR-transformed abundance of a 243 
given category ~ Predictor + (1 | Core_ID). In addition, a depth-adjusted model including depth and 244 
major nutrient variables (CLR-transformed abundance ~ Depth + C + N + P + S + (1 | Core_ID)) was 245 
used to assess whether observed depth effects were independent of underlying environmental 246 
gradients. For visualisation, regression coefficients were standardised by z-scaling (mean = 0, SD = 1) 247 
within each pathway. Mantel tests determined correlations of physicochemical properties with gene 248 
composition. Stratification was quantified via log2(Surface/Subsurface) ratios. Spearman correlations 249 
assessed variable relationships. All statistical analyses were conducted in R (v4.4.1) within the RStudio 250 
environment. Data processing and manipulation were performed using the tidyverse suite of packages, 251 
including dplyr, tidyr, and stringr. Ecological and statistical analyses were conducted using the vegan 252 
package. Compositional data transformations were performed using the zCompositions, while the 253 
following correlation network analyses and visualisation were implemented using linkET.  Figures were 254 
generated using ggplot2, with improved label placement implemented using ggrepel, and colour 255 
palettes were applied using RColorBrewer. 256 
 257 
3. Results 258 
3.1 Depth-Structured Diversity of N-cycling Genes in Peat Microbiomes 259 

In this study, a total of 70 N-cycling genes were identified through annotation. Depth-dependent 260 
stratification was pronounced across all functional categories (Figure 1). To evaluate whether sequence 261 
homology between ammonia monooxygenase and particulate methane monooxygenase genes could 262 
affect interpretation of nitrification patterns, KEGG-based annotations were validated against NCycDB, 263 
which explicitly distinguishes amo and pmo gene families. Across all 18 samples, KEGG and NCycDB 264 
annotations showed strong concordance for amoA abundance (Spearman ρ = 0.940, p<0.001; Pearson 265 
r = 0.967, p p<0.001), and other key marker genes and derived functional ratios used in downstream 266 
interpretation (norB, nosZ, ureC; amoA/nosZ, amoA/norB, and amoA/ureC) were also significantly 267 
correlated between databases (Spearman ρ = 0.639–0.959; Pearson r = 0.612–0.978; Tables S4–S6). 268 
KEGG amo genes were also highly correlated with NCycDB pmo genes (Spearman ρ = 0.918–0.974; 269 
Table S4), consistent with the known sequence homology between these enzyme systems. Importantly, 270 
despite this overlap, the relative ecological patterns across samples remained highly consistent 271 
between annotation approaches. Because NCycDB recovered fewer N-cycling genes overall than 272 
KEGG (55 vs. 70) and did not identify amoB or amoC as amo genes in our dataset, KEGG-based 273 
annotations were retained for the main analyses. 274 

 275 
Shannon diversity of functional genes was significantly higher in surface than subsurface peat 276 

(p<0.001), indicating greater functional diversity in the upper zone (Figure 1A). Surface samples 277 
showed nitrification genes comprising 51% of the N-cycling gene pool compared to 28% in subsurface 278 
layers (p<0.001), with ammonia oxidation genes alone representing 30% of surface functional profiles 279 
but only 6% in subsurface (p<0.001). Conversely, denitrification genes were enriched in subsurface 280 
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peat (32% vs. 17.8% in surface; p<0.001), while DNRA-associated genes showed the strongest depth 281 
differentiation (4% subsurface vs. 0.4% surface; p<0.001). N fixation genes also showed surface 282 
enrichment (28% vs. 21%; p<0.001). Taxonomic richness at the family level exhibited the opposite 283 
pattern, with approximately 75 unique families in subsurface samples compared to 57 in surface layers 284 
(p<0.001; Figure 1C), revealing functional-taxonomic decoupling across depth. However, family-level 285 
Shannon diversity did not differ significantly between depths (Figure S2A), as the strength of the depth 286 
effect varies slightly depending on the diversity metric used. In contrast, both richness and Shannon 287 
diversity at the order and genus levels showed significantly higher diversity in subsurface communities 288 
compared with surface communities (Figure S2B,C), supporting the conclusion that subsurface 289 
microbial communities generally exhibit higher taxonomic diversity. Vegetation type showed no 290 
significant influence on either functional or taxonomic diversity (p>0.05; Figure 1B,D; Figure S2A–C). 291 
PCA of KEGG ortholog abundances revealed clear depth-based separation of functional gene 292 
composition (Figure 2). PC1 and PC2 explained 51.8% and 18.6% of variance, respectively. Surface 293 
and subsurface samples formed distinct clusters (R2=0.182, p<0.001), while vegetation had no 294 
significant effect (p=0.923). Surface samples showed broader dispersion across both axes, indicating 295 
higher functional heterogeneity, whereas subsurface communities were more compositionally 296 
constrained. Squared PCA loadings identified organic N transformation (38%) and N fixation (21%) as 297 
dominant contributors to PC1, defining the primary axis of depth-related variation. N fixation (34%) and 298 
denitrification (30%) primarily structured PC2, while DNRA and nitrification each accounted for less than 299 
15% of variance across both components. 300 

 301 
 302 

3.2 Functional Zonation of N-Cycling Pathways Across Peat Depths 303 
Functional zonation was evident across depth gradients, with clear separation between aerobic 304 

surface processes and anaerobic subsurface metabolism (Figure 3). The vertical stratification of N-305 
cycling processes indicates clear metabolic partitioning across peat depth. Surface peat was 306 
characterised by enrichment of oxidative pathways such as nitrification and N fixation, whereas 307 
subsurface peat showed greater representation of reductive processes including denitrification and 308 
DNRA. Supporting this pattern, genes associated with intermediate denitrification steps displayed clear 309 
depth-related differences. Genes encoding nitrite reduction and nitric oxide reduction were significantly 310 
more abundant in subsurface communities, while genes responsible for N2O reduction did not differ 311 
significantly across depths or vegetation types (Figure S3). Organic N transformation pathways also 312 
showed depth-specific differentiation despite overall stability across environmental gradients (Figure 313 
4). Surface-enriched genes included those for N-methylated amine (nmo), urea (ureC/B/A), D-amino 314 
acid (dadA), cystathionine (metC), cyanate (cynS), and amide (amiF) degradation, reflecting utilisation 315 
of labile, N-rich substrates. Subsurface-enriched genes targeted asparagine (asnB, ansB), glycine 316 
(gcvT), and aspartate (aspA) metabolism, indicating adaptation to more stable, reprocessed organic 317 
compounds. Glutamate/glutamine cycling also diverged by depth, which indicates surface peat 318 
favoured NH4+ assimilation via glutamine synthetase (glnA), while subsurface layers showed 319 
enrichment of glutamate dehydrogenases (gdhA, gdh2, gudB) involved in N release and internal 320 
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recycling. Log2-transformed surface-to-subsurface ratios quantified depth enrichment patterns (Figure 321 
5). Oxidative pathways showed strongest surface enrichment (log2≈+1.5), while DNRA showed 322 
strongest subsurface enrichment (log2≈-1.9). N fixation and assimilatory processes were surface-323 
enriched (log2≈+0.3 to +0.5), reductive processes were moderately subsurface-enriched (log2≈-0.2), 324 
and organic N transformation showed minimal depth preference (log2≈0). Vegetation type did not 325 
significantly alter these stratification patterns, though Sphagnum-dominated plots showed a consistent 326 
tendency toward slightly stronger surface enrichment of oxidative processes, while Eriophorum plots 327 
showed more even distribution between depths (Table S8). 328 

 329 
3.3 Microbial Taxa Underpinning N-Cycling in Peat Profiles 330 

Taxonomic composition shifted markedly with depth (Figure 6). Pseudomonadota dominated 331 
both layers (71.3% surface, 64.2% subsurface; p<0.001), with significant surface enrichment of 332 
Actinomycetota (11.4% vs. 2.4%), Planctomycetota (4.8% vs. 1.8%,) and Euryarchaeota (1.93% vs. 333 
1.18%) (All p<0.01). Subsurface samples were enriched in Thermodesulfobacterota (2.81% vs. 0.95%), 334 
Bacteroidota (2.98% vs. 0.22%), and Verrucomicrobiota (1.59% vs. 0.07%) (all p<0.05). The relative 335 
abundance of dominant phyla for all individual samples is provided in Table S9. 336 

 337 
MAG reconstruction yielded 140 high-quality genomes (Figure 7). Consistent with the 338 

taxonomic composition inferred from metagenomic profiling, the majority of MAGs belonged to the 339 
dominant bacterial phyla Pseudomonadota (n=48), Thermodesulfobacterota (n=29), Actinomycetota 340 
(n=14) and Acidobacteriota (n=13). Functional annotation revealed that many genomes encoded genes 341 
associated with both N and P cycling, indicating widespread metabolic potential for coupled nutrient 342 
transformations across diverse microbial lineages. N transformation genes were broadly distributed 343 
among bacterial MAGs. Genes involved in organic N metabolism, including asnB, gcvT, aspA, and 344 
gdhA, were detected in a large proportion of genomes, indicating widespread genomic potential for 345 
amino-acid turnover and organic N transformation in peat microbial communities. Genes associated 346 
with N fixation (nifD and nifK) occurred in a subset of MAGs, primarily affiliated with Pseudomonadota 347 
and Thermodesulfobacterota, while ammonia oxidation genes (amoA, amoB, amoC) were restricted to 348 
Pseudomonadota MAGs, consistent with the established role of this lineage in nitrification. Genes 349 
involved in nitrate and nitrite transformations, including nasA, napA, napB, narB, nxrA, nxrB, nrfA, nirK, 350 
norB, norC, and nosZ, were distributed across diverse bacterial phyla. P cycling genes were also 351 
widespread across the reconstructed genomes. Nearly all MAGs encoded genes involved in P 352 
acquisition and regulation, particularly phoB and phoR, suggesting that regulatory responses to 353 
phosphate limitation are common across peatland microorganisms. Genes involved in polyphosphate 354 
metabolism and intracellular P storage, including ppk1 and ppa, were also frequently detected, while 355 
genes associated with organic phosphorus mineralisation and phosphonate utilisation (e.g., phoA, 356 
phoN, phnK, and phnL) occurred in a subset of genomes across multiple bacterial lineages. 357 
 358 
 359 
 360 
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3.4 Environmental Controls of N-cycling Genes 361 
Depth was the primary determinant of peat physicochemistry (Figure 8A). Mantel tests showed 362 

significant depth effects on all measured variables, with strongest correlations for total S (r=0.713, 363 
p<0.01), total N (r=0.602, p<0.01), and pH (r=0.526, p<0.01). Moderate associations were found for 364 
electrical conductivity, total P, total C, and moisture (r=0.280-0.427, p<0.01). Vegetation alone showed 365 
no significant correlations with any variable (all p>0.05) except P (p<0.05). Combined depth-vegetation 366 
effects enhanced associations for total N (r=0.706, p<0.001) and electrical conductivity (r=0.612, p<0.01) 367 
but weakened correlations for S, P, pH, and moisture relative to depth alone. Spearman correlations 368 
revealed co-variation among nutrient elements. N was positively correlated with P and S (r=0.69-0.70, 369 
p<0.01), indicating coupled dynamics in nutrient accumulation. Total C showed negative correlations 370 
with nutrient pools (r=-0.49 to -0.68, p<0.05). Electrical conductivity correlated positively with N (r=0.79, 371 
p<0.001) and negatively with moisture (r=-0.71, p<0.001). Peat pH was positively correlated with C 372 
(r=0.63-0.67, p<0.01) and negatively correlated with N, P and S availability (r=-0.61 to -0.81, p<0.05).  373 

 374 
Linear mixed-effects models were used to evaluate relationships between environmental 375 

variables and nitrogen cycling pathways, with core identity included as a random effect. Coefficient 376 
estimates and significance were interpreted from the original model outputs, while standardised effect 377 
sizes are presented in Figure 8B to facilitate comparison of predictor strength across pathways. Depth 378 
had contrasting effects across N cycling pathways. In the depth-only model, denitrification increased 379 
significantly with depth (β=7.26, p<0.05), whereas nitrification (β=−4.66, p<0.001), N fixation (β=−4.96, 380 
p<0.05), and organic N transformation (β=−5.33, p<0.001) all declined with depth. When environmental 381 
variables were incorporated in the depth-adjusted model, the positive association between depth and 382 
denitrification became stronger (β=11.53, p<0.05), while the negative association with organic N 383 
transformation remained significant (β=−5.81, p<0.05). In contrast, the previously significant depth 384 
effects observed for nitrification and N fixation became non-significant after accounting for 385 
environmental variables, suggesting that part of the apparent depth-related variation in these pathways 386 
reflects underlying environmental gradients within the peat profile rather than depth alone.  387 

 388 
Environmental drivers varied across N cycling pathways. Nitrification showed strong positive 389 

associations with P (β=95.40, p<0.01), S (β=15.12, p<0.01), and EC (β=47.07, p<0.05), while the 390 
negative relationships were observed with pH (β=-20.53, p<0.001), moisture (β=-2.04, p<0.01), N 391 
availability (β=-8.35, p<0.05) and C (β=-0.90, p<0.05). In contrast, denitrification was negatively 392 
associated with N (β=-12.03, p<0.05), P (β =-109.63, p<0.05), and S (β=-28.45, p<0.001), whereas pH 393 
showed a positive relationship with this pathway (β=22.98, p<0.05). Distinct patterns were also 394 
observed for other N cycling pathways. N fixation was positively associated with P (β=128.33, p<0.01) 395 
and EC (β=68.06, p<0.05), but declined with increasing pH (β=-18.39, p<0.05) and moisture (β=-3.28, 396 
p<0.05). Organic N transformation showed positive relationships with P (β=80.53, p<0.01), N (β=8.15, 397 
p<0.01), S (β=18.70, p<0.001), and EC (β=52.62, p<0.01). while C (β=-1.10, p<0.01), pH (β=-21.83, 398 
p<0.001) and moisture (β=-2.52, p<0.01) were negatively associated with pathway abundance. In 399 
comparison, DNRA showed comparatively weaker relationships with most environmental variables. 400 
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Notably, P effect sizes were the largest among environmental predictors. The magnitude of its 401 
regression coefficients, particularly for nitrification, N fixation, and organic N transformation, were 402 
substantially greater than those observed for other variables, indicating that depth-related variation was 403 
partially masking P’s regulatory importance when assessed independently. 404 

 405 
Mantel network analysis revealed clear differences in the associations between P cycling 406 

strategies and N cycling pathways across peat layers (Figure 9). In the surface peat, only inorganic 407 
phosphorus solubilisation showed significant correlations with nitroalkane oxidation (r=0.85, p<0.01) 408 
and organic N transformation (r=0.72, p<0.05). In contrast, the subsurface peat exhibited a greater 409 
number and diversity of significant correlations between P acquisition strategies and N cycling 410 
processes. Organic P mineralisation was significantly associated with nitrite reduction to ammonium 411 
(r=0.33, p<0.05) and nitric oxide reduction (r=0.50, p<0.05). Inorganic phosphorus solubilisation 412 
showed significant correlations with nitroalkane oxidation (r=0.51, p<0.05), nitrite reduction to 413 
ammonium (r=0.59, p<0.01), and organic N transformation (r=0.62, p<0.01). In addition, P-starvation 414 
response regulation showed strong associations with pathways of nitroalkane oxidation (r=0.68, 415 
p<0.001) and nitrite reduction to ammonium (r=0.81, p<0.05). 416 
 417 
3.5 Community Assembly and Co-occurrence Networks 418 

Community assembly mechanisms differed markedly between depths. Normalised stochasticity 419 
ratio (NST) analysis indicated deterministic assembly in surface samples (NST=44.4%), while 420 
subsurface samples showed predominantly stochastic assembly (NST=58.3%) (Figure S4). Co-421 
occurrence network analysis revealed depth-dependent coordination patterns (Figures S5, S6). 422 
Surface functional gene networks were more complex and cohesive (70 nodes, 313 edges, network 423 
density=0.13, average degree=8.94) compared to subsurface networks (48 nodes, 40 edges, network 424 
density=0.035, average degree=1.67), indicating tighter metabolic coordination in the surface peat layer. 425 
Conversely, MAG-based taxonomic networks showed the opposite pattern, where subsurface 426 
communities formed denser networks (137 nodes, 2205 edges, network density=0.237, average 427 
degree=32.19) than surface communities (136 nodes, 1761 edges, network density=0.192, average 428 
degree=25.9), suggesting that taxonomic cooperation through metabolite exchange and syntrophy 429 
compensates for reduced functional versatility in oligotrophic, anoxic subsurface conditions. These 430 
contrasting network topologies support the functional-taxonomic decoupling observed in diversity 431 
analyses.  432 
 433 
4. Discussion 434 
4.1 Depth-driven Stratification of N-cycling Mechanisms in Bog Ecosystems 435 

Unsurprisingly, depth is the primary driver of N-cycling stratification in this blanket bog, 436 
governing both input processes (N fixation, organic N transformation) and downstream pathways 437 
(nitrification, DNRA, denitrification) [23]. The pronounced functional zonation reflects adaptation to 438 
contrasting redox and substrate availability gradients across the peat profile. Surface peat showed 439 
elevated N fixation potential (28% of N cycling gene pool vs. 21% subsurface), consistent with greater 440 
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diazotroph capacity to exploit anoxic microsites (water-filled pores, aggregate interiors) where 441 
atmospheric N2 and nutrients are both accessible. The vertical differentiation of organic N 442 
transformation genes highlights distinct microbial strategies for organic N utilisation. Surface 443 
communities were enriched in genes targeting labile, N-rich substrates (urea, N-methylated amines, D-444 
amino acids) typically derived from fresh plant inputs, microbial turnover, and rapid mineralisation 445 
processes characteristic of dynamic, oxygenated surface conditions [55-57]. Conversely, subsurface 446 
enrichment of genes for asparagine, glycine, and aspartate metabolism indicates adaptation to more 447 
stable compounds originating from reprocessed organic matter, reflecting selective N use under 448 
anaerobic, resource-limited conditions [58,59]. The glutamate-glutamine pathway exhibited clear depth-449 
dependent divergence. Surface enrichment of glnA (glutamine synthetase) suggests microbial 450 
preference for ammonium assimilation and anabolic N retention [55], while subsurface enrichment of 451 
gdhA, gdh2, and gudB (glutamate dehydrogenase) reflects a catabolic strategy focused on N release 452 
and internal recycling. Together, these patterns indicate that surface communities exploit reactive N 453 
pools through assimilatory pathways, whereas subsurface microbes rely on conservative, recycling-454 
oriented processes. This functional differentiation has important implications for N retention versus loss 455 
from different peat layers. Depth also governed downstream inorganic N-cycling pathways. Surface 456 
layers were dominated by oxidative processes, particularly ammonia oxidation (30% of gene pool), 457 
highlighting high nitrification potential in oxygen-rich microenvironments. In contrast, deeper layers were 458 
enriched in reductive and dissimilatory pathways, with denitrification genes comprising 32% of the 459 
subsurface gene pool and DNRA showing 10-fold enrichment relative to surface layers. Community-460 
level gene abundance patterns further revealed potential bottlenecks in terminal denitrification steps. 461 
The near-twofold greater abundance of genes associated with NO and N2O production in subsurface 462 
communities (Figures 3, S3), combined with limited N2O reduction capacity, points to an imbalance in 463 
the final steps of the denitrification pathway. This pattern indicates that the genetic potential for N2O 464 
consumption does not increase in parallel with N2O-producing steps, implying that denitrification 465 
pathways may be incomplete in subsurface peat communities and potentially favouring N2O 466 
accumulation under waterlogged conditions. While this imbalance can be linked with a greater potential 467 
for N2O production in subsurface peat [24,60], such relationships should be interpreted with caution 468 
because microbial genetic potential does not necessarily translate directly into ecosystem-scale N2O 469 
emissions, which are often strongly regulated by environmental conditions [61]. 470 
 471 

The functional-taxonomic decoupling observed across depth has important mechanistic 472 
implications. Surface communities, experiencing dynamic environmental conditions (fluctuating 473 
moisture, temperature, oxygen availability) and continuous resource inputs, assemble deterministically 474 
around coordinated metabolic strategies. This is reflected in tight functional gene co-occurrence 475 
networks (average degree = 8.94) despite moderate taxonomic diversity (136 MAGs). Conversely, 476 
stable subsurface conditions favour stochastic assembly (NST=58.3%) and taxonomic cooperation over 477 
functional specialisation. Dense taxonomic networks in the subsurface (2205 edges vs. 1761 in surface) 478 
likely reflect metabolite exchange, syntrophy, and niche complementarity that compensate for reduced 479 
functional versatility (average degree = 1.67 for functional networks) in oligotrophic, energy-limited 480 
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conditions [62,63]. This decoupling pattern has important implications for predicting ecosystem 481 
responses to environmental change, where functional redundancy in surface layers may confer 482 
resilience to disturbance, while taxonomic cooperation in subsurface layers suggests vulnerability to 483 
disruptions in syntrophic partnerships.  484 
 485 
4.2 Environmental Regulation of N-cycling Mechanisms 486 

Although peat depth strongly structures soil physicochemical conditions, its direct influence on 487 
microbial N-cycling pathways was partly mediated by underlying environmental gradients. The 488 
disappearance of depth effects for nitrification and N fixation after environmental variables were 489 
included in the models indicates that vertical variation in these pathways largely reflects depth-related 490 
changes in soil chemistry rather than spatial position itself. In contrast, denitrification remained positively 491 
associated with depth even after accounting for environmental variables, suggesting that additional 492 
depth-dependent factors, such as redox dynamics or oxygen availability, may influence this pathway. 493 
The pathways examined here showed distinct environmental sensitivities. Nitrification and organic N 494 
transformation were strongly associated with multiple chemical variables, including P, S, and EC, while 495 
declining under higher pH, moisture, N and C availability. Nitrogen fixation also showed strong positive 496 
responses to P availability, reinforcing the importance of P supply for processes regulating N  inputs to 497 
peat ecosystems. In contrast, denitrification responded differently, showing negative associations with 498 
several nutrients but a positive relationship with pH, suggesting that redox conditions and electron-499 
acceptor availability may play an important role in regulating this pathway. Across these pathways, P 500 
showed the largest regression coefficients among environmental predictors, indicating that P supply 501 
appears to exert a strong constraint on microbial functional potential. By comparison, DNRA showed 502 
comparatively weak relationships with the measured environmental variables, indicating that this 503 
pathway may be governed by factors not captured by bulk soil chemistry. DNRA activity often occurs 504 
under highly localized anaerobic conditions, and its variability may therefore depend more strongly on 505 
microscale redox heterogeneity, organic substrate quality, or microbial interactions within peat 506 
microenvironments. 507 
 508 

Our results highlight that P availability is a key predictor of microbial N-cycling gene abundance 509 
in this ombrotrophic blanket bog, challenging the traditional paradigm that N limitation dominates 510 
peatland biogeochemistry and support growing evidence that P availability can regulate microbial N 511 
cycling even in ecosystems where total N pools are large [8-10]. Increased P availability has been 512 
shown to stimulate microbial N-cycling activity, as supported by previous experimental studies [64,65]. 513 
This interpretation is consistent with work showing that P availability accelerates N cycling in acidic soils, 514 
and also acts as a significant predictor of denitrification gene abundance [66]. P availability is known to 515 
exert strong control over microbial N cycling through stoichiometric and enzymatic constraints [67].  516 

 517 
From a genomic perspective, our results further support this coupling between P acquisition 518 

and N transformation processes. In the surface peat layer, where P availability is relatively higher, only 519 
microbial inorganic P solubilisation pathways showed correlations with N cycling mechanisms. In 520 
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contrast, in the subsurface peat, genes associated with the P-starvation response regulation had broad 521 
connectivity with NH4+ and NO3- production pathways, reflecting coordinated regulatory responses to P 522 
limitation. In addition, associations between organic P mineralisation and inorganic P solubilisation with 523 
N cycling pathways were substantially stronger in the subsurface peat. This pattern suggests that 524 
coupling between P acquisition and N transformations becomes more pronounced under deeper peat 525 
conditions where nutrient availability and redox environments differ. Together with genome-resolved 526 
evidence showing frequent co-occurrence of P acquisition genes and N metabolism genes within 527 
individual MAGs, these results highlight a potential ecological linkage between microbial P and N cycling. 528 

 529 
This coupling can be explained by the metabolic constraints imposed under P-limited conditions. 530 

When P bioavailability is low, microorganisms must invest additional metabolic resources in P 531 
acquisition to sustain growth, particularly through increased production of extracellular phosphatases 532 
that hydrolyse organic P compounds into bioavailable phosphate [68]. Because phosphatases are N-533 
rich proteins, their synthesis requires substantial N investment, creating a direct biochemical linkage 534 
between P acquisition and microbial N metabolism [69]. Consequently, P limitation can influence N 535 
cycling by redirecting microbial N resources toward enzyme production and nutrient acquisition 536 
processes. A complementary framework for interpreting these depth-dependent patterns is the trade-537 
off between microbial C use efficiency and nutrient-acquiring extracellular enzyme activity under 538 
reduced oxygen conditions. Under oxygen-limited conditions, microorganisms may allocate a greater 539 
proportion of resources toward maintenance and nutrient acquisition rather than growth, leading to 540 
increased biomass-specific enzyme production and reduced growth efficiency [70]. In peatland systems, 541 
oxygen limitation has been shown to suppress oxidative enzyme activity while altering hydrolytic and 542 
phosphatase-mediated processes, thereby influencing nutrient acquisition strategies [71, 72]. Within 543 
this framework, the greater number and strength of associations between P acquisition strategies and 544 
N-cycling pathways observed in subsurface peat may reflect increased microbial investment in nutrient 545 
acquisition under energy-limited, anoxic conditions rather than enhanced growth efficiency. However, 546 
because extracellular enzyme activities and microbial growth efficiency were not directly measured in 547 
this study, these interpretations should be regarded as plausible mechanistic explanations. 548 

 549 
Total N availability acted as a suppressing factor for both nitrification and denitrification 550 

(negative β coefficients). This pattern is consistent with N saturation theory, where excess N 551 
accumulation can inhibit specific N-cycling processes when other nutrients become limiting [73]. Similar 552 
N suppression effects have been documented in forest ecosystems experiencing chronic N deposition 553 
[74,75]. In peatland systems, this effect may be amplified because N pools are predominantly organic 554 
rather than bioavailable inorganic forms. When organic N accumulates faster than microbial processing 555 
capacity, it may suppress classical nitrification-denitrification pathways while promoting direct organic 556 
N recycling. Collectively, these findings provide strong genetic evidence for the regulatory role of N:P 557 
stoichiometry in shaping microbial function and biogeochemical cycling [9,65,76], with lower N:P ratios 558 
associated with more active N transformations and potentially greater N loss from the ecosystem. 559 

 560 
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The minimal vegetation effect on microbial N-cycling structure warrants careful interpretation 561 
and likely reflects the ecological reality of blanket bog vegetation organisation. While plots were 562 
classified by dominant species, all contained mixed assemblages of Sphagnum, Eriophorum, Calluna, 563 
and other species. Root systems intertwine extensively in peat profiles [30], creating spatially 564 
heterogeneous rhizosphere effects, and vegetation composition shifts over annual to decadal 565 
timescales [77], further homogenising microbial communities at the spatial scale sampled. Previous 566 
studies reporting strong vegetation effects on peatland microbial communities often employed 567 
experimental designs with true monocultures [28], mesocosm controls [29], or focused on specific plant-568 
microbe associations [72]. In natural, mixed-species blanket bogs, depth-driven physicochemical 569 
gradients, particularly redox stratification and nutrient availability, appear to override subtle vegetation 570 
influences on bulk microbial function. Vegetation alone did not significantly structure nutrient pools in 571 
our system (Mantel test p>0.05), although depth-vegetation interactions showed minor effects (r=0.706 572 
for N, r=0.612 for EC), consistent with recent observations that plant functional type effects are most 573 
apparent when considered alongside vertical gradients [78]. Nonetheless, subtle trends were 574 
observable. Bryophyte-associated communities showed slight tendency toward greater N fixation and 575 
oxidative process potential (Figure 5, Table S8), consistent with Sphagnum's capacity to concentrate 576 
atmospheric N inputs across photosynthetic tissues [79]. Vascular plant-associated metagenomes 577 
showed marginally more even distribution of oxidative versus reductive processes, potentially reflecting 578 
deeper rooting depths that create mixed redox microenvironments [80]. However, these patterns were 579 
not statistically significant and require validation through expanded replication or manipulative 580 
experiments to separate vegetation effects from spatial heterogeneity. 581 
 582 
4.3 Taxonomic Profiling of N-cycling Microbiome in Bog Ecosystems 583 

Pseudomonadota emerged as the dominant lineage mediating N-cycling across depths (71.3% 584 
surface, 64.2% subsurface for inorganic N-cycling), showing exceptional functional breadth. This 585 
phylum encoded key genes for N fixation (nifD, nifK), ammonia oxidation (amoA/B/C; exclusive to 586 
Pseudomonadota), and complete denitrification pathways (nap, nir, nor, nosZ), positioning them as 587 
central hubs for N input, internal turnover, and loss. Their genomic versatility is consistent with 588 
observations of Pseudomonadota dominance and metabolic flexibility across diverse terrestrial and 589 
aquatic ecosystems [80-83]. As heterotrophic diazotrophs in this organic-rich, N-limited environment, 590 
Pseudomonadota likely rely heavily on reduced organic compounds for energy and C [84]. 591 
Thermodesulfobacterota also contributed substantially to N-cycling, harbouring genes for anaerobic N 592 
fixation in addition to denitrification capacity [85]. The strong subsurface enrichment of this phylum (2.81% 593 
vs. 0.95% in surface; p<0.05) and its representation in 29 MAGs, predominantly from subsurface 594 
samples, underscores its importance in mediating both N acquisition and loss in anoxic, nutrient-poor 595 
zones. This dual role demonstrates the significance of this often-overlooked phylum in blanket bog 596 
biogeochemistry. Beyond these dominant groups, Actinomycetota, Planctomycetota, Bacteroidota, and 597 
other lower-abundance lineages contributed scattered N-cycling functions, likely supporting auxiliary or 598 
complementary roles within the broader N network. Notably, genes for organic N transformation were 599 
nearly ubiquitous across all MAGs, highlighting the critical and universal role of microorganisms in N 600 
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retention and transformation. This broad distribution suggests that organic N cycling capacity is a 601 
fundamental trait across diverse taxa in oligotrophic peatlands, essential for internal N recycling when 602 
external inputs are limited. The rarity of canonical nitrite reductases (nirS & nirK), which were restricted 603 
to Pseudomonadota and remained uncommon even within this phylum (Figure 7), indicates a 604 
constrained capacity for denitrification at the nitrite reduction step. Combined with the limited abundance 605 
of nosZ relative to upstream denitrification genes (norB and norC), this suggests an imbalance in the 606 
terminal step of the pathway. Additionally, given the absence of nirK/S genes, there is indication that 607 
nitric oxide (NO) is being produced via alternative pathways, possibly nitrification. These patterns point 608 
toward a genetic potential for incomplete denitrification, which may favour N2O accumulation rather than 609 
complete reduction to N2, with important implications for greenhouse gas emissions from blanket bogs 610 
[24,86]. 611 
 612 
4.4 Advancing Understanding of Peatland Microbial N-Cycling 613 

This study demonstrates the power of depth-stratified shotgun metagenomics for revealing 614 
functional and taxonomic organisation in peatland ecosystems. Our two-layer design, aligned with the 615 
redox transition zone governed by water table fluctuations, captured the fundamental redox boundary 616 
structuring microbial metabolism. July sampling during peak activity revealed clear depth-driven 617 
stratification that establishes baseline patterns for future investigations. Our MAG-based approach 618 
provided taxonomic resolution unavailable through amplicon methods, identifying specific lineages 619 
mediating N transformations.  620 

 621 
Our results also refine the role of depth in structuring N-cycling potential in ombrotrophic peat. 622 

Although depth exerted strong control over peat physicochemistry, its direct effects on N-cycling gene 623 
abundance were weakened once P, N, pH, and other environmental variables were included in the 624 
models. This indicates that depth does not act as an independent spatial driver, but instead operates 625 
primarily through measurable gradients in nutrient availability and acidity, particularly P availability and 626 
pH. That is, vertical patterns in microbial N-cycling capacity emerge largely because depth structures 627 
the physicochemical environment, rather than because depth itself has an intrinsic effect. This has 628 
important implications for predicting how external nutrient inputs will modify depth-related patterns in N 629 
cycling. If depth effects are mediated mainly through P availability, then changes in atmospheric 630 
deposition or local P enrichment are likely to alter N-cycling capacity in a depth-dependent but 631 
mechanistically predictable way. For example, alleviating P limitation in surface layers could enhance 632 
nitrification and denitrification disproportionately near the peat surface, potentially decoupling traditional 633 
relationships between redox status and N dynamics [86,87]. Recognising that depth acts through P and 634 
other measured variables therefore provides a more mechanistic basis for forecasting how nutrient 635 
loading will reshape vertical patterns of N cycling in ombrotrophic blanket bogs. 636 

 637 
Despite these advances, an important uncertainty lies in how far these genomic patterns can 638 

be translated into ecosystem-scale rates of N turnover. While our depth-resolved metagenomic 639 
approach captured in situ variation across the peat profile, it primarily reflects microbial functional 640 
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potential rather than realised activity. Upscaling microbial processes from controlled or localised 641 
observations to ecosystem function remains challenging, as spatiotemporal variability, plant–soil–642 
microbial feedbacks, and complex interactions among environmental drivers can generate 643 
discrepancies between observed gene abundance and actual biogeochemical fluxes [88-90]. In 644 
peatlands, this challenge is further amplified by hydrologically driven redox heterogeneity, where water-645 
table position and soil moisture regulate oxygen availability, yet may not precisely predict the spatial 646 
distribution of oxic–anoxic interfaces within the peat profile [91,92]. Accordingly, our results should be 647 
interpreted as evidence for depth-structured functional potential and putative controls on microbial N 648 
cycling, rather than direct estimates of in situ process rates. 649 
 650 
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Figures 681 
 682 

 683 
Figure 1. Alpha diversity patterns of N-cycling genes and microbial taxonomic richness across 684 

peat bog depths and vegetation types. (A,B) Shannon diversity index of 70 N-cycling genes compared 685 
between subsurface and surface soil layers (A) and across vegetation types (B). (C,D) Family-level 686 
taxonomic richness compared between soil layers (C) and vegetation types (D). Boxplots show median, 687 
quartiles, and individual data points. Asterisks denote statistically significant differences (*** p < 0.001; 688 
ns = not significant). 689 
 690 
 691 
 692 
 693 
 694 
 695 
 696 
 697 
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 698 
Figure 2. Principal component analysis of N-cycling gene composition and functional pathway 699 

contributions. (A) PCA ordination of samples based on standardised KEGG ortholog abundances of N-700 
cycling genes. Points represent individual samples coloured by vegetation type (orange = Calluna, blue 701 
= Eriophorum, green = Sphagnum) and shaped by soil depth (triangles = surface, circles = subsurface). 702 
Shaded ellipses represent 95% confidence intervals for each depth layer. PC1 and PC2 explain 51.8% 703 
and 18.6% of total variance, respectively. (B) Functional pathway contributions to principal components 704 
based on squared PCA loadings. Horizontal bars show the relative contribution of each N-cycling 705 
pathway to PC1 (blue) and PC2 (red), with pathways ordered by decreasing total contribution across 706 
both axes. 707 
 708 
 709 
 710 
 711 
 712 
 713 
 714 
 715 
 716 
 717 
 718 
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 719 
Figure 3. N-cycling gene composition and abundance patterns across peat depth layers. 720 

Schematic representation of N-cycling pathways showing the relative abundance of associated genes 721 
in (A) surface and (B) subsurface peat layers. Values are expressed as percentages of total N-cycling 722 
gene pool analysed in this study, excluding genes associated with organic N hydrolysis and 723 
transformation. Only core genes encoding the key enzymes catalysing major N-cycling pathways were 724 
included; percentages therefore represent the relative contribution of each pathway to the overall N-725 
cycling gene pool within each layer. Arrow thickness is proportional to gene abundance within each 726 
layer. Percentage values indicate relative abundance, with colour coding representing significant 727 
differences between depths. Across both panels, red text denotes significantly higher abundance 728 
compared with the other depth layer, blue text denotes significantly lower abundance, and black text 729 
indicates no significant difference (*** p < 0.001). Pathways are distinguished by colour. Purple 730 
(nitrification), green (denitrification), orange (DNRA), brown (anammox), and blue (N fixation). Key 731 
genes for each transformation are labeled in italics. Brown arrows indicate anammox pathways (hds, 732 
hzs, hzo) that were below detection limits in this study.  733 
 734 



 21 

 735 
Figure 4. Abundance of genes involved in organic N hydrolysis and transformation pathways 736 

across peat depth layers. Gene abundances are expressed relative to the total number of KEGG-737 
annotated genes in each sample, allowing comparison of their contribution of overall microbial metabolic 738 
potential. Data points represent mean relative abundance (± standard error) for surface (orange) and 739 
subsurface (blue) samples. Each pathway shows the specific enzymatic reaction and associated gene(s) 740 
in parentheses. Statistical significance between depth layers is indicated by asterisks (* p < 0.05, ** p 741 
< 0.01, *** p < 0.001). Pathways are ordered by decreasing relative abundance. 742 
 743 
 744 
 745 
 746 
 747 
 748 
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 749 
Figure 5. Log2-transformed surface-to-subsurface abundance ratios of N-cycling functional 750 

pathways across vegetation types. The analysis includes all 70 detected N-cycling genes 751 
encompassing N fixation, nitrification, denitrification, DNRA, anammox, and organic N transformation. 752 
Horizontal bars show mean log2(Surface/Subsurface) ratios for each N-cycling pathway, where positive 753 
values indicate surface enrichment and negative values indicate subsurface enrichment. The dashed 754 
vertical line at zero represents equal abundance between depths. Individual data points represent 755 
samples from different vegetation types, Eriophorum (red circles), Calluna (green triangles), and 756 
Sphagnum (blue squares). Background shading intensity corresponds to the magnitude of depth 757 
stratification, with darker shading indicating stronger layer-specific enrichment. Pathways are ordered 758 
from strongest surface enrichment (top) to strongest subsurface enrichment (bottom). 759 
 760 
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 761 
Figure 6. Taxonomic composition of microbial communities associated with N-cycling pathways 762 

across peat depth layers. Taxonomic assignments are based on read-level annotations using the NCBI-763 
nr database. Stacked bar charts show the relative abundance of the top 10 phyla involved in N-cycling. 764 
Asterisks indicate significant differences between depths (*p< 0.05, **p< 0.01, ***p< 0.001). 765 
 766 
 767 
 768 
 769 
 770 
 771 
 772 
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 773 
Figure 7. Phylogenetic distribution and N-cycling gene content of MAGs from peat samples. A 774 

total of 140 high-quality MAGs are displayed in a phylogenetic tree with taxonomic affiliation indicated 775 
by phylum-level color coding.  The heatmap shows the presence or absence of key phosphorus-cycling 776 
genes (left panel, blue) and nitrogen-cycling genes (right panel, red) within each MAG. Cyan and red 777 
cells indicate gene presence, whereas white cells indicate absence. MAGs are ordered based on 778 
hierarchical clustering of abundance profiles using Bray-Curtis dissimilarity. Gene names are grouped 779 
by functional pathway and labeled accordingly. The key P- and N- cycling genes included in the analysis 780 

are summarised in Table S7 and Table S10, respectively. 781 
 782 



 25 

 783 

 784 
Figure 8. Environmental drivers of N-cycling pathway abundance in peat soils. (A) Correlation 785 

matrix showing Spearman correlation coefficients among environmental variables, with circle size 786 
proportional to correlation strength and colour indicating direction (red = positive, blue = negative). 787 
Statistical significance is indicated by asterisks displayed on the circles (* p < 0.05, ** p < 0.01, *** p < 788 
0.001). Mantel test results showing the relative effects of depth, vegetation, and their combined 789 
influence on physicochemical properties. Line thickness represents correlation strength (Mantel's r) and 790 
colour indicates statistical significance. (B) Standardised effect sizes of environmental predictors on N 791 
cycling pathway abundances derived from linear mixed-effects models. Each predictor was evaluated 792 
in a separate model with core identity included as a random effect to account for paired samples from 793 
the same peat core. Points represent regression coefficients standardised by z-scaling (mean = 0, SD 794 
= 1) within each pathway to facilitate comparison of predictor strength, and horizontal bars indicate 95% 795 
confidence intervals. Statistical inference is based on the original model coefficients, whereas the 796 
standardised values are shown for visual comparison of effect sizes across pathways. 797 

 798 
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 799 
Figure 9. Correlations between P-cycling strategies and N-cycling pathways in subsurface peat 800 

(left) and surface peat (right). The heatmaps show pairwise Spearman correlations among N-cycling 801 
pathways, including N fixation, ammonia oxidation, hydroxylamine oxidoreductase, nitrite oxidation, 802 
nitroalkane oxidation, nitrite reduction, nitrite reduction to ammonium, nitric oxide reduction, and organic 803 
nitrogen transformation. Colour intensity indicates the direction and strength of the correlation 804 
coefficient, with red indicating positive correlations and blue indicating negative correlations. Asterisks 805 
denote significant correlations among N-cycling pathways. The central network shows Mantel test 806 
correlations between P-cycling gene categories and N-cycling pathways. P-cycling genes were grouped 807 
into organic phosphorus mineralisation (OPM), inorganic phosphorus solubilisation (IPS), and 808 
phosphorus-starvation response regulation (PSRR); the genes included in each category are listed in 809 
Table S7. Line colour indicates Mantel test significance (green, p < 0.01; yellow, 0.01–0.05; grey, ≥810 

0.05), and line thickness indicates Mantel correlation strength (r). Together, the figure compares the 811 
internal correlation structure of N-cycling pathways and their associations with P-cycling strategies 812 
between subsurface and surface peat communities. 813 
 814 
 815 
 816 
 817 
 818 
 819 
 820 
 821 
 822 
 823 



 27 

References 824 
 825 
1. Leifeld J, Menichetti L. The underappreciated potential of peatlands in global climate change 826 

mitigation strategies. Nature Communications. 2018/03/14 2018;9(1):1071. doi:10.1038/s41467-827 
018-03406-6 828 
 829 

2. Joosten H. The Global Peatland CO2 Picture: peatland status and drainage related emissions in 830 
all countries of the world. The Global Peatland CO2 Picture: peatland status and drainage related 831 
emissions in all countries of the world. 2009:35 pp.  832 

 833 
3. Dieleman CM, Branfireun BA, McLaughlin JW, Lindo Z. Climate change drives a shift in peatland 834 

ecosystem plant community: Implications for ecosystem function and stability. Global Change 835 
Biology. 2015/01/01 2015;21(1):388-395. doi:https://doi.org/10.1111/gcb.12643 836 

 837 
4. Taminskas J, Linkevičienė R, Šimanauskienė R, Jukna L, Kibirkštis G, Tamkevičiūtė M. Climate 838 

change and water table fluctuation: Implications for raised bog surface variability. 839 
Geomorphology. 2018/03/01/ 2018;304:40-49. 840 
doi:https://doi.org/10.1016/j.geomorph.2017.12.026 841 

 842 
5. Murphy MT, Moore TR. Linking root production to aboveground plant characteristics and water 843 

table in a temperate bog. Plant and Soil. 2010/11/01 2010;336(1):219-231. doi:10.1007/s11104-844 
010-0468-1 845 

 846 
6. Ritson JP, Lees KJ, Hill J, Gallego-Sala A, Bebber DP. Climate change impacts on blanket 847 

peatland in Great Britain. Journal of Applied Ecology. 2025/03/01 2025;62(3):701-714. 848 
doi:https://doi.org/10.1111/1365-2664.14864 849 

 850 
7. Keimowitz AR, Parisio S, Adams MS, et al. Identification of Ombrotrophic Bogs in the Catskill 851 

Mountains, NY by Geochemical and Isotopic Methods. Wetlands. 2013/04/01 2013;33(2):355-852 
364. doi:10.1007/s13157-013-0392-2 853 

 854 
8. Hill BH, Elonen CM, Jicha TM, et al. Ecoenzymatic stoichiometry and microbial processing of 855 

organic matter in northern bogs and fens reveals a common P-limitation between peatland types. 856 
Biogeochemistry. 2014/08/01 2014;120(1):203-224. doi:10.1007/s10533-014-9991-0 857 

 858 
9. Salmon VG, Brice DJ, Bridgham S, et al. Nitrogen and phosphorus cycling in an ombrotrophic 859 

peatland: a benchmark for assessing change. Plant and Soil. 2021/09/01 2021;466(1):649-674. 860 
doi:10.1007/s11104-021-05065-x 861 

 862 
10. Schillereff DN, Chiverrell RC, Sjöström JK, et al. Phosphorus supply affects long-term carbon 863 

accumulation in mid-latitude ombrotrophic peatlands. Communications Earth & Environment. 864 
2021/11/24 2021;2(1):241. doi:10.1038/s43247-021-00316-2 865 

 866 
11. Yin T, Feng M, Qiu C, Peng S. Biological Nitrogen Fixation and Nitrogen Accumulation in 867 

Peatlands. Systematic Review. Frontiers in Earth Science. 2022-February-17 2022;Volume 10 - 868 
2022doi:10.3389/feart.2022.670867 869 

 870 
12. Limpens J, Heijmans MMPD, Berendse F. The Nitrogen Cycle in Boreal Peatlands. In: Wieder 871 

RK, Vitt DH, eds. Boreal Peatland Ecosystems. Springer Berlin Heidelberg; 2006:195-230. 872 
 873 

13. Iversen CM, Bridgham SD, Kellogg LE. Scaling plant nitrogen use and uptake efficiencies in 874 
response to nutrient addition in peatlands. Ecology. 2010/03/01 2010;91(3):693-707. 875 
doi:https://doi.org/10.1890/09-0064.1 876 

 877 
14. Larmola T, Leppänen SM, Tuittila E-S, et al. Methanotrophy induces nitrogen fixation during 878 

peatland development. Proceedings of the National Academy of Sciences. 2014/01/14 879 
2014;111(2):734-739. doi:10.1073/pnas.1314284111 880 

 881 



 28 

15. Payne RJ, Campbell C, Britton AJ, et al. What is the most ecologically-meaningful metric of 882 
nitrogen deposition? Environmental Pollution. 2019/04/01/ 2019;247:319-331. 883 
doi:https://doi.org/10.1016/j.envpol.2019.01.059 884 

 885 
16. Sgouridis F, Yates CA, Lloyd CEM, et al. Chronic atmospheric reactive N deposition has breached 886 

the N sink capacity of a northern ombrotrophic peatbog increasing the gaseous and fluvial N 887 
losses. Science of The Total Environment. 2021/09/15/ 2021;787:147552. 888 
doi:https://doi.org/10.1016/j.scitotenv.2021.147552 889 

 890 
17. Gios E, Verbruggen E, Audet J, et al. Unraveling microbial processes involved in carbon and 891 

nitrogen cycling and greenhouse gas emissions in rewetted peatlands by molecular biology. 892 
Biogeochemistry. 2024/04/01 2024;167(4):609-629. doi:10.1007/s10533-024-01122-6 893 

 894 
18. Hill BH, Jicha TM, Lehto LLP, Elonen CM, Sebestyen SD, Kolka RK. Comparisons of soil nitrogen 895 

mass balances for an ombrotrophic bog and a minerotrophic fen in northern Minnesota. Science 896 
of The Total Environment. 2016/04/15/ 2016;550:880-892. 897 
doi:https://doi.org/10.1016/j.scitotenv.2016.01.178 898 

 899 
19. Che R, Qin J, Tahmasbian I, et al. Litter amendment rather than phosphorus can dramatically 900 

change inorganic nitrogen pools in a degraded grassland soil by affecting nitrogen-cycling 901 
microbes. Soil Biology and Biochemistry. 2018/05/01/ 2018;120:145-152. 902 
doi:https://doi.org/10.1016/j.soilbio.2018.02.006 903 

 904 
20. Li Q, Zhang H, Zhang L, Chen S. Functional analysis of multiple nifB genes of Paenibacillus 905 

strains in synthesis of Mo-, Fe- and V-nitrogenases. Microbial Cell Factories. 2021/07/19 906 
2021;20(1):139. doi:10.1186/s12934-021-01629-9 907 

 908 
21. Ren J, Tang J, Min H, et al. Nitrogen removal characteristics of novel bacterium Klebsiella sp. 909 

TSH15 by assimilatory/dissimilatory nitrate reduction and ammonia assimilation. Bioresource 910 
Technology. 2024/02/01/ 2024;394:130184. doi:https://doi.org/10.1016/j.biortech.2023.130184 911 

 912 
22. Kane ES, Veverica TJ, Tfaily MM, et al. Reduction-Oxidation Potential and Dissolved Organic 913 

Matter Composition in Northern Peat Soil: Interactive Controls of Water Table Position and Plant 914 
Functional Groups. Journal of Geophysical Research: Biogeosciences. 2019/11/01 915 
2019;124(11):3600-3617. doi:https://doi.org/10.1029/2019JG005339 916 

 917 
23. Allingham SM, Drake SJ, Ramsey A, Field CD, Nwaishi FC, Elliott DR. Changes in nitrogen 918 

functional genes and microbial populations in soil profiles of a peatland under different burning 919 
regimes. Applied Soil Ecology. 2024/08/01/ 2024;200:105426. 920 
doi:https://doi.org/10.1016/j.apsoil.2024.105426 921 

 922 
24. Kazmi FA, Mander Ü, Ranniku R, et al. Nitrogen cycling genes abundance in soil and 923 

aboveground compartments of tropical peatland cloud forests and a wetland on Réunion Island. 924 
Scientific Reports. 2025/07/25 2025;15(1):27155. doi:10.1038/s41598-025-12367-y 925 

 926 
25. Koskinen M, Anttila J, Vranová V, et al. Covariation of redox potential profiles and the water table 927 

level at peatland sites representing different drainage regimes: implications for ecological 928 
modelling. Biogeosciences. 2025;22(15):3989-4012. doi:10.5194/bg-22-3989-2025 929 

 930 
26. Worrall F, Moody CS, Clay GD, Burt TP, Rose R. The total phosphorus budget of a peat-covered 931 

catchment. Journal of Geophysical Research: Biogeosciences. 2016/07/01 2016;121(7):1814-932 
1828. doi:https://doi.org/10.1002/2016JG003375 933 

 934 
27. Worrall F, Clay GD, Heckman K, Ritson J, Evans M, Small J. The formation of peat—Decreasing 935 

density with depth in UK peats. Soil Use and Management. 2024/10/01 2024;40(4):e13155. 936 
doi:https://doi.org/10.1111/sum.13155 937 

 938 
28. Robroek BJM, Jassey VEJ, Kox MAR, et al. Peatland vascular plant functional types affect 939 

methane dynamics by altering microbial community structure. Journal of Ecology. 2015/07/01 940 
2015;103(4):925-934. doi:https://doi.org/10.1111/1365-2745.12413 941 



 29 

 942 
29. Lamit LJ, Romanowicz KJ, Potvin LR, et al. Peatland microbial community responses to plant 943 

functional group and drought are depth-dependent. Molecular Ecology. 2021/10/01 944 
2021;30(20):5119-5136. doi:https://doi.org/10.1111/mec.16125 945 

 946 
30. Turner TR, Ramakrishnan K, Walshaw J, et al. Comparative metatranscriptomics reveals kingdom 947 

level changes in the rhizosphere microbiome of plants. The ISME Journal. 2013;7(12):2248-2258. 948 
doi:10.1038/ismej.2013.119 949 

 950 
31. van Winden JF, Reichart G-J, McNamara NP, Benthien A, Damsté JSS. Temperature-Induced 951 

Increase in Methane Release from Peat Bogs: A Mesocosm Experiment. PLOS ONE. 952 
2012;7(6):e39614. doi:10.1371/journal.pone.0039614 953 

 954 
32. Ward SE, Ostle NJ, Oakley S, Quirk H, Henrys PA, Bardgett RD. Warming effects on greenhouse 955 

gas fluxes in peatlands are modulated by vegetation composition. Ecology Letters. 2013/10/01 956 
2013;16(10):1285-1293. doi:https://doi.org/10.1111/ele.12167 957 

 958 
33. Delavaux CS, Bever JD, Karppinen EM, Bainard LD. Keeping it cool: Soil sample cold pack 959 

storage and DNA shipment up to 1 month does not impact metabarcoding results. Ecology and 960 
Evolution. 2020/06/01 2020;10(11):4652-4664. doi:https://doi.org/10.1002/ece3.6219 961 

 962 
34. Murphy J, Riley JP. A modified single solution method for the determination of phosphate in 963 

natural waters. Analytica Chimica Acta. 1962/01/01/ 1962;27:31-36. 964 
doi:https://doi.org/10.1016/S0003-2670(00)88444-5 965 

 966 
35. Chen S, Zhou Y, Chen Y, Gu J. fastp: an ultra-fast all-in-one FASTQ preprocessor. Bioinformatics. 967 

2018;34(17):i884-i890. doi:10.1093/bioinformatics/bty560 968 
 969 

36. Tamames J, Puente-Sánchez F. SqueezeMeta, A Highly Portable, Fully Automatic Metagenomic 970 
Analysis Pipeline. Technology Report. Frontiers in Microbiology. 2019-January-24 2019;Volume 9 971 
- 2018doi:10.3389/fmicb.2018.03349 972 

 973 
37. Li D, Liu C-M, Luo R, Sadakane K, Lam T-W. MEGAHIT: an ultra-fast single-node solution for 974 

large and complex metagenomics assembly via succinct de Bruijn graph. Bioinformatics. 975 
2015;31(10):1674-1676. doi:10.1093/bioinformatics/btv033 976 

 977 
38. Hyatt D, Chen G-L, LoCascio PF, Land ML, Larimer FW, Hauser LJ. Prodigal: prokaryotic gene 978 

recognition and translation initiation site identification. BMC Bioinformatics. 2010/03/08 979 
2010;11(1):119. doi:10.1186/1471-2105-11-119 980 

 981 
39. Kanehisa M, Sato Y, Kawashima M, Furumichi M, Tanabe M. KEGG as a reference resource for 982 

gene and protein annotation. Nucleic Acids Research. 2016;44(D1):D457-D462. 983 
doi:10.1093/nar/gkv1070 984 

 985 
40. Buchfink B, Reuter K, Drost H-G. Sensitive protein alignments at tree-of-life scale using 986 

DIAMOND. Nature Methods. 2021/04/01 2021;18(4):366-368. doi:10.1038/s41592-021-01101-x 987 
 988 

41. Mistry J, Finn RD, Eddy SR, Bateman A, Punta M. Challenges in homology search: HMMER3 and 989 
convergent evolution of coiled-coil regions. Nucleic Acids Research. 2013;41(12):e121-e121. 990 
doi:10.1093/nar/gkt263 991 

 992 
42. Pruitt KD, Tatusova T, Maglott DR. NCBI Reference Sequence (RefSeq): a curated non-redundant 993 

sequence database of genomes, transcripts and proteins. Nucleic Acids Research. 994 
2005;33(suppl_1):D501-D504. doi:10.1093/nar/gki025 995 

 996 
43. Tu Q, Lin L, Cheng L, Deng Y, He Z. NCycDB: a curated integrative database for fast and 997 

accurate metagenomic profiling of nitrogen cycling genes. Bioinformatics. 2019;35(6):1040-1048. 998 
doi:10.1093/bioinformatics/bty741 999 

 1000 



 30 

44. Zeng J, Tu Q, Yu X, et al. PCycDB: a comprehensive and accurate database for fast analysis of 1001 
phosphorus cycling genes. Microbiome. 2022/07/04 2022;10(1):101. doi:10.1186/s40168-022-1002 
01292-1 1003 

 1004 
45. Siles JA, Starke R, Martinovic T, Parente Fernandes ML, Orgiazzi A, Bastida F. Distribution of 1005 

phosphorus cycling genes across land uses and microbial taxonomic groups based on 1006 
metagenome and genome mining. Soil Biology and Biochemistry. 2022/11/01/ 2022;174:108826. 1007 
doi:https://doi.org/10.1016/j.soilbio.2022.108826 1008 

 1009 
46. Kang DD, Li F, Kirton E, et al. MetaBAT 2: an adaptive binning algorithm for robust and efficient 1010 

genome reconstruction from metagenome assemblies. PeerJ. 2019/07/26 2019;7:e7359. 1011 
doi:10.7717/peerj.7359 1012 

 1013 
47. Alneberg J, Bjarnason BS, de Bruijn I, et al. Binning metagenomic contigs by coverage and 1014 

composition. Nature Methods. 2014/11/01 2014;11(11):1144-1146. doi:10.1038/nmeth.3103 1015 
 1016 

48. Sieber CMK, Probst AJ, Sharrar A, et al. Recovery of genomes from metagenomes via a 1017 
dereplication, aggregation and scoring strategy. Nature Microbiology. 2018/07/01 2018;3(7):836-1018 
843. doi:10.1038/s41564-018-0171-1 1019 

 1020 
49. Parks DH, Imelfort M, Skennerton CT, Hugenholtz P, Tyson GW. CheckM: assessing the quality of 1021 

microbial genomes recovered from isolates, single cells, and metagenomes. Genome Research. 1022 
July 1, 2015 2015;25(7):1043-1055. doi:10.1101/gr.186072.114 1023 

 1024 
50. Chaumeil P-A, Mussig AJ, Hugenholtz P, Parks DH. GTDB-Tk v2: memory friendly classification 1025 

with the genome taxonomy database. Bioinformatics. 2022;38(23):5315-5316. 1026 
doi:10.1093/bioinformatics/btac672 1027 

 1028 
51. Aroney STN, Newell RJP, Nissen JN, Camargo AP, Tyson GW, Woodcroft BJ. CoverM: read 1029 

alignment statistics for metagenomics. Bioinformatics. 2025;41(4):btaf147. 1030 
doi:10.1093/bioinformatics/btaf147 1031 

 1032 
52. Friedman J, Alm EJ. Inferring Correlation Networks from Genomic Survey Data. PLOS 1033 

Computational Biology. 2012;8(9):e1002687. doi:10.1371/journal.pcbi.1002687 1034 
 1035 

53. Shannon P, Markiel A, Ozier O, et al. Cytoscape: A Software Environment for Integrated Models of 1036 
Biomolecular Interaction Networks. Genome Research. November 1, 2003 2003;13(11):2498-1037 
2504. doi:10.1101/gr.1239303 1038 

 1039 
54. Heymann S. Gephi. In: Alhajj R, Rokne J, eds. Encyclopedia of Social Network Analysis and 1040 

Mining. Springer New York; 2014:612-625. 1041 
 1042 

55. Geisseler D, Horwath WR, Joergensen RG, Ludwig B. Pathways of nitrogen utilization by soil 1043 
microorganisms – A review. Soil Biology and Biochemistry. 2010/12/01/ 2010;42(12):2058-2067. 1044 
doi:https://doi.org/10.1016/j.soilbio.2010.08.021 1045 

 1046 
56. Vranova V, Zahradnickova H, Janous D, et al. The significance of D-amino acids in soil, fate and 1047 

utilization by microbes and plants: review and identification of knowledge gaps. Plant and Soil. 1048 
2012/05/01 2012;354(1):21-39. doi:10.1007/s11104-011-1059-5 1049 

 1050 
57. Mooshammer M, Wanek W, Jones SH, Richter A, Wagner M. Cyanate is a low abundance but 1051 

actively cycled nitrogen compound in soil. Communications Earth & Environment. 2021/08/13 1052 
2021;2(1):161. doi:10.1038/s43247-021-00235-2 1053 

 1054 
58. Hatton P-J, Remusat L, Zeller B, Brewer EA, Derrien D. NanoSIMS investigation of glycine-1055 

derived C and N retention with soil organo-mineral associations. Biogeochemistry. 2015/09/01 1056 
2015;125(3):303-313. doi:10.1007/s10533-015-0138-8 1057 

 1058 



 31 

59. Weiss IM, Muth C, Drumm R, Kirchner HOK. Thermal decomposition of the amino acids glycine, 1059 
cysteine, aspartic acid, asparagine, glutamic acid, glutamine, arginine and histidine. BMC 1060 
Biophysics. 2018/02/09 2018;11(1):2. doi:10.1186/s13628-018-0042-4 1061 

 1062 
60. Hassan J, Qu Z, Bergaust LL, Bakken LR. Transient Accumulation of NO2- and N2O during 1063 

Denitrification Explained by Assuming Cell Diversification by Stochastic Transcription of 1064 
Denitrification Genes. PLOS Computational Biology. 2016;12(1):e1004621. 1065 
doi:10.1371/journal.pcbi.1004621 1066 

 1067 
61. Zhang Y, Zhang F, Abalos D, et al. Stimulation of ammonia oxidizer and denitrifier abundances by 1068 

nitrogen loading: Poor predictability for increased soil N2O emission. Global Change Biology. 1069 
2022/03/01 2022;28(6):2158-2168. doi:https://doi.org/10.1111/gcb.16042 1070 

 1071 
62. Morris BEL, Henneberger R, Huber H, Moissl-Eichinger C. Microbial syntrophy: interaction for the 1072 

common good. FEMS Microbiology Reviews. 2013;37(3):384-406. doi:10.1111/1574-6976.12019 1073 
 1074 

63. Louca S, Polz MF, Mazel F, et al. Function and functional redundancy in microbial systems. 1075 
Nature Ecology & Evolution. 2018/06/01 2018;2(6):936-943. doi:10.1038/s41559-018-0519-1 1076 

 1077 
64. He M, Dijkstra FA. Phosphorus addition enhances loss of nitrogen in a phosphorus-poor soil. Soil 1078 

Biology and Biochemistry. 2015/03/01/ 2015;82:99-106. 1079 
doi:https://doi.org/10.1016/j.soilbio.2014.12.015 1080 

 1081 
65. Cheng Y, Wang J, Sun N, et al. Phosphorus addition enhances gross microbial N cycling in 1082 

phosphorus-poor soils: a 15N study from two long-term fertilization experiments. Biology and 1083 
Fertility of Soils. 2018/08/01 2018;54(6):783-789. doi:10.1007/s00374-018-1294-5 1084 

 1085 
66. DeForest JL, Otuya RK. Soil nitrification increases with elevated phosphorus or soil pH in an 1086 

acidic mixed mesophytic deciduous forest. Soil Biology and Biochemistry. 2020/03/01/ 1087 
2020;142:107716. doi:https://doi.org/10.1016/j.soilbio.2020.107716 1088 

 1089 
67. Chen J, vanGroenigen KJ, Hungate BA, et al. Long-term nitrogen loading alleviates phosphorus 1090 

limitation in terrestrial ecosystems. Global Change Biology. 2020/06/12 2020;26(9): 5077-5086. 1091 
doi:https://doi.org/10.1111/gcb.15218 1092 

 1093 
68. Allison SD, Vitousek PM. Responses of extracellular enzymes to simple and complex nutrient 1094 

inputs. Soil Biology and Biochemistry. 2004/09/21 2005; 37(5): 937-944. doi: 1095 
https://doi.org/10.1016/j.soilbio.2004.09.014 1096 

 1097 
69. Sinsabaugh RL, Shah JJF. Ecoenzymatic stoichiometry and ecological theory. Annual Review of 1098 

Ecology, Evolution, and Systematics. 2012/09/04 2012;43:313-343. doi: 1099 
https://doi.org/10.1146/annurev-ecolsys-071112-124414 1100 

 1101 
70. Chen J, Cordero I, Moorhead DL, et al. Trade-off between microbial carbon use efficiency and 1102 

specific nutrient-acquiring extracellular enzyme activities under reduced oxygen. Soil Ecology 1103 
Letters. 2022/12/29 2022; 2:220157. doi:  https://doi.org/10.1007/s42832-022-0157-z 1104 
 1105 

71. Wiedermann MM, Kane ES, Potvin LR, et al. Interactive plant functional group and water table 1106 
effects on decomposition and extracellular enzyme activity in Sphagnum peatlands. Soil Biology 1107 
and Biochemistry. 2017/01/31 2017; 108: 1-8. 1108 

 1109 
72. Pregitzer KS, Burton AJ, Zak DR, Talhelm AF. Simulated chronic nitrogen deposition increases 1110 

carbon storage in Northern Temperate forests. Global Change Biology. 2008/01/01 1111 
2008;14(1):142-153. doi:https://doi.org/10.1111/j.1365-2486.2007.01465.x 1112 

 1113 
73. Aber J, McDowell W, Nadelhoffer K, et al. Nitrogen Saturation in Temperate Forest Ecosystems: 1114 

Hypotheses revisited. BioScience. 1998;48(11):921-934. doi:10.2307/1313296 1115 
 1116 
74. Du B, Kiese R, Butterbach-Bahl K, Dirnböck T, Rennnenberg H. Consequences of nitrogen 1117 

deposition and soil acidification in European forest ecosystems and mitigation approaches. Forest 1118 

https://doi.org/10.1016/j.soilbio.2004.09.014
https://doi.org/10.1146/annurev-ecolsys-071112-124414


 32 

Ecology and Management. 2025/03/15/ 2025;580:122523. 1119 
doi:https://doi.org/10.1016/j.foreco.2025.122523 1120 

 1121 
75. Lu J, Tian H, Xiong J, Wu X, Liu Y, Zhang H. Effects of N and P Fertilization on Soil N-Cycling 1122 

Microbial Community Structure in White Clover Grasslands. Current Microbiology. 2025/03/14 1123 
2025;82(5):195. doi:10.1007/s00284-025-04168-3 1124 

 1125 
76. Bragina A, Oberauner-Wappis L, Zachow C, et al. The Sphagnum microbiome supports bog 1126 

ecosystem functioning under extreme conditions. Molecular Ecology. 2014/09/01 1127 
2014;23(18):4498-4510. doi:https://doi.org/10.1111/mec.12885 1128 

 1129 
77. Wiedermann MM, Kane ES, Potvin LR, Lilleskov EA. Interactive plant functional group and water 1130 

table effects on decomposition and extracellular enzyme activity in Sphagnum peatlands. Soil 1131 
Biology and Biochemistry. 2017/05/01/ 2017;108:1-8. 1132 
doi:https://doi.org/10.1016/j.soilbio.2017.01.008 1133 

 1134 
78. Whittington P, Koiter A. Change in Particle Density and Other Hydrophysical Properties With 1135 

Depth in a Northern Boreal Bog Peatland. Wetlands. 2025/03/18 2025;45(4):36. 1136 
doi:10.1007/s13157-025-01918-8 1137 

 1138 
79. Wicaksono WA, Cernava T, Berg C, Berg G. Bog ecosystems as a playground for plant–microbe 1139 

coevolution: bryophytes and vascular plants harbour functionally adapted bacteria. Microbiome. 1140 
2021/08/11 2021;9(1):170. doi:10.1186/s40168-021-01117-7 1141 

 1142 
80. Coskun D, Britto DT, Shi W, Kronzucker HJ. How Plant Root Exudates Shape the Nitrogen Cycle. 1143 

Trends in Plant Science. 2017;22(8):661-673. doi:10.1016/j.tplants.2017.05.004 1144 
 1145 

81. Hou C, Yu S, Yin Z, et al. Seasonal Differences and Driving Factors of Microbial Community 1146 
Structure in Wetlands Along Shores of Daihai Lake. Sustainability. 2024;16(24):11221.  1147 

 1148 
82. Khomutovska N, Jasser I, Isidorov VA. Unraveling the Role of Bacteria in Nitrogen Cycling: 1149 

Insights from Leaf Litter Decomposition in the Knyszyn Forest. Forests. 2024;15(6):1065.  1150 
 1151 

83. Chen N, Wang L, Zhao Z, Zhu M, Li Y. Impacts of aquaculture on nitrogen cycling and microbial 1152 
community dynamics in coastal tidal flats. Environmental Research. 2025/04/01/ 1153 
2025;270:120973. doi:https://doi.org/10.1016/j.envres.2025.120973 1154 

 1155 
84. Wang S, Jiang L, Zhao Z, et al. Chemolithoautotrophic diazotrophs dominate dark nitrogen 1156 

fixation in mangrove sediments. The ISME Journal. 2024;18(1):wrae119. 1157 
doi:10.1093/ismejo/wrae119 1158 

 1159 
85. Fan Y, Zhou Z, Liu F, et al. The vertical partitioning between denitrification and dissimilatory nitrate 1160 

reduction to ammonium of coastal mangrove sediment microbiomes. Water Research. 1161 
2024/09/15/ 2024;262:122113. doi:https://doi.org/10.1016/j.watres.2024.122113 1162 

 1163 
86. Rubol S, Silver WL, Bellin A. Hydrologic control on redox and nitrogen dynamics in a peatland 1164 

soil. Science of The Total Environment. 2012/08/15/ 2012;432:37-46. 1165 
doi:https://doi.org/10.1016/j.scitotenv.2012.05.073 1166 

 1167 
87. Andersen R, Wells C, Macrae M, Price J. Nutrient mineralisation and microbial functional diversity 1168 

in a restored bog approach natural conditions 10 years post restoration. Soil Biology and 1169 
Biochemistry. 2013/09/01/ 2013;64:37-47. doi:https://doi.org/10.1016/j.soilbio.2013.04.004 1170 

 1171 
88. Chen J, Zhang Y, Kuzyakov Y, et al. Challenges in upscaling laboratory studies to ecosystems in 1172 

soil microbiology research. Global Change Biology. 2022/11/28 2022; 29(3): 569-574. doi: 1173 
https://doi.org/10.1111/gcb.16537 1174 

 1175 
89.  Jansson JK, Hofmockel K. The soil microbiome – from metagenomics to metaphenomics. 1176 

Current Opintion in Microbiology. 2018/02/15 2018; 43: 162-168. doi: 1177 
https://doi.org/10.1016/j.mib.2018.01.013 1178 

https://doi.org/10.1111/gcb.16537
https://doi.org/10.1016/j.mib.2018.01.013


 33 

 1179 
90. Myrold DD, Zeglin LH, Jansson JK. The potential of metagenomic approaches for understanding 1180 

soil microbial processes. Soil Science Society of America Journal. 2013/11/07 2013; 78(1): 3-10. 1181 
doi: https://doi.org/10.2136/sssaj2013.07.0287dgs  1182 

 1183 
91. Rubol S, Silver WL, Bellin A. Hydrologic control on redox and nitrogen dynamics in a peatland 1184 

soil. Science of the Total Environment. 2012/06/15 2012; 432: 37-46. doi: 1185 
https://doi.org/10.1016/j.scitotenv.2012.05.073 1186 

 1187 
92. Koskinen M, Anttila J, Vranova V, et al. Covariation of redox potential profiles and the water table 1188 

level at peatland sites representing different drainage regimes: implications for ecological 1189 
modelling. Biogeosciences. 2025/08/14 2025; 22(15): 3989-4012. doi: https://doi.org/10.5194/bg-1190 
22-3989-2025 1191 

https://doi.org/10.2136/sssaj2013.07.0287dgs
https://doi.org/10.1016/j.scitotenv.2012.05.073


 S1 

Supplemental Information for: 

Phosphorus Availability Mediates Pathway-Specific Nitrogen Cycling in Stratified Peatland 

Microbiomes 

 

Authors: Shuaizhi Guo1, Niall P. McNamara2, Gary D. Bending1, Ryan M. Mushinski1* 

 

Author Affiliations: 

1 School of Life Sciences, Gibbet Hill Campus, University of Warwick, Coventry, CV4 7AL, UK 

2 Centre for Ecology and Hydrology, Lancaster Environment Centre, Library Avenue, Bailrigg, 

Lancaster LA1 4AP, UK  

 

*Corresponding author: Ryan M. Mushinski [Ryan.Mushinski@warwick.ac.uk] 

 

Mailing Address: 

School of Life Sciences 

Gibbet Hill Campus 

University of Warwick 

Coventry CV4 7AL 

United Kingdom 

 

 

 

 

 

 

 

 

 

 

mailto:Ryan.Mushinski@warwick.ac.uk


 S2 

 

 

Table of Contents 
 

Supplementary Figures                                                                         Page Number 

Figure S1: Monthly water table depth fluctuations from 2014 to 2024 ................................................................. S3 

Figure S2: Taxonomic alpha diversity across peat depth and vegetation types ................................................... S4 

Figure S3: Abundances of N2O production and consumption genes across vegetation types and depth layers . S6 

Figure S4: Normalised Stochasticity Ratio of Functional Gene Communities ...................................................... S7 

Figure S5: Co-occurrence Network of Nitrogen Cycling Genes ........................................................................... S8 

Figure S6: Co-occurrence Network of Metagenome-Assembled Genomes ......................................................... S9 

 

 Supplementary Tables 

Table S1. Physicochemical properties of peat samples. ........................................................................................ 10 

Table S2. Comparison of physicochemical properties between surface and subsurface peat layers .................... 10 

Table S3. Functional genes involved in nitrogen cycling processes ...................................................................... 11 

Table S4. Spearman correlations between KEGG amo genes and NCycDB pmo genes ...................................... 12 

Table S5. KEGG-NCycDB genes and functional gene ratio correlations (Spearman). .......................................... 12 

Table S6. KEGG-NCycDB genes and functional gene ratio correlations (Pearson). ............................................. 12 

Table S7. Details on the key functional genes related to phosphorus cycling studied in the present work ............ 12 

Table S8. Pairwise Welch t-test comparisons of log2 surface-to-subsurface ratios of nitrogen cycling processes 

among vegetation types. ........................................................................................................................................ 13 

Table S9. Relative abundance of dominant microbial phyla carrying nitrogen-cycling genes across peat samples 

under different vegetation types and depths. .......................................................................................................... 14 

Table S10.  Details on the key functional genes related to nitrogen cycling studied in the present work .............. 15 

 

 

 

 

 

 



 S3 

Supplementary Figures              

                                                             

 

Figure S1. Monthly water table depth fluctuations from 2014 to 2024 at the study site. Red dots and 

lines represent measurements from 2024, with field sampling conducted in July (indicated by arrow). 

Negative values indicate water table below the peat surface. 
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Figure S2. Taxonomic alpha diversity across peat depth and vegetation types at multiple taxonomic 

resolutions. (A) Family-level Shannon diversity comparing surface and subsurface communities and 

across vegetation types. (B) Order-level alpha diversity showing richness and Shannon diversity across 
soil layers and vegetation types. (C) Genus-level alpha diversity showing richness and Shannon 

diversity across soil layers and vegetation types. Points represent individual samples and boxplots 

summarise the distribution within each group. Statistical significance is indicated as *p < 0.05 and ***p 

< 0.001, while “ns” denotes non-significant differences. 
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Figure S3. Abundances of genes involved in N2O production and consumption pathways across 

vegetation types and depth layers. Bars show mean gene abundance (± SE) for nitrite reduction (nirS, 

nirK; NO2⁻ à NO), nitric oxide reduction (norB; NO à N2O), and N₂O reduction (nosZ; N2O à N2) in 

surface and subsurface peat associated with Calluna, Eriophorum, and Sphagnum. Genes involved in 

NO2⁻ and NO reduction were significantly more abundant in subsurface samples, whereas nosZ 

showed no significant differences across depths or vegetation types. Different letters indicate significant 

differences among groups (p < 0.05). 
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Figure S4. Normalised stochasticity ratio (NST) analysis of nitrogen-cycling gene communities in 

surface and subsurface peat layers. NST values indicate the relative contribution of stochastic 

processes to community assembly, with values >50% indicating stochastic dominance and <50% 

indicating deterministic dominance. Surface communities showed predominantly deterministic 

assembly (NST = 44.4%), while subsurface communities were governed by stochastic processes (NST 
= 58.3%). 
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Figure S5. Co-occurrence networks of nitrogen-cycling genes in surface and subsurface peat samples 

inferred using the SparCC algorithm. Only statistically significant correlations are shown (|r| ≥ 0.3, p < 

0.05). Nodes represent individual N-cycling genes coloured by functional pathway. Edges represent 

positive (red) or negative (grey) correlations, and node size is proportional to degree centrality (number 

of connections). Network topology metrics indicate that surface networks were more complex and 
cohesive (70 nodes, 313 edges, network density = 0.13, average degree = 8.94) compared with 

subsurface networks (48 nodes, 40 edges, network density = 0.035, average degree = 1.67). 
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Figure S6. Taxonomic co-occurrence networks of metagenome-assembled genomes (MAGs) inferred 

using the SparCC algorithm from abundance correlations across samples. Networks include 140 high-

quality MAGs (>75% completeness, <5% contamination). Only statistically significant correlations are 

shown (|r| ≥ 0.3, p < 0.05). Nodes represent individual MAGs coloured by phylum, and node size is 
proportional to degree centrality (number of connections). Edges represent positive (pink) or negative 

(grey) correlations. Network topology metrics indicate that subsurface communities formed denser and 

more connected networks (137 nodes, 2205 edges, network density = 0.237, average degree = 32.19) 

than surface communities (136 nodes, 1761 edges, network density = 0.192, average degree = 25.9), 

suggesting stronger taxonomic connectivity in subsurface peat communities that may reflect increased 

metabolic interdependence under oligotrophic, anoxic conditions. 
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Supplementary Tables             

 

Table S1. Physicochemical properties of peat samples corresponding to NCBI BioSample accession 

numbers SAMN50450969–SAMN50450986. 

 

 

 

Table S2. Comparison of physicochemical properties between surface (0–20 cm) and subsurface 

(20–40 cm) peat layers using Mann–Whitney tests. 

Variable Surface mean Subsurface mean p-value Significant 
TN (%) 1.83 1.43 0.00057 Yes 
TC (%) 49.01 51.24 0.00807 Yes 
TS (%) 0.73 0.50 0.00041 Yes 
TP (%) 0.119 0.081 0.00148 Yes 

EC (mS cm-1) 0.193 0.140 0.00330 Yes 
pH 3.80 3.99 0.00090 Yes 

Moisture (%) 89.77 90.77 0.00472 Yes 
 

 

 

Sample Depth BioSample 
Accession 

SRA TN  
(%) 

TC 
(%) 

TS 
(%) 

TP 
(%) 

EC 
(mS cm⁻¹) 

pH Moisture 
(%) 

GAT 0-20cm SAMN50450972 SRS26073066 1.87 49.79 0.975 0.0953 0.19 3.69 89.770 

GBT 0-20cm SAMN50450973 SRS26073067 1.86 48.87 0.721 0.0985 0.2 3.84 89.530 

GCT 0-20cm SAMN50450974 SRS26073068 1.81 49.01 0.737 0.1217 0.26 3.68 88.646 
CAT 0-20cm SAMN50450969 SRS26073055 1.71 48.58 0.768 0.1148 0.13 3.71 90.282 

CBT 0-20cm SAMN50450970 SRS26073056 1.53 47.33 0.645 0.1131 0.16 3.84 91.080 

CCT 0-20cm SAMN50450971 SRS26073065 1.73 48.54 0.771 0.1303 0.18 3.81 89.918 
MAT 0-20cm SAMN50450975 SRS26073069 2.03 50.19 0.666 0.1428 0.215 3.85 89.433 

MBT 0-20cm SAMN50450976 SRS26073070 1.95 49.41 0.666 0.1282 0.2 3.88 89.990 

MCT 0-20cm SAMN50450977 SRS26073071 1.98 49.36 0.643 0.1257 0.2 3.86 89.295 
GAB 20-40cm SAMN50450981 SRS26073059 1.44 55.58 0.536 0.0725 0.13 4.06 90.966 

GBB 20-40cm SAMN50450982 SRS26073060 1.45 50.5 0.511 0.0794 0.15 3.9 90.261 

GCB 20-40cm SAMN50450983 SRS26073061 1.16 52.26 0.471 0.0648 0.14 3.96 90.763 

CAB 20-40cm SAMN50450978 SRS26073072 1.47 49.77 0.475 0.1073 0.12 3.85 90.316 
CBB 20-40cm SAMN50450979 SRS26073057 1.43 50.3 0.48 0.1017 0.15 4.07 91.604 

CCB 20-40cm SAMN50450980 SRS26073058 1.48 48.05 0.56 0.0862 0.11 4.03 90.695 

MAB 20-40cm SAMN50450984 SRS26073062 1.36 51.23 0.472 0.0691 0.15 4.03 90.411 
MBB 20-40cm SAMN50450985 SRS26073063 1.6 51.77 0.467 0.0682 0.16 4.06 90.370 

MCB 20-40cm SAMN50450986 SRS26073064 1.52 51.68 0.485 0.0824 0.15 3.96 91.551 
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Table S3. Functional genes involved in nitrogen cycling processes 

N Cycling Functional Categories Genes 

Nitrogen Fixation nifA, nifX, nifW, nifV, nifD, nifN, nifK, nifH, nifB, nifE, nifT, nifHD2, nifZ, anfG, 
vnfD, vnfH, vnfK 

Ammonia Oxidation amoA, amoB, amoC 

Hydroxylamine Oxidatioreductase 
 

hcp, hao 

Nitrite Oxidation 

Nitroalkane Oxidation 

Nitrate Reduction 
 

nxrA, nxrB 

nao 

napA, napB, napC, napD, napE, napG, napH, narB, narV, narW, nasA, nirS, 
nirK 

Nitrite Reduction to Ammonium 

Nitric Oxide Reduction 

Organic Nitrogen Transformation 
 

nirA, nirB, nirD, nrfD, nrfC, nirfF, nrfA 

norB, norC, norD, nosZ 

gdhA, glsA, glnA, asnB, gltD, gdh2, gltS, gltB, ureA, ureB, ureC, nmo, glt1, 
gudB, ansB, dadA, gcvT, amiF, cynS, aspA, metC 
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Table S4. Spearman correlations between KEGG amo genes and NCycDB pmo genes 

Comparison Spearman ρ p-value n 

pmoA (NCycDB) vs amoA (KEGG) 0.918 1.5 × 10-7  18 

pmoB (NCycDB) vs amoB (KEGG) 0.943 9.7 × 10-9  18 

pmoC (NCycDB) vs amoC (KEGG) 0.974 1.1 × 10-11  18 

 

Table S5. Spearman correlations between KEGG and NCycDB annotations for selected nitrogen 
cycling genes and functional ratios. 

Comparison Spearman ρ p-value    n 

amoA (NCycDB vs KEGG) 0.940 7.4 × 10-9   18 

norB (NCycDB vs KEGG) 0.692 1.5 × 10-3   18 

nosZ (NCycDB vs KEGG) 0.639 4.3 × 10-3    18 

ureC (NCycDB vs KEGG) 0.959 7.6 × 10-10   18 

amoA/nosZ (NCycDB vs KEGG) 0.936 1.2 × 10-8   18 

amoA/norB (NCycDB vs KEGG) 0.940 7.4 × 10-9   18 

amoA/ureC (NCycDB vs KEGG) 0.939 8.6 × 10-9   18 

 

Table S6. Pearson correlations between KEGG and NCycDB annotations for selected nitrogen 
cycling genes and functional ratios. 

Comparison Pearson r p-value   n 

amoA (NCycDB vs KEGG) 0.967 6.2 × 10-11 18 

norB (NCycDB vs KEGG) 0.612 6.9 × 10-3 18 

nosZ (NCycDB vs KEGG) 0.661 3.1 × 10-3 18 

ureC (NCycDB vs KEGG) 0.978 4.1 × 10-12 18 

amoA/nosZ (NCycDB vs KEGG) 0.953 5.7 × 10-10 18 

amoA/norB (NCycDB vs KEGG) 0.946 1.6 × 10-9 18 

amoA/ureC (NCycDB vs KEGG) 0.961 1.7 × 10-10 18 

 

 

Table S7. Details on the key functional genes related to P cycling studied in the present work 
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Pathway Gene Enzyme 

Organic P mineralisation phoA Alkaline phosphatase A 

phoD Alkaline phosphatase D 

phoX Alkaline phosphatase X 

phoN Acid phosphatase class A 

aphA Acid phosphatase class B 

olpA Acid phosphatase class C 

appA 4-phytase 

3-phytase 3-phytase 

phnG C–P lyase multienzyme complex 

phnH C–P lyase multienzyme complex 

phnI C–P lyase multienzyme complex 

phnJ C–P lyase multienzyme complex 

phnK C–P lyase multienzyme complex 

phnL C–P lyase multienzyme complex 

phnM C–P lyase multienzyme complex 

Inorganic P solubilisation ppa Inorganic pyrophosphatase 

ppx Exopolyphosphatase 

ppk1 Polyphosphate kinase 

gcd Quinoprotein glucose dehydrogenase 

pqqC Pyrroloquinoline quinone synthase C 

P-starvation response regulation phoB Phosphate regulon response regulator 

phoR Phosphate regulon sensor histidine kinase 

phoU PhoR/phoB inhibitor protein 

 

 

 

 

 

Table S8. Pairwise Welch t-test comparisons of log2 surface-to-subsurface ratios of nitrogen cycling 

processes among vegetation types. 
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Process Eriophorum Calluna Sphagnum Eriophorum vs 
Calluna 

Calluna vs 
Sphagnum 

Eriophorum vs 
Sphagnum 

Oxidative 1.154 1.444 1.536 0.762 0.668 0.933 

N fixation 0.209 0.432 0.535 0.223 0.783 0.196 

Assimilatory 0.283 0.352 0.407 0.330 0.261 0.081 

N hydrolysis / 

transformation 
0.022 0.095 0.247 0.601 0.958 0.445 

Reductive -0.247 -0.092 0.122 0.680 0.646 0.475 

Dissimilatory -1.978 -1.787 -1.844 0.640 0.188 0.091 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table S9. Relative abundance (%) of dominant microbial phyla carrying nitrogen-cycling genes across 

peat samples under different vegetation types and depths. Values represent the percentage contribution 
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of each phylum to the total classified nitrogen-cycling gene annotations in each sample. Only dominant 

phyla are shown, while all remaining phyla are grouped as “Others.” Unclassified taxa were excluded 

prior to analysis and the remaining phyla were re-normalised to sum to 100% within each sample. 

Sample codes indicate vegetation type, soil depth, and replicate. Vegetation types include Calluna (C), 

Eriophorum (G), and Sphagnum (M). Soil depth is indicated by A (surface) and B (subsurface). 

Replicates are labelled A-C. Thus, for example, CAT, CBT, and CCT represent Calluna surface 

replicates A-C, whereas CAB, CBB, and CCB represent Calluna subsurface replicates A-C. Similarly, 
GAT-GCT and MAT-MCT denote surface samples under Eriophorum and Sphagnum vegetation, 

respectively, while GAB-GCB and MAB-MCB represent the corresponding subsurface samples. 

Phylum CAT CAB CCT GAT GBT GCT MAT MBT MCT CAB CBB CCB GAB GBB GCB MAB MBB MCB 

p_Pseudomonadota 69.12 71.09 72.30 69.32 72.19 70.68 75.97 68.04 74.14 66.78 57.04 65.08 60.60 71.77 64.52 61.78 69.56 60.74 

p_Acidobacteriota 5.62 5.62 5.46 5.63 5.38 5.30 5.34 5.87 3.92 11.68 21.74 15.43 17.43 12.55 16.55 17.42 13.46 17.59 

p_Bacteroidota 0.31 0.13 0 0.22 0.38 0.04 0.19 0.21 0.17 3.95 3.87 2.63 2.12 2.17 1.55 3.92 2.33 4.28 

p_Actinomycetota 14.19 13.63 9.92 14.90 12.91 10.36 7.28 12.88 7.32 3.29 1.12 3.93 1.26 2.61 2.56 3.19 1.82 1.52 

p_Thermodesulfobacteriota 0.41 0.52 0.79 0.61 0.70 0.96 1.37 1.22 1.38 3.18 3.01 2.17 3.92 1.34 2.56 3.50 3.46 2.17 

p_Planctomycetota 4.95 5.05 3.23 6.13 3.60 5.89 4.46 4.66 4.15 1.97 2.15 1.85 2.83 1.94 1.96 1.21 1.26 1.45 

p_Verrucomicrobiota 0 0 0.13 0.06 0.11 0 0.15 0.13 0.06 1.43 1.80 1.71 2.04 0.90 1.25 2.17 1.32 1.71 

p_Candidatus Bathyarchaeota 0.15 0.13 0.31 0.11 0 0.17 0.11 0.17 1.21 1.32 1.63 0.65 1.57 1.05 1.01 1.75 1.26 1.78 

p_Euryarchaeota 1.28 0.65 3.41 0.17 1.24 2.26 1.60 2.47 4.26 1.10 1.55 1.57 1.10 0.67 1.43 0.78 1.32 1.12 

p_Bacillota 0 0.09 0.22 0.06 0.05 0.50 0.08 0.76 0.35 0.44 2.66 0.32 2.04 2.76 2.92 0.60 1.70 3.62 

Others 3.98 3.09 4.24 2.81 3.44 3.84 3.43 3.61 3.05 4.88 3.44 4.67 5.10 2.24 3.69 3.68 2.52 4.02 

 

 

 

 

 

 

 

 

 

 

 

 

Table S10.  Details on the key functional genes related to N cycling studied in the present work 
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Nitrogen cycling process Gene Function 

Nitrogen hydrolysis / organic N transformation ureC Urease alpha subunit (urea à NH3) 

Nitrogen hydrolysis / organic N transformation glsA Glutaminase (glutamine à glutamate + NH3) 

Nitrogen hydrolysis / organic N transformation asnB Asparagine synthase 

Nitrogen hydrolysis / organic N transformation ansB L-asparaginase (asparagine à aspartate + NH3) 

Nitrogen hydrolysis / organic N transformation amiF Amidase (amide hydrolysis releasing NH3) 

Nitrogen hydrolysis / organic N transformation cynS Cyanase (cyanate à NH3 + CO2) 

Nitrogen hydrolysis / organic N transformation gdhA Glutamate dehydrogenase 

Nitrogen hydrolysis / organic N transformation gudB Glutamate dehydrogenase 

Nitrogen hydrolysis / organic N transformation nmo Nitronate monooxygenase 

Nitrogen hydrolysis / organic N transformation gcvT Glycine cleavage system T protein 

Nitrogen hydrolysis / organic N transformation aspA Aspartate ammonia-lyase 

Nitrogen hydrolysis / organic N transformation dadA D-amino acid dehydrogenase 

Nitrogen hydrolysis / organic N transformation metC Cystathionine β-lyase 

Nitrogen fixation nifD Nitrogenase molybdenum-iron protein alpha chain 

Nitrogen fixation nifK Nitrogenase molybdenum-iron protein beta chain 

Nitrification  amoA Ammonia monooxygenase subunit A 

Nitrification  amoB Ammonia monooxygenase subunit B 

Nitrification amoC Ammonia monooxygenase subunit C 

Hydroxylamine reductase hcp Hydroxylamine reductase 

Nitrate reduction napA Periplasmic nitrate reductase catalytic subunit 

Nitrate reduction napB Periplasmic nitrate reductase small subunit 

Nitrate reduction narB Ferredoxin-nitrate reductase 

Nitrite oxidation nxrA Nitrite oxidoreductase alpha subunit 

Nitrite oxidation nxrB Nitrite oxidoreductase beta subunit 

Assimilatory nitrate reduction nasA Assimilatory nitrate reductase 

Dissimilatory nitrite reduction (DNRA) nrfA Cytochrome c nitrite reductase 

Denitrification nirK Copper-containing nitrite reductase 

Denitrification norB Nitric oxide reductase subunit B 

Denitrification norC Nitric oxide reductase subunit C 

Denitrification nosZ Nitrous oxide reductase 
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