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ABSTRACT

Bacterial communities are vital to northern peatlands’' carbon and nutrient cycling, one of the Earth's largest terrestrial carbon
stores. However, their diversity and ecological roles at broad geographic scales remain partially understood, limiting our ability
to predict their response to global change. Here, we combine a trans-Holarctic survey across 171 Sphagnum-dominated peatlands
(SDPs) with a continental-scale reciprocal transplantation experiment to quantify how bacterial diversity shapes carbon and
nutrient cycling across bioclimatic gradients. We show that bacterial diversity and composition differ markedly among peatland
bioclimatic regions and are primarily structured by the universal abiotic drivers of northern ecosystems: minimum temperature,
snow cover, and soil water content. Ecological models further revealed that deterministic processes accounted for approximately
80% of bacterial community assembly, highlighting the strong influence of environmental filtering. Biodiversity-Ecosystem
Function analyses identified bacterial richness as a key driver of carbon and nutrient cycling. Using moving-window structural
equation models, we identified a critical bacterial richness threshold, below which extracellular enzyme activities increased by
~60%. This transition coincided with stronger environmental filtering and shifts towards bacterial communities with a greater
predicted potential for extracellular nutrient acquisition and heterotrophic metabolism. Together, these findings demonstrate
that bacterial richness underpins peatland biogeochemical functioning and suggest that biodiversity loss may accelerate carbon
turnover, weakening the capacity of northern peatlands to retain carbon. As climate change threatens this unique microbiome,
safeguarding bacterial diversity will be critical for maintaining ecosystem resilience and the stability of this globally important
carbon sink.
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1 | Introduction

Peatlands are among the most vital and globally significant soil
carbon (C) sequestration hotspots, providing critical climate-
regulating services (Strack et al. 2022). These ecosystems,
characterised by slow decomposition and the accumulation of
organic matter over time, store vast quantities of soil C, esti-
mated at 500-1000 Gt C globally (Nichols and Peteet 2019). As
persistent sinks of atmospheric carbon dioxide (CO,), and de-
spite C losses as methane and dissolved organic C (DOC), peat-
lands have effectively cooled the global climate for centuries
(Frolking and Roulet 2007). However, these ecosystems are in-
creasingly vulnerable to global change (Dise 2009). Once wide-
spread, peatlands are now primarily confined to the Holarctic
region, which holds nearly 85% of the global peatland C stock
(Hugelius et al. 2020).

The size of the peatland organic C pool strongly relies on the
activity of microorganisms (Fenner and Freeman 2011). With
billions of cells per gram of peat (Gilbert and Mitchell 2006),
microorganisms dominate life in northern peatlands and drive
C dynamics, including the decomposition of organic mat-
ter, C mineralisation, and greenhouse gas fluxes (Andersen
et al. 2013; Gios et al. 2024; Hamard et al. 2025). Consequently,
shifts in microbial community composition can profoundly af-
fect these biogeochemical processes (Hamard et al. 2025; Jassey
et al. 2018). Despite its central role in peatland C cycling, micro-
bial life remains largely unexplored across broad spatial scales.
Most studies focus on local and regional patterns (e.g., Bragina
et al. 2014; Kolton et al. 2022; Peltoniemi et al. 2015; Robroek
et al. 2021), leaving the Holarctic peatland microbiome unre-
solved. In particular, the ecological processes that drive large-
scale variation in peatland microbial diversity, community
composition and abundance, and their implications for peatland
functioning, remain poorly understood. This knowledge gap
hinders our ability to predict how environmental changes will
alter microorganism-mediated processes that regulate peatland
C cycling on a global scale.

Understanding the processes that govern microbial commu-
nity assembly and biogeography is challenging. Microbial
communities are not random assemblages but comprise taxa
with diverse ecological strategies, environmental tolerances
and dispersal capacities. According to the niche theory, de-
terministic processes, such as environmental selection im-
posed by abiotic conditions (e.g., pH, nutrient availability)
and biotic interactions (e.g., competition), primarily struc-
ture microbial communities (Riddley et al. 2025; Zhou and
Ning 2017). Depending on environmental heterogeneity, de-
terministic selection can drive communities towards either
divergent (heterogeneous selection) or convergent (homoge-
neous selection) compositions. For example, in peatlands, mi-
crobial communities occupying similar environmental niches
can converge, even in distant locations (Hamard et al. 2021;
Kolton et al. 2022). In contrast, the neutral theory emphasises
stochastic processes, such as dispersal limitation, ecological
drift and homogenising dispersal. These processes can main-
tain differences among communities regardless of contempo-
rary environmental conditions (Caruso et al. 2011; Zhou and
Ning 2017). Despite their potential importance, the relative
contributions of assembly processes in northern peatlands are

largely unknown. Given the strong environmental constraints
imposed by the acidic, nutrient-poor, and waterlogged condi-
tions of peatlands, we hypothesise that deterministic environ-
mental selection dominates microbial community assembly.
This would result in predictable shifts in microbial diversity
and community composition along environmental gradients.
Conversely, a greater contribution from stochastic processes
would suggest that historical and dispersal signatures out-
weigh environmental filtering, resulting in less predictable
biodiversity patterns across northern peatlands.

In addition to identifying which processes determine commu-
nity composition, an important unresolved question is whether
assembly-driven shifts in microbial community composition
translate into changes in ecosystem functioning. Large-scale
studies have shown that peatland plant communities can
maintain ecosystem resilience through the turnover of func-
tionally redundant species (Robroek et al. 2017). Similarly,
microorganisms exhibit substantial functional overlap de-
spite their high taxonomic diversity (Louca et al. 2016, 2018).
However, functional redundancy is unlikely to be unlimited
(White et al. 2023). While many microorganisms share broad
metabolic capabilities, they often differ in terms of enzyme
efficiencies, growth rates, and biomass allocation under en-
vironmental gradients (Galen 2025; Maynard et al. 2019). As
microbial diversity declines, the pool of functionally similar
species may shrink, reducing the capacity of communities
to buffer ecosystem functioning (Mori et al. 2018). Beyond a
critical biodiversity threshold, even small changes in micro-
bial diversity may trigger disproportionately large changes in
ecosystem processes. Therefore, we hypothesise that peatland
functioning remains relatively stable across moderate levels of
microbial community turnover due to functional redundancy
among species. However, once microbial diversity declines
below a critical threshold, peatland functioning will change
markedly. Establishing whether such a threshold exists is cru-
cial for forecasting the stability of peatland C cycling in the
context of ongoing climate change.

Herein, we investigated large-scale variation in bacterial
communities living on the surface (0-5cm) of Sphagnum-
dominated peatlands (hereafter, SDPs). Across three biocli-
matic regions (Continental cold/Tundra, Continental hot
summer and Temperate; Figure 1a,b), each characterised by
distinct climate and soil properties (Figure 1c), we sampled
dominant Sphagnum patches in 171 SDPs. Leveraging 15,218
bacterial amplicon sequence variants (ASVs) for an average of
66.2 million bacterial cells per gram of dry moss, we charac-
terised continental-scale patterns in peatland bacterial diver-
sity and cell density and identified the environmental drivers
underlying these patterns. To assess the roles of deterministic
and stochastic processes in bacterial community assembly in
SDPs, we combined phylogenetic approaches with a continen-
tal reciprocal transplant experiment (Figure 1c). Finally, we
linked bacterial diversity, community composition and cell
density to biogeochemical functioning, as indicated by enzyme
activities, to determine whether changes in bacterial commu-
nities translate into proportional changes in ecosystem func-
tioning or whether critical thresholds in bacterial diversity
mark abrupt shifts in this relationship. Together, these anal-
yses establish a comprehensive framework for understanding
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FIGURE1 | Sampled Sphagnum-dominated peatlands (SDPs) and their environmental characteristics. (a) Circumpolar map showing the location
of each sampled SDP. Dots colours depict the different bioclimatic regions sampled, according to the Koppen climate classification (see Methods for
details). Pale white dots indicate sites where the reciprocal transplant experiment was conducted (Hamard et al. 2025). (b) Number of SDP sampled

in each bioclimatic area. (c) Principal component analysis depicting the main environmental gradients characterising SDPs. Variables were selected

among a stack of 178 remote sensing variables to reduce collinearity and represent the gradients and types of variables best (see Methods). Latitude

and longitude were projected onto the PCA space a posteriori for visualisation purposes and were not included in the PCA construction. GPP, gross

primary productivity; Tmin, minimum temperature; SWE, snow water equivalent; P, precipitation, no_tree_cover: percentage of non-tree cover.

how peatland bacterial diversity shapes peatland functioning
across continental scales.

2 | Methods
2.1 | Trans-Holarctic Sample Collection

Sphagnum samples were collected from 171 SDPs spanning
the Azores, the British Isles, the Pyrenees, the European Alps
and the Jura Mountains, Fennoscandia, Estonia, eastern and
western Canada, Alaska, China, and western Russia, between
May and September 2021 (Table S1). Sampling was mainly
conducted in the summer during the growing season. At each
SDP, we followed a standardised protocol to sample the domi-
nant Sphagnum-dominated microhabitat (hummocks, hollows,
or lawns) with minimal vascular plant cover, allowing us to
prioritise a broad spatial coverage across sites rather than in-
tensive replication within sites. This choice was supported by
preliminary analyses that showed that variability between sites
exceeded variability within sites (Figure S1), indicating that
a single standardised sample per site captured the dominant
source of variation in our system. Consequently, we focused
on sampling across a larger number of sites to better cover the
Sphagnum-peatland distribution gradient. From each habitat,
we collected Sphagnum shoots with sterilised tweezers from 0
to 5cm depth near the capitula; all sampling tools were cleaned
with ethanol beforehand. Immediately after collection, approxi-
mately 4 g of Sphagnum were cut into small pieces using scissors
and divided equally into sterile 5mL tubes. One tube contained
4mL of DNA Lifeguard solution to preserve DNA, and another
contained 4mL of 5% Lugol solution to fix cells for subsequent
flow cytometric analyses. An additional 5g of Sphagnum were

also collected and stored in a plastic bag for other analyses, such
as water content and enzyme activities. After collection, sam-
ples were kept fresh and shipped to Toulouse (France) for DNA
extraction, flow cytometry, and enzymatic analyses. Permits for
sampling and export were obtained from the relevant authorities
where necessary. Of these 171 samples, 115 were used for cytom-
etry and enzymatic activity analyses due to material availability
(see below).

2.2 | Site Data

We systematically acquired a stack of 178 remote sensing-derived
variables for each of the 171 SDP locations using the Google
Earth Engine Platform (Gorelick et al. 2017). All data were resa-
mpled to a uniform 250 m pixel resolution before extraction. The
comprehensive variable stack (detailed in Table S3) comprised
climatic variables extracted from the monthly TerraClimate
dataset (Abatzoglou et al. 2018), soil variables sourced from the
OpenLand (Hengl et al. 2025) and SMAP datasets (Entekhabi
et al. 2016), vegetation productivity and structure metrics in-
cluding vegetation indices, Leaf Area Index (LAI), Fraction
of Photosynthetically Active Radiation (fPAR), Gross Primary
Productivity (GPP), and Net Primary Productivity (NPP), all de-
rived from the MODIS dataset (Zhao et al. 2005), and elevation
data from the GMTED2010 dataset. For a subset of these vari-
ables (see Table S2), we extracted monthly data spanning March
to October 2021, covering the sampling period. For each SDP,
we used the monthly value preceding the sampling date; for
example, if sampling occurred in early September, we assigned
the value from the previous month, August. This monthly time
series was augmented by calculating and including the mean
value from January 2016 to January 2021 to capture multiannual
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conditions. Additionally, we retrieved bioclimatic zones for each
sample from the Koppen Climate classification using the kgc R
package (Bryant et al. 2017). Koppen codes were then aggre-
gated into three broad regions: Temperate, Continental hot and
Continental cold/Tundra (see Table S4 for details). For each
site, we also requested information on soil properties, including
pH and C/N ratio. While pH values were available for 40% of
the sites, data on other soil properties were largely missing and
excluded from analysis. Given the strong correlation between
field-measured pH values and those obtained from OpenLand
(r=0.49, p<0.001, Figure S2), we used OpenLand pH values in
our statistical analyses.

2.3 | Reciprocal Transplant Experiment
and Sampling

Five SDPs were selected to represent a broad gradient of
temperature and precipitation across Europe (Figure 1):
Counozouls (42°41'19.7""N, 2°14’02.4"E, France), Bagno
Kusowo (53°48'47.9"N, 16°35'12.1"E, Poland), Ménnikjidrve
bog (58°52'26.4"N, 26°15'03.6"E, Estonia), Siikaneva
mire (61°5041.6'"N, 24°17'17.5”E, Finland), and Stordalen
(68°20'43.1” N, 19°03’58.7" E, Sweden). In July 2018, 125 intact
Sphagnum-dominated peat blocks with minimal vascular plant
cover (60x40x20cm), encased in sterilised plastic boxes, were
reciprocally transplanted across the five sites. The experiment
consists of five blocks per site, with each block including peat
from each location (n =25 per site, 125 mesocosms in total). This
setup created mesocosms experiencing warmer, colder, wetter
or drier climates, depending on the origin and transplant loca-
tion. Untouched control plots were also established at each site
(n=35), one in each block at each site, to assess for potential en-
casing effects, which were found to be non-significant for most
monitored biotic and abiotic variables (see Hamard et al. (2025)
for details). In particular, pore water chemistry analyses revealed
that transplantation did not impact pH, or dissolved organic C
and total nitrogen contents in mesocosms (Hamard et al. 2025;
Sytiuk et al. 2023). Environmental variables, including air/soil
temperature, photosynthetically active radiation (PAR) and
precipitation, were continuously monitored. For further details
on the experimental design and a comprehensive overview of
the environmental data, see Hamard et al. (2025) and Sytiuk
et al. (2023).

In July 2019, we collected Sphagnum shoots (0-5cm depth) as
described above. Briefly, approximately 4g of Sphagnum were
equally divided for DNA and flow cytometric analyses (see
above for details), whilst an additional 5g were stored in plastic
bags for enzymatic analyses.

2.4 | Bacterial Cell Density

Bacterial densities were quantified using flow cytometry.
Bacterial cells were extracted from Lugol-fixed samples follow-
ing Hamard et al. (2025). Each sample was vortexed for 1 min
and then manually pressed to recover the liquid fraction from
the Sphagnum moss. From this extract, we used 1 mL aliquots
to quantify the bacterial concentrations by flow cytometry.
Aliquots were passed through a 40 um filter to prevent clogging

of the flow cytometer capillary, stained with SYBR Green I
(0.1x final concentration), and incubated in the dark for 15min.
Samples were then analysed on a Guava easyCyte flow cytome-
ter at a flow rate of 2puLs™! with count rates not exceeding 1000
events s~1. Bacterial densities were expressed as the cell num-
bers per gram of dry peat (ind. g~! dw).

2.5 | Bacterial Diversity and Community
Composition

DNA was extracted from Sphagnum using the DNeasy PowerSoil
Pro Kit (Qiagen) according to the manufacturer's instructions.
The V3-V4 region of the 16S rRNA gene was amplified with
primers PCR1_515F (5-GTGYCAGCMGCCGCGGTA-3') and
PCR1_909R (5-CCCCGYCAATTCMTTTRAGT-3’) following
Jassey et al. (2022), and sequenced on an Illumina MiSeq plat-
form (250-bp paired-end) at the Genotoul platform (Toulouse,
France). Blanks were included to monitor contamination, and
all molecular work was performed in a UV-decontaminated lab-
oratory. Paired-end reads were processed in QIIME2 (2020.8)
and DADA2 (trimLeft=20, trimRight=70), yielding 19,182
ASVs after filtering for prevalence (>2 SDPs) and rarefaction
to 7000 reads per sample (Figure S3). Taxonomy was assigned
against SILVA v138.2 (Quast et al. 2013), with uncertain as-
signments (<75% bootstrap) labelled as “Unknown [level]”. A
phylogenetic tree was constructed using maximum likelihood
(GTR model, 1000 bootstraps). Functional potential was pre-
dicted using PICRUSt2 (Douglas et al. 2020) to infer gene family
abundances, which were collapsed into Enzyme Commission
(EC) numbers, retaining only those corresponding to the four
quantified enzymes (Table S3). Additionally, ASVs were func-
tionally annotated using FAPROTAX (Louca et al. 2016) via the
microeco R package (Liu et al. 2021), and relative abundances
of annotated functions were calculated, focusing on main func-
tions related to enzyme activities. Because both PICRUSt2 and
FAPROTAX infer functional potential from taxonomic compo-
sition rather than directly measuring gene content or activity,
they were solely used as complementary approaches to support
patterns observed in measured extracellular enzyme activities.
More details can be found in Supporting Information: Methods.

2.6 | Extracellular Enzyme Activities

The activity of four hydrolytic enzymes commonly associated
with microbial metabolic rates and biogeochemical properties
(Galen 2025; Sinsabaugh et al. 2008) was quantified using flu-
orogenic substrates labelled with 7-amino-4-methylcoumarin
(MUC) or methylumbelliferone (MUB; see Table S3): $3-1,4-
glucosidase (BG; breaks down cellulose into glucose for C ac-
quisition), $3-1,4-N-acetylglucosaminidase (NAG; breaks down
chitin and peptidoglycan for N and C acquisition), leucine ami-
nopeptidase (LAP; breaks down proteins and polypeptides for
N acquisition), and acid phosphatase (AP; mineralises organic
phosphorus). Enzyme proteins were extracted following Criquet
et al. (1999) and quantified following Jassey et al. (2018). All de-
tails are given in Supporting Information: Methods.

To ensure comparability across the trans-Holarctic sur-
vey, enzyme activities were initially incubated at 25°C for
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3h to minimize variability from differing assay conditions
(Sinsabaugh et al. 2008; Wallenstein and Weintraub 2008).
However, standardized incubation may produce values differ-
ing from in situ conditions, potentially biasing observed biogeo-
graphic patterns. To address this, we also quantified enzyme
activities at field-relevant temperatures using samples from the
reciprocal transplant experiment. Each sample was incubated at
its receptor site's mean summer temperature and those of the
other recipient sites, resulting in three incubation temperatures
(8°C, 16°C, 20°C) due to the similar mean summer temperatures
of the Polish, Estonian, and Finnish sites.

2.7 | Data Analyses

All data analyses were performed with R v4.3.3 (R Core
Team 2023) and RStudio v0.9.1+401 (Posit Team 2025) using
specific packages, as indicated afterwards. All visualisations
were produced using the ggplot2 package (Wickham 2016).
All statistical analyses are detailed in Supporting Information:
Methods.

2.71 | Collinearity Among Environmental Predictors

To minimise collinearity among environmental variables, we
first compared monthly and long-term climatic variables using
correlation analyses. Because monthly and long-term variables
were highly correlated (r>0.8), only long-term variables were
retained. We then used principal component analysis (PCA) to
identify the main environmental gradients while selecting vari-
ables that were both weakly correlated and ecologically relevant
for northern peatlands (see Supporting Information: Methods).
Variable selection aimed to avoid redundant predictors (e.g.,
minimum and maximum temperature), while retaining key
climatic (e.g., snow cover, precipitation), edaphic (e.g., soil pH),
topographic (e.g., elevation), and ecosystem functioning (gross
primary productivity) variables. Finally, clustering of variables
(ClustOfVar; Chavent et al. 2012) was used to verify the con-
sistency of the identified environmental gradients (Figure 1c;
Figure S4).

2.7.2 | Bioclimatic Effects

Differences in bacterial community attributes and extracellu-
lar enzyme activities among the three bioclimatic regions were
evaluated using linear models. Variables were transformed
when necessary to satisfy model assumptions, which were as-
sessed from residual diagnostics. Because sample sizes differed
among regions, statistical significance was tested using Type
III analysis of variance (ANOVA), followed by Tukey's honestly
significant difference (HSD) tests for pairwise comparisons
(Supporting Information: Methods).

2.7.3 | Gamma and Alpha Diversity
Rank-abundance curves were computed for each SDP's bio-

climatic area. Patterns of gamma diversity were explored by
calculating both observed and estimated (asymptotic) ASV

richness using iNEXT (Hsieh et al. 2016). For alpha diversity,
we applied the Hill numbers framework, which enables effec-
tive comparison of diversity indices based on the “equivalent
number” of features (Jost 2006). Accordingly, we report ob-
served ASV richness (q=0) and the effective number of ASVs
derived from the exponential of Shannon entropy (q=1), cal-
culated using the function hill taxa in the R package hillR
(Li 2018) (v.0.5.2). To evaluate the effects of environmental
parameters on ASV richness, we fitted generalised linear
models. Assumptions of normality and homoscedasticity were
visually assessed using model residuals.

2.7.4 | Specific, Unique, and Core ASVs

Following Ezzat et al. (2025), we classified ASVs based on their
distribution and relative abundance. ASVs detected exclusively
in a single bioclimatic area, but across multiple SDPs of that
particular bioclimatic area, were classified as specific, whereas
those found in only two SDPs within a particular bioclimatic
area were classified as unique. ASVs present in more than nine
SDPs (i.e., 5% of the SDPs) and detected at a relative abundance
>0.1% were classified as widespread ASVs. To visualise the
relative abundance of the most abundant phyla and families
across core, specific, and unique ASVs, we further plotted the
mean non-null relative abundance across samples for each ASV
against their prevalence in our dataset.

2.7.5 | Beta Diversity

To evaluate differences in community composition, we per-
formed Principal Coordinate Analysis (PCoA) on Hellinger-
transformed ASV abundances, which minimises the influence
of dominant species on site dissimilarity (Legendre and
Gallagher 2001). Pairwise site dissimilarities were calculated
using the Morisita-Horn distance within the phyloseq package
(McMurdie and Holmes 2013). We then applied Generalised
Dissimilarity Modelling (GDM) (Ferrier et al. 2007) to quan-
tify how environmental gradients and geographic distance
drive ASV turnover among SDPs. GDM is a nonlinear exten-
sion of matrix regression that models the relationship between
compositional dissimilarity and environmental or spatial pre-
dictors, allowing each predictor to contribute flexibly to the
overall turnover pattern. The ASV matrix (reads per sample)
was Hellinger-transformed, and environmental predictors
were standardised prior to analysis. Collinearity among pre-
dictors was assessed to select a non-redundant set (see details
above). Geographic distance between sites was also included as
a predictor to account for spatial effects. Pairwise ASV dissim-
ilarities were calculated using both Morisita-Horn and Jaccard
distances to capture differences in abundance-weighted and
presence-absence patterns, respectively. Variable significance
in the GDM was evaluated via matrix permutations, compar-
ing models with each variable permuted versus unpermuted.
At each step, the least important variables were sequentially
removed until only significant predictors remained. The final
GDM was then refitted using only significant environmental
variables, and model significance was verified and its devi-
ance (i.e., the variance explained by the model) calculated.
Finally, variance partitioning was performed based on the
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contribution of each predictor to the total deviance explained
by the final GDM model.

2.7.6 | Deterministic and Stochastic
Community Assembly

We quantified the relative importance of deterministic and
stochastic processes in bacterial community assembly using
the two-step framework based on the beta Nearest Taxon
Index (BNTI) and the abundance-weighted Raup-Crick metric
(RC_bray) (Riddley et al. 2025). Ecological assembly processes
were estimated for the complete dataset and separately for each
bioclimatic region and bacterial richness region (see Results).
Relationships between assembly processes and environmental
variables were assessed using modified Mantel tests (Riddley
et al. 2025).

Using data from the reciprocal transplant experiment, we fur-
ther explored the importance of environmental filtering on
bacterial communities. By comparing distances between trans-
planted communities and their original versus receptor sites,
we evaluated whether transplanted bacterial communities
retained signatures of their origin or converged toward local
receptor communities, providing insight into the strength of en-
vironmental filtering during community assembly. Community
similarity was quantified using Morisita-Horn (abundance-
based) and Jaccard (presence-absence) dissimilarities. We fur-
ther compared community positions in Principal Coordinates
Analysis (PCoA) ordination space by calculating Euclidean dis-
tances between transplanted communities and the centroids of
their original and receptor communities using the PCoA axes
explaining 80% of the total variation. Differences were assessed
using ANOVAs.

2.7.7 | Drivers of Extracellular Enzyme Activities

Relationships between environmental variables and enzyme
activities were first evaluated using LMs, with model as-
sumptions assessed from residual diagnostics. Associations
between individual ASVs and each enzyme were then as-
sessed using MaAsLin2 (Mallick et al. 2021), applying log-
transformed relative abundances and Benjamini-Hochberg
false discovery rate correction. To disentangle the direct
and indirect effects of environmental conditions and bacte-
rial community attributes on extracellular enzyme activity
(EEA), we used structural equation modelling (SEM) (Grace
et al. 2014). The model structure was defined a priori based
on current knowledge of microbial and peatland functioning
(Figure S5; Table S4). While the overall model structure was
theory-driven, the inclusion of environmental variables was,
however, evaluated empirically among a set of pre-identified
environmental covariates to address potential collinearity and
avoid overfitting (Grace et al. 2016). Our final model retained
minimum temperature and pH as best environmental covari-
ates (Table S5). The SEM model included two latent variables
representing bacterial community composition (derived from
PCoA axes) and overall extracellular enzyme activity (derived
from the four measured enzymes). Models were fitted using
the lavaan R package, and model adequacy was evaluated

using x? tests together with RMSEA, SRMR and CFI. More
details are given in Supporting Information: Methods.

2.7.8 | Identifying Thresholds in Ecosystem
Functioning

To investigate whether changes in bacterial diversity were as-
sociated with non-linear changes in ecosystem functioning,
we applied smoothed structural equation modelling (Jassey
et al. 2018). Moving-window SEMs were fitted along the bacte-
rial richness gradient using the same conceptual model as the
global SEM, thereby quantifying changes in the relationships
among bacterial richness, community composition, cell density
and extracellular enzyme activity. The optimal window size
was selected based on model convergence, goodness-of-fit and
consistency of the resulting patterns (Supporting Information:
Methods). Enzyme multifunctionality was represented by the
latent EEA variable, and complementary multifunctionality
metrics together with null-model randomisations confirmed
the robustness of this approach (Figures S6-S8). Generalised
additive models (GAMs) were used to test for non-linear rela-
tionships between bacterial richness and EEA, and broken-line
regression was applied to estimate tipping points in EEA along
the richness gradient. The stability of the estimated threshold
was evaluated across the range of suitable moving-window sizes
(Supporting Information: Methods).

3 | Results and Discussion
3.1 | Global Biodiversity Patterns

We expected low bacterial biodiversity and biomass in SDPs due
to conditions of waterlogging, acidity, and poor nutrient avail-
ability (Van Breemen 1995). Consistent with this expectation,
alpha diversity revealed mean richness values of 346 ASVs (in-
terquartile range (IQR) 241-435; Figure 2a) and a Shannon H
(based on Hill numbers) of 128 ASVs (IQR 89-183). These val-
ues fall within the range observed in other local and regional
peatland studies (Cadillo-Quiroz et al. 2019; Richy et al. 2024),
but at the lower end of the spectrum for soil bacterial diversity
more broadly (Delgado-Baquerizo and Eldridge 2019; Labouyrie
et al. 2023). This confirms that SDPs harbour less diverse bac-
terial communities than other organic- or mineral-dominated
soil systems, where environmental constraints are generally less
severe (Andersen et al. 2013). Bacterial cell density was simi-
larly low, with a median of 5.11 x 107 cells per gram of dry moss
(IQR 6.96 x 10°-1.98 x 108 cells per gram of dry moss; Figure 2b),
lower than values reported for other soil biomes (Fierer 2017).
This suggests that peatland conditions constrain both bacterial
diversity and bacterial growth.

Across all sites, we identified 472 bacterial genera across 125
bacterial orders and 47 phyla (Figure 2c). Bacteria from 10 orders
represented 59.3% of all our reads, with Acetobacterales (34.1%),
Terriglobales (12.3%), and Burkholderiales (3.09%) being the
dominant orders (Figure 2c, Figure S9). Two genera, Acidocella
and Granulicella, were particularly dominant across SDPs,
accounting for 14.1% and 7.9% of all sequences, respectively
(Figure S9). Moreover, a large proportion of bacterial diversity
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FIGURE 2 | Global diversity and abundance patterns of the SDPs' microbiome. (a and b) Distribution of bacterial richness and cell density.

Bacterial richness and cell density patterns across bioclimatic regions are illustrated in boxplots. Global distributions of estimated richness and cell

density are shown in density curves above bioclimatic area-level boxplots. Boxplots indicate the median (centre line), first and third quartiles (low-

er and upper box edges) and 1.5x the interquartile range (IQR) (box whiskers). The points shown represent all samples that passed quality control

checks. (c) Heat tree illustrating the bacterial taxonomic structure, from domain to genus level, and highlighting the most prevalent lineages in SDPs.

Only taxa with a minimum prevalence of 75% are identified. (d) Observed and estimated gamma diversity per bioclimatic area based on asymptotic

estimates (n =171 SDPs).

remained taxonomically unresolved, with 8618 ASVs (48.8% of
all reads) unclassified at the genus level (Figure S9). To better
understand how this diversity is distributed across the Holarctic
region, we examined regional-scale (gamma) biodiversity across
the three bioclimatic regions using asymptotic estimates based
on incidence data (see Methods). We sampled a median of 42.8%
(IQR 40.9%-44.6%) of ASVs per bioclimatic area (Figure 2d),
suggesting that our sampling provides a broadly representative

view of bacterial biodiversity in SDPs. At the same time, these
estimates imply that a substantial fraction of bacterial diver-
sity remains to be discovered, particularly given our conserva-
tive filtering, denoising procedures, and sampling design (see
Methods).

Rank abundance curves (Figure S10) show that a relatively high
proportion of abundant ASVs (32.4% with a relative abundance
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above 0.1%) shape alpha diversity in SDPs. Comparisons with
log-normal rank abundance models (Figure S11) further sug-
gest that SDPs are a highly selective environment, favouring a
few dominant taxa and limiting the persistence of transient and
rare taxa (Shoemaker et al. 2017). The hyperdominance of these
few taxa likely underpins the consistent patterns of bacterial
richness and cell density observed across bioclimatic regions
(Figure 2a,b). However, despite their apparent stability, both bac-
terial richness and cell density show predictable variation along
environmental gradients (Figures S12 and S13). Specifically,
ASV richness declined with increasing minimum temperature
(Spearman p=-0.21, p=0.02) and pH (p=-0.29, p=0.017),
while it increased with higher soil moisture (p=0.29, p<0.01)
and snow water equivalent (0=0.2, p=0.03; Figure S12).

While pH is a well-known driver of bacterial richness in peat-
lands (Andersen et al. 2013) and in soils more broadly (Delgado-
Baquerizo and Eldridge 2019; Fierer 2017; Wang et al. 2022),
our findings emphasise the additional importance of minimum
temperature, soil moisture, and snow cover—three defining fea-
tures of northern ecosystems. Snow accumulation insulates the
soil, increasing its temperature and moisture and likely support-
ing bacterial richness by creating a more stable, resource-rich
environment that allows a broader range of microbial niches
to persist (Buckeridge et al. 2010; Nemergut et al. 2013; Zinger
et al. 2009). However, the observed decrease in ASV richness
along the minimum temperature gradient contrasts with studies
reporting increasing bacterial diversity with rising temperature
(e.g., along elevation gradients (Nottingham et al. 2018)). This
discrepancy may reflect the strong thermal sensitivity of SDP
bacterial communities, which are adapted to low-temperature
conditions. Even modest warming can induce physiological
stress and reduce bacterial diversity in communities outside
their historical range, as observed in other cold-adapted soil
systems (Nottingham et al. 2022; Weedon et al. 2023). An alter-
native, non-exclusive explanation is that the niche for SDP bac-
teria is particularly narrow. Given the dual constraints of low
temperature and acidity, fewer taxa may possess the adaptations
required to thrive under both conditions. Consequently, lower
richness may stem not only from thermal stress, but also from
the difficulty of adapting to such a demanding environment.

3.2 | High Local and Regional Specificity

Our data enabled us to highlight the spatial structure of the
SDP bacterial microbiome. We found high community dissim-
ilarities (Morisita-Horn dissimilarity index), both within (0.79,
IQR 0.78-0.81) and between (0.83, IQR 0.81-0.84) bioclimatic
SDP ranges (Figure S14). This high beta diversity was driven by
strong ASV turnover among SDPs, as shown by the high com-
munity dissimilarity indices derived from presence-absence
data (0.84, IQR 0.81-0.85; Figure S14b). Despite this consequent
ASV turnover, we identified distinct biogeographical patterns
in SDP bacterial composition, with a significant segregation
among the three bioclimatic regions (Figure 3; F=4.9, p<0.05,
PERMANOVA). The first PCoA axis mainly discriminated
Continental hot summer SDPs (on the left) from the other bio-
climatic regions (on the right). Continental hot summer SDPs
were associated with Vampirivibrionia, while Cyanobacteriia
and Bacteroidia characterised Temperate and Continental cold/

Tundra SDPs (Figure 3). The second PCoA axis mainly discrim-
inated Continental cold/Tundra from Temperate bioclimatic
regions, where Temperate SDPs were positively associated with
Thermoleophilia, Planctomycetes, and Bacteroidia (Figure 3).
The third PCoA axis did not clearly discriminate among the
bioclimatic regions (Figure 3). These pronounced dissimilarities
among SDP bioclimatic regions emphasise the relevance of re-
gionality for the compositional turnover of the SDP microbiome.

To further characterise the beta diversity patterns across biocli-
matic ranges, we explored the specificity of ASVs within SDP
bacterial communities. In other words, we investigated how
many ASVs occurred in less than 5% of SDPs (hereafter referred
to as ‘specific’ ASVs, see Methods). Overall, 92.1% of all ASVs
were specific, with 61.1% unique to a single SDP and 31% present
in fewer than 10 SDPs. These specific and unique ASVs occurred
at relatively high abundances (28%, Figure S14a), underscoring
their importance for overall SDP bacterial biodiversity. Only 8%
of all ASVs were consistently detected across multiple SDPs,
and just 13 ASVs (0.3% of all ASVs) were ubiquitous (prevalence
>75%; Figure S15a). This pattern mirrors global soil bacterial
communities, where only about 0.4% of bacterial species are
widespread across bioclimatic ranges (Bickel and Or 2021).

ASV-specificity was not uniformly distributed across SDP bio-
climatic regions (Figure 15b), with the Temperate region exhib-
iting the highest specificity (57.1% of specific and unique ASVs).
This contrasts with the low endemicity typically observed in soil
fungal communities (Tedersoo et al. 2022) but aligns with island
biogeography theory. Temperate SDPs, often fragmented (< 5ha)
in the landscape (Xu et al. 2018), act as biogeographical ‘islands’
within the extensive boreal and sub-arctic peatlands, suggesting
that spatial isolation, ecological drift, and long-term climate sta-
bility promote speciation and endemism in these peatlands. We
caution that our results do not unequivocally demonstrate ASV
endemism in SDPs. However, they add to the ongoing debates
on microbial endemism (Gilbert et al. 2025) and advocate for the
need to integrate microbial conservation into peatland manage-
ment plans.

3.3 | Ecological Processes Governing Bacterial
Community Assembly

To elucidate the processes underlying the biogeographic pat-
terns observed across bioclimatic regions, we employed gen-
eralised dissimilarity modelling (GDM), which quantifies the
relationships among beta diversity, geographic and environmen-
tal distances. GDM explained 27% (p <0.001) of the variation in
bacterial community composition. Climate (i.e., precipitation,
snow water equivalent, minimum air temperature; 61% of the
explained variation) was more important in driving bacterial
turnover at a large spatial scale than geography (18%) and local
conditions (i.e., soil moisture, elevation, and percentage of non-
tree cover; 20%; Figure S16a). This aligns with a growing body
of evidence showing that climatic factors often outweigh local
environmental factors in shaping microbial community com-
position (Bahram et al. 2018; Delgado Baquerizo et al. 2018).
More particularly, precipitation, snow water equivalent, and
minimum temperature significantly explained bacterial dissim-
ilarity, while soil moisture, elevation, and non-tree cover only
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had marginal effects (Figure S16b). The effect of geographic
distance increased continuously along the distance gradient
(Figure S16b), which aligns with the classic distance-decay re-
lationship found in soil microbiomes (Bahram et al. 2018). Most
of the effect of precipitation and snow water equivalent occurred
within the first 50% of their variation gradient (Figure S16b),
while the effect of minimum temperature and elevation was
strongest above 50% of their variation (Figure S16b). These
results indicate that precipitation, snow and temperature are

important environmental filters of SDP bacterial communities.
Additionally, GDM showed that a substantial portion of the
bacterial community variation (73%) remained unexplained,
suggesting that bacterial communities may be strongly influ-
enced by unmeasured local environmental conditions, such as
nutrient availability and plant community composition (Lamit
et al. 2021; Richy et al. 2024), as well as by stochastic processes,
including homogenising dispersal, dispersal limitation, and eco-
logical drift (Riddley et al. 2025).

Global Change Biology, 2026

9o0f 17

85UB01 SUOWILLIOD @A IR0 3|ed!jdde a3 Aq pauseob 8.1 3o O ‘88N JO S3INI 104 AIq 1T 8UIIUO 43|\ UO (SUORIPUOD-PU.-SLLLSY/WIOD" A3 1M ARe.q 1 jeu|uo//SANy) SUORIPUOD Pue SWd | U} 88S *[9202/0T/80] uo AreiqiTauluo AB1IM * AINN STHOON NHOL TOOMIAIT - Weusfefus Buosesssy Aq 660T. GoB/TTTT 0T/I0p/W0d AB] 1M Aseiq |oul|UO//SHNY Wo1} pepeojumod ‘6 ‘9Z0Z ‘98rZS9ET



We found that deterministic processes, and especially homoge-
neous selection, accounted for almost 80% of bacterial community
assembly across SDPs (Figure 4a), which differed from previous
observations in wetlands and soils in general (Riddley et al. 2025).
Mantel tests for asymmetric matrices revealed significant cor-
relations between environmental factors (excluding pH) and de-
terministic processes, but not between stochastic processes and
environmental factors (Figure S17). These results suggest that envi-
ronmental factors trigger deterministic processes that govern bac-
terial community assembly in SDPs and promote phylogenetically
similar community structures across locations (Riddley et al. 2025;
Zhou and Ning 2017). Furthermore, the predominance of deter-
ministic processes indicates strong local environmental selection
in SDPs (Riddley et al. 2025), corroborating potentially high levels
of regional endemism across bioclimatic regions. This interpreta-
tion is directly supported by our reciprocal transplant experiment.
Specifically, we tested whether bacterial communities exposed to
novel climatic and local conditions would converge towards the
composition of receptor-site communities (indicating contempo-
rary environmental selection) or instead retain characteristics of

a Ecological processes
for all taxa

Ecological processes for
bioclimatic zones

Conitnenal cold/Tundra

Conitnenal hot summer

. Deterministic process

[l Heterogeneous Selection
Homogeneous Selection

[l Stochastic process
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| Drift

Temperate

~4m

their original sites (reflecting historical processes such as disper-
sal limitation, drift and past environmental selection). Analyses
based on relative abundance and presence-absence dissimilarity
indices showed that transplanted communities exhibited greater
similarity to receptor-site communities than to their original sites
(Figure 4b,c). However, this pattern was only observed using the
relative abundance-based index, suggesting that shifts in ASV rel-
ative abundances, rather than species turnover, are more sensitive
to contemporary environmental filtering (Figure 4b—e). Together,
these findings emphasise the vulnerability of SDP bacterial com-
munities to environmental disturbances and suggest that ongoing
environmental change could lead to significant biodiversity loss
and ecological degradation in northern peatlands.

3.4 | Peatland Functions Are Sensitive to Bacterial
Biodiversity Loss

Extracellular enzyme activities (EEA) varied significantly
among bioclimatic regions, peaking in the Continental hot
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FIGURE 4 | Deterministic and stochastic processes play different roles in the SDP bacterial community. (a) Quantified importance of ecological

processes to the community assembly for all taxa and each bioclimatic region. (b) Reciprocal transplant experiment assessing the relative influence
of contemporary environmental selection versus historical processes on bacterial community composition (see Methods). Panels show pairwise-
dissimilarities between transplanted and receptor-site or donor-site communities evaluated using (a) Horn-based taxonomic dissimilarities (relative
abundance) and (c) Jaccard-based dissimilarities (presence-absence) (n=70). Euclidean distances between transplanted and receptor-site or donor-
site community centroids in PCoA space based on Horn-based taxonomic dissimilarities (b) and Jaccard-based dissimilarities (d) (n =25). Boxplots
indicate the median (centre line), first and third quartiles (lower and upper box edges) and 1.5% the interquartile range (IQR) (box whiskers). Letters
indicate significant differences between treatments (ANOVAs).
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summer and Temperate regions (p <0.05, ANOVAs; Figure S18).
Enzyme activities were primarily related to climatic variables
(Figure S19). This contrasts with previous soil studies, in which
pH was generally regarded as the most significant factor influ-
encing enzyme activity (Sinsabaugh et al. 2008). This discrep-
ancy is likely explained by the relatively narrow pH range across
the studied SDPs (Figure S20). Importantly, this observation
aligns with our results on bacterial richness and community
composition, which also demonstrated a limited pH influence
(Figures S12, S13, and S16).

To determine whether changes in EEA across the environmen-
tal gradient are mediated by bacterial biodiversity, we employed
structural equation modelling (SEM; see Methods). Overall,
our SEM showed that environmentally driven shifts in bacte-
rial richness strongly structured bacterial community compo-
sition (39% of the variance explained) and cell density (8% of
the variance explained), which together accounted for 68% of
the variation in EEA (Figure S21). This finding indicates that
bacterial richness may regulate C and nutrient cycling in peat-
lands primarily by restructuring bacterial communities rather
than simply by altering overall cell density. To identify the taxa
underlying this relationship, we examined associations between
bacterial ASVs and enzyme activities. We identified 123 ASVs
(0.8% of the total bacterial richness, but 6.5% of total reads)
whose relative abundance correlated with enzyme activities
(Figure S22a,b). These ASVs belonged to Alphaproteobacteria,
Acidobacteria, Planctomycetes, Gammaproteobacteria, and
Bacteroidia (Figure S22c), which corroborates prior soil studies
(Trivedi et al. 2016) and genomic evidence (Trivedi et al. 2013).

3.5 | Critical Thresholds in Bacterial Richness
Drive EEA

The smoothed SEM approach revealed that EEA increased non-
linearly with bacterial biodiversity loss (Figure 5a, Table S6),
suggesting that EEA is constrained at high levels of bacterial
richness but increases sharply beyond a critical threshold. A
broken line model revealed two breaking points that delineated
three distinct richness regions: a high bacterial richness region
(345-400 ASVs), where EEA is constrained and remained sta-
ble; a transitional region (between 318 and 345 ASVs), where
EEA begins to increase; and a low ASV richness region (<318
ASVs), where EEA reaches its highest levels (Figure 5a). A ran-
domisation exercise (see Methods) further confirmed that this
non-linear trend was unlikely to result from sampling effects or
spatial structure (Figure S8).

The three bacterial richness regions significantly differed in
community assembly processes (Figure 5b). High-diversity
communities exhibited a greater contribution of stochastic pro-
cesses (F 1.2=54,p<0.01, ANOVA), whereas deterministic pro-
cesses increasingly dominated as richness declined (F, ,=3.5,
p<0.05, ANOVA; Figure 5b). This shift in assembly processes
coincided with significant changes in community composi-
tion (PERMANOVA, p<0.01; Figure 5c), including increases
in the relative abundance of Alphaproteobacteria and declines
in Planctomycetes, Gammaproteobacteria and Eremiobacteria
(Figure 5d). This taxonomic turnover was accompanied by
changes in predicted functional potential: the abundance

of functional genes associated with the four measured en-
zymes differed significantly among bacterial richness regions
(PERMANOVA, p<0.01, Figure 5c). Specifically, EC numbers
associated with LAP and AP enriched under low bacterial rich-
ness (Figure 5d). This pattern was further supported by a strong
correlation between the abundance of the EEA-associated ASVs
and EC numbers associated with enzymes (r=0.73, p <0.001),
further linking changes in community composition to the ob-
served increase in enzyme activities. Consistent with these re-
sults, FAPROTAX-based functional annotations also differed
significantly among bacterial richness regions (PERMANOVA,
p<0.01; Figure 5c), revealing a shift towards heterotrophic
functions such as aerobic chemoheterotrophy, chemoheterotro-
phy and hydrocarbon degradation, as bacterial richness declined
(Figure 5d). Together, these results suggest that bacterial rich-
ness exhibits a critical threshold at approximately 345 bacterial
ASVs (CI: 338-348), marking a transition in community assem-
bly and composition towards communities with distinct func-
tional potential. Although the exact richness value is expected to
vary with methodological choices (e.g., ASV filtering) (Nearing
et al. 2022), the existence of a threshold separating functionally
distinct community states appears robust (Figure 5, Figures S6b
and S8).

3.6 | General Implications

Overall, our trans-Holarctic survey clearly shows that peatland
bacterial communities are not only taxonomically diverse but
also display high regional and local specificity. This diversity
is mainly shaped by strong and persistent environmental fil-
ters within bioclimatic regions, reflecting the long-standing
selective regime imposed by SDPs (Treat et al. 2019). This
supports previous research where deterministic processes are
more influential in bacterial assembly in highly selective sys-
tems (Riddley et al. 2025). Our functional assessments further
highlight bacterial richness as an important driver regulating
peatland functions on a trans-Holarctic scale. We show that
the observed increase in EEA across environmental gradients
is not simply a consequence of bacterial richness loss per se,
but reflects a broader reorganisation of bacterial communities
along the gradient. Below the richness threshold, bacterial com-
munities were increasingly assembled through deterministic
processes, indicating stronger environmental filtering. Rather
than representing impoverished versions of more diverse com-
munities, these assemblages constitute a distinct ecological state
characterised by taxa with greater predicted capacities for ex-
tracellular nutrient acquisition and heterotrophic metabolism.
Under the resource constraints characteristic of peatlands, envi-
ronmental selection may therefore favour life-history strategies
that prioritise investment in extracellular enzymes to enhance
access to carbon and nutrient resources (Malik et al. 2020;
Sinsabaugh and Shah 2012). Conversely, high-bacterial diver-
sity SDPs showed a greater contribution of stochastic assem-
bly, leading to more variable taxonomic composition but stable
community-level EEAs. This aligns with the idea that stochastic
processes create multiple taxonomic configurations capable of
maintaining similar ecosystem functioning through functional
redundancy (Louca et al. 2018; Zhou and Ning 2017). Although
environmental filtering provides the most parsimonious expla-
nation for our observations, other non-exclusive mechanisms
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may also contribute. For example, reduced interspecific compe-
tition in low-diversity communities could enable the remaining
taxa to allocate more resources to extracellular enzyme produc-
tion (Folse III and Allison 2012), a process known to be ener-
getically costly (Ramin and Allison 2019). Moreover, we cannot
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exclude that environmental differences in substrate quality or
resource availability also contribute to these patterns by simulta-
neously influencing bacterial diversity, community composition
and enzyme production (Allison and Vitousek 2005; Fierer 2017;
Sinsabaugh and Shah 2012).

12 of 17

Global Change Biology, 2026

851801 SUOWIWIOD 8A 121D 3|edtdde 8y} Aq pausenob ake sspiie YO '8N Jo S3|nJ 10} AReig 1T 8UIIUO 8|1 UO (SUORIPUOD-PU.-SLUIBY IO AB| 1M ARed]1BU1IUO//:SHHL) SUORIPUOD PUe SWws | 8U) 83S *[9202/0T/80] Uo Ariqiauliuo &M ' AINN STHOOW NHOE TOOHIAIT - uewebebuz jeuyosesssy Ag 660TL GOB/TTTT OT/I0pAL0D &3] 1M Aliqjeul|uo//Sdny WO papeojumod ‘6 ‘920 ‘98r2SIET



FIGURE 5 | Breaking points in bacterial biodiversity loss amplify extracellular enzyme activity (EEA). (a) Moving window structural equation
model showing the response of EEA (75th percentile, latent variable in SEM models, see Methods) to increasing bacterial richness. Open symbols
indicate SEMs with unsatisfactory model fit, whereas filled symbols indicate satisfactory model fit. The full a priori SEM is shown in Figure S5 and
the global SEM results in Figure S21. Dashed lines indicate the estimated breakpoints identified by broken-line regression. Deviance explained was
calculated using a generalized additive model (GAM). Gray bars represent the confidence interval of breakpoint locations estimated across window
sizes of 85-95 samples (see Methods). (b) Heatmaps showing the relative contribution of deterministic and stochastic community assembly processes
along the bacterial richness gradient. (c) Principal coordinates analysis (PCoA) of bacterial community composition across bacterial richness regions.
(d) Heatmaps showing changes in the relative abundance of dominant bacterial classes across the bacterial richness gradient. (e) Principal compo-
nent analysis (PCA) of predicted EC numbers associated with the four measured extracellular enzymes (PICRUSt2) across bacterial richness regions.
(f) Heatmaps showing changes in the relative abundance of EC numbers associated with the four measured extracellular enzymes across the bacteri-
al richness gradient. (g) PCoA of FAPROTAX-based functional annotations across bacterial richness regions. (h) Heatmaps showing changes in the
relative abundance of dominant bacterial functional annotations across the bacterial richness gradient. Abbreviations are: ana chemoh =anaerobic
chemoheterotrophy, chemohete =chemoheterotrophy, nitrate red =nitrate reductase, hydrocarbon deg.=hydrocarbon degradation, aromatic com

deg.=aromatic compounds degradation, ae chemoh = aerobic chemoheterotrophy.

Against the backdrop of ongoing climate warming, which has
been shown to reduce bacterial diversity over the long term (Sun
et al. 2025), these results take on added significance. Warming-
induced biodiversity loss could push peatland microbial com-
munities across the bacterial richness threshold identified here,
shifting them towards the low-richness state characterised by
elevated EEA. Because elevated enzyme activities are associ-
ated with increased respiration rates (Jassey et al. 2018), this
ecological transition could ultimately accelerate C loss from
peatlands. Incorporating bacterial richness and nonlinear func-
tional thresholds into Earth system models could significantly
improve predictions of peatland responses to environmental
change. Although this entails scaling up from local to global lev-
els (Lennon et al. 2024), such efforts could transform our ability
to forecast peatland responses to environmental change and re-
fine global carbon budgets.

While our findings advance the understanding of microbial
controls on soil C cycling, they are not exempt from limita-
tions. Our large-scale sampling only captures a snapshot of
bacterial diversity in SDPs and may therefore include tran-
sient communities while overlooking the contribution of
slow-growing and dormant taxa to community structure and
enzyme activities. Nevertheless, the relative stability of bac-
terial communities across seasons (Richy et al. 2024) sug-
gests that our sampling still provides a representative view
of the core bacterial diversity in SDPs. While standardising
enzymatic assays improves comparability across bioclimatic
regions, it may also introduce bias by homogenising enzyme
activities and obscuring the true functional diversity, partic-
ularly in cold-adapted communities (Marasco et al. 2023). To
address this, we supplemented our trans-Holarctic approach
with the reciprocal transplant experiment and expanded our
enzymatic assays to include multiple incubation temperatures.
This enabled us to capture both the potential and realised en-
zyme activities under diverse thermal regimes (see Methods).
Our findings confirm that, while higher incubation tempera-
tures elevate enzyme activities, they do not alter the observed
biogeographical patterns (Figure S23). This consistency
across temperature regimes highlights a critical implication:
the simplification of SDP bacterial communities driven by
environmental change may destabilise peatland biogeochem-
ical cycles. This makes peatlands more vulnerable to external

conditions and more dependent on a limited set of taxa for
their functioning, thereby threatening the long-term stability
of the C pool. Given the isolation of many peatlands, natural
recolonisation is unlikely, leaving microbiomes permanently
altered and less resilient. Preserving microbial diversity in
these ecosystems is therefore essential for maintaining peat-
land resilience and safeguarding their role in global climate
regulation.
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