
ARTIC
LE

 IN
 PRESS

Article in Press

Metagenomics identifies distinct functional and 
taxonomic profiles between freshwaters and 
associated sediments in alpine habitats

Environmental Microbiome

Received: 4 June 2025

Accepted: 1 July 2026

Cite this article as: Gattei A., 
Vettorazzo S., Pindo M. et al. 
Metagenomics identifies distinct 
functional and taxonomic 
profiles between freshwaters and 
associated sediments in alpine 
habitats. Environmental Microbiome 
(2026). https://doi.org/10.1186/
s40793-026-00931-6

Anita Gattei, Sara Vettorazzo, Massimo Pindo, Nico Salmaso, Paolo Manghi, Stefano 
Larsen & Claudio Donati

We are providing an unedited version of this manuscript to give early access to its 
findings. Before final publication, the manuscript will undergo further editing. Please 
note there may be errors present which affect the content, and all legal disclaimers 
apply.

If this paper is publishing under a Transparent Peer Review model then Peer 
Review reports will publish with the final article.

https://doi.org/10.1186/s40793-026-00931-6

© The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit 
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do 
not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the 
article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain 
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

https://doi.org/10.1186/s40793-026-00931-6
https://doi.org/10.1186/s40793-026-00931-6
https://doi.org/10.1186/s40793-026-00931-6
http://creativecommons.org/licenses/by-nc-nd/4.0


1 

Metagenomics identifies distinct functional and 

taxonomic profiles between freshwaters and 

associated sediments in alpine habitats 
 

Anita Gattei1, 3*, Sara Vettorazzo2, 3, Massimo Pindo1, Nico Salmaso2, 3, Paolo 

Manghi1, Stefano Larsen1, 3, Claudio Donati1, 3* 

 

1: Computational Biology Unit, Research and Innovation Centre, Fondazione Edmund Mach, 

via Mach 1, San Michele all’Adige 38098, Italy 

2: Hydrobiology Unit, Research and Innovation Centre, Fondazione Edmund Mach, via Mach 

1, San Michele all’Adige 38098, Italy 

3: National Biodiversity Future Center (NBFC), Piazza Marina 61, 90133 Palermo, Italy 

* (corresponding author) 

Abstract  

Background: Alpine freshwater habitats are biodiversity hotspots, home to uniquely adapted 

microbial communities. However, our understanding of how taxonomic composition and 

metabolic potential of microbial communities varies across habitat type and physiography 

remains limited.  

Results: Using metagenomic sequencing, we examined microbial diversity and functions in 

sediment and water habitats across a physiographic gradient, including deep and shallow 

lakes, pasture ponds, ponds and peat bogs. Overall, sediments supported more diverse and 

even microbial communities. Conversely, waters displayed higher heterogeneity across the 

physiographic gradient in both taxonomic and functional composition. Notably, water 

communities from small water bodies, especially peat bogs and ponds, showed comparable 

diversity to their respective sediment communities, with higher taxonomic richness than 

aquatic communities from larger water bodies. Sediment microbial communities showed 

higher functional potential for nitrogen and methane metabolism, a pattern related to the likely 

anoxic conditions. By contrast, water bodies favored higher potential for carbohydrate 
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metabolism, carbon oxidation and photosynthesis. Lastly, we recovered 496 bacterial and 

archaeal metagenome-assembled genomes and found that 73% could not be assigned at the 

species level. 

Conclusions: Our findings shed new light on the microbial diversity and metabolic potential 

of alpine freshwater ecosystems, highlighting the vast and unknown diversity harbored by 

these fragile alpine ecosystems. 
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1. Background  1 

Alpine freshwater bodies and wetlands drive essential ecological processes and services, 2 

including key biogeochemical cycles, water filtration, organic matter decomposition, carbon 3 

storage, and primary production [1-11]. Despite their significance for ecosystem 4 

multifunctionality [1], they are among the most fragile environments, threatened by multiple 5 

pressures resulting from human activity [2], including climate change and biodiversity loss. 6 

Alpine freshwater habitats, such as deep and shallow lakes, pasture ponds, ponds and peat 7 

bogs provide fundamental ecosystem services and are biodiversity hotspots [3], hosting 8 

species adapted to high altitudes [4]. As per other natural environments, alpine water bodies 9 

and wetlands are home to unique communities of microorganisms, whose ecological role is 10 

deeply intertwined with biogeochemical cycles [5]. 11 

Water and sediment habitats differ significantly in microbial composition due to variations in 12 

nutrient availability and physical and chemical conditions [6]. Sediment habitats, rich in organic 13 

matter and nutrients, support greater microbial diversity than aquatic habitats [7, 8], fostering 14 

processes like denitrification and methanogenesis due to lower oxygen levels [9]. In contrast, 15 

water habitats, directly influenced by temperature and light, exhibit higher oxygen levels that 16 

affect microbial community structure and metabolism [6]. Physiographic features of the water 17 

bodies further shape microbial communities, as shallow waters allow light penetration to the 18 

bottom, promoting autotrophic benthic communities [10]. Despite their ecological significance, 19 

alpine lakes, small water bodies, and peat bogs remain underexplored, particularly concerning 20 

their microbial diversity and role in ecosystem functioning [3, 11]. This knowledge gap limits 21 

our understanding of microbial community responses to environmental changes, hindering 22 

long-term monitoring and restoration efforts [3, 5, 12]. 23 

Here, we collected 19 water and 19 sediment samples across a broad physiographic gradient 24 

within the ‘Ledro Alps and Judicaria’ Biosphere Reserve (Italy), including deep-water alpine 25 

lakes, shallow-water lakes, pasture ponds, ponds and peat bogs (Fig. 1). These habitats 26 
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provide an opportunity to examine microbial diversity in a biodiverse yet anthropized Alpine 27 

context. Using high-depth shotgun metagenomics, we: (i) characterized the different 28 

components of microbial communities, including bacteria, archaea, fungi, microalgae and 29 

protists, understanding the factors that shape their diversity at the species-level; (ii) built a 30 

catalogue of metagenome-assembled genomes (MAGs) to characterize rare and novel 31 

bacterial and archaeal species; (iii) expanded the current knowledge over the metabolic 32 

potential of alpine environments' microbiome, identifying patterns related to nutrient cycling 33 

and photosynthesis. By integrating taxonomic, functional and genomic data across microbial 34 

domains, this study expands previous metabarcoding research [8], offering a more 35 

comprehensive understanding of microbial communities in alpine waters. 36 

2. Methods 37 

2.1 Study site and sample collection 38 

We considered 19 locations within the ‘Ledro Alps and Judicaria’ MAB UNESCO Biosphere 39 

Reserve in Trentino, Italy, which extends for a total of about 47,000 ha [13]. Up to 34% of the 40 

habitats in the Reserve are protected due to their rarity, fragility, and high level of biodiversity. 41 

Sampling protocols were described previously [8]. Briefly, a total of 19 paired water and 42 

surface sediment samples were collected along a physiographic gradient (Fig. 1). The studied 43 

freshwater habitats included two large deep lakes (samples LL, LT), three shallow lakes 44 

(samples LA, LN, LV), three lake ponds (samples MST, TF1, PD), three pasture ponds 45 

(samples MT, BG, MS), four peat bogs (samples TF2, TF3, TL, L1) and four ponds (samples 46 

MC, MN, MM, MB). We divided the samples into two categories based on their size and depth. 47 

The category ‘Lakes and shallow lakes’ (L-SLs) included deep lakes (max depth 48 m), 48 

shallow lakes (4 m) and lake ponds (~0.5 m), all characterized by low connectivity between 49 

sediment and the water column. Conversely, the category ‘Small water bodies and peat bogs’ 50 

(SWB-PBs) included pasture ponds, ponds, and peat bogs that were consistently shallower 51 

than 1 m and featured high connectivity between water and sediment substrates. Within SWB-52 
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PBs, we distinguished between ponds and pasture ponds, as ponds tended to be naturally 53 

emerging pools of water, which were sometimes ephemeral, whereas pasture ponds are 54 

continuously maintained by farmers as a waterhole for animals. Since the stability of the body 55 

of water is a substantial factor influencing the microbiome, we employed two separate 56 

categories. For the sampling of the water column, different methods were used depending on 57 

the depth. In particular, in lakes and shallow lakes samples were collected from the centre of 58 

the lake (always within the euphotic zone) in sterilized bottles using Hydrobios integrating 59 

water samplers, Niskin bottles, or sterilized buckets. In small water bodies, samples were 60 

collected using telescopic samplers from the shores. Surface sediments were collected in the 61 

littoral zone using sterilized Pasteur pipettes. Sediment samples were lyophilized and stored 62 

at -20°C prior to DNA extraction. Water samples were filtered within 24 hours of collection 63 

using sterile ISOPORE filters with a 0.22 μm pore size under a laminar flow hood, after which 64 

the filters were stored dry at −20 °C until DNA extraction. 65 

 66 
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Figure 1. Study design and geographic map of the sampled sites in the Alpi Ledrensi 67 

and Judicaria UNESCO Biosphere Reserve. A) The sampled sites were classified into two 68 

categories based on their physiographic characteristics (water body size and depth). The 69 

category ‘Lakes and shallow lakes’ includes deep lakes (max depth 48 m), shallow lakes (4 70 

m), and lake ponds (~0.5 m). The category ‘Small water bodies and peat bogs’ includes 71 

pasture ponds, ponds, and peat bogs with varying depths, but always shallower than 1 m. B) 72 

For each habitat, paired sampling of water and sediment was carried out. C) The sampled 73 

sites belong to the UNESCO MAB Reserve ‘Alpi Ledrensi e Judicaria’, located in the North-74 

Eastern Alps, in the Trentino region, Italy. The sampled sites range over an altitudinal gradient 75 

from 600m to 1800m above sea level. 76 

2.2 DNA extraction, library preparation and full shotgun sequencing 77 

Environmental DNA (eDNA) from water and sediment samples was extracted using the 78 

DNeasy PowerWater® and DNeasy PowerSoil® kits (MO BIO Laboratories, a Qiagen 79 

Company, USA), respectively. DNA concentration and purity were assessed using a 80 

NanoDrop spectrophotometer (Thermo Fisher Scientific Inc., MA, USA). All samples yielded 81 

detectable DNA concentrations exceeding 2 ng μL⁻¹, with a mean ± SD of 28 ± 17 ng μL⁻¹. 82 

Starting from a total amount of 100 ng, total DNA was fragmented by enzymatic reaction at 83 

37°C x 5 min producing fragments of 500bp. The paired-end library was prepared using the 84 

KAPA HyperPlus kit (Roche). KAPA Unique Dual-Indexed Adapter Kit (Roche) recommended 85 

for use with the KAPA HyperPlus Kit were ligated to the DNA fragments following the 86 

manufacturer’s instructions. Libraries were quantified using the KAPA Library Quantification 87 

Kits (Roche) and were sequenced for 150 bp paired-end reads on the Illumina Novaseq 6000 88 

platform (Illumina Inc., San Diego, CA, USA). A total of 4,026,914,640 paired-end reads were 89 

sequenced (average per sample: 105,971,437.9).  90 

2.3 Metagenomes taxonomic profiling 91 

Multiple bioinformatics analyses were conducted using the Metashot metagenomic suite, an 92 

integrated library of pipelines designed for shotgun metagenomics and bacterial genomics [14] 93 

and the nf-core suite [15] (Supplementary Fig. 1). Using the workflows metashot/kraken2 94 

[16] and nf-core/taxprofiler [17], Illumina reads were first quality-filtered using BBDuk [18], 95 

which removed adapter sequences and bases with a quality < 10. Taxonomic classification of 96 
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the filtered reads was then performed with Kraken2 [19]. Specifically, bacterial and archaeal 97 

reads were classified using the GTDB R220 database, while eukaryotic reads were classified 98 

using the NCBI Reference Sequences PlusPFP database (version date: 12/28/2024) [20]. The 99 

abundance for all taxonomic levels, down to the species-level, was estimated with Bracken 100 

(Bayesian Re-estimation of Kraken output) [21]. 101 

2.4 Metagenomic assemblies reconstruction 102 

Metagenome-assembled genomes (MAGs) were reconstructed from quality-filtered reads 103 

using the metashot/mag-illumina v2.1.2 module [22]. Given the high sequencing depth of each 104 

sample, metagenomic assembly was performed independently for each sample, minimizing 105 

the risk of generating chimeric contigs. Briefly, reads were assembled into contigs using 106 

metaSPAdes [23] and binned into MAGs with MetaBAT2 [24]. Using the metashot/prok-quality 107 

v1.2.3 module [25], we performed quality assessment of the resulting MAGs, including the 108 

assessment of genome completeness and contamination estimates with CheckM [26]. 109 

Additional quality control steps included GUNC [27] to identify chimeric sequences, Barrnap 110 

[28] to annotate ribosomal RNA genes, and tRNAscan-SE [29] to detect transfer RNA genes, 111 

ensuring genome integrity and functional completeness. MAGs were considered of medium 112 

or high quality when showing a CheckM completeness estimate of > 50%, contamination 113 

estimate of < 10%, a quality score of completeness - 5 * contamination > 50, > 40% presence 114 

of the bac120 or ar53 marker genes, < 1000 contigs, an N50 > 5kb, and < 100,000 ambiguous 115 

bases classified as “N”. 116 

MAGs were further de-replicated at the species level (95% Average Nucleotide Identity) using 117 

dRep [30] and taxonomically classified using compmetagen/prok-classify [31], an updated 118 

version of metashot/prok-classify [32], which applies GTDB-Tk (v2.4.0) to place genomes 119 

within the GTDB taxonomic framework (v2.3.2). The phylogenetic tree of the taxonomically 120 

classified MAGs was generated using FastTree [33, 34]. 121 
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To evaluate how representative the recovered MAGs were of the studied microbial 122 

communities, high-quality metagenomic reads were aligned against the dereplicated 123 

catalogue of MAGs using Bowtie2 (v2.5.4) [35]. The percentage of mapped reads was 124 

calculated as the number of reads aligned at least once over the total number of raw 125 

sequencing reads using samtools flagstat (v1.23) [36]. 126 

In parallel, to estimate the distribution of the representative MAGs within the sample 127 

sequences, we employed the metashot/containment v1.0.0 module [37], which utilizes Mash 128 

Screen [38]. Mash screen uses MinHash sketches, enabling the detection and quantification 129 

of reference sequences within sequencing data. Namely, quality-filtered reads were searched 130 

in non-redundant MAGs’ sketches of size 10,000 and a match was defined as the query read 131 

sharing at least 95% of its k-mers with the corresponding sketch. The results were visualized 132 

by plotting the log2 of the ‘match count’ for each MAG against sample reads. 133 

2.5 Statistical analysis 134 

2.5.1 Taxonomic diversity comparison and differential abundance analysis 135 

For downstream taxonomic analysis, the combined abundance table generated with Bracken 136 

was imported into the R statistical environment [39] at the species level using the microeco 137 

R package (v1.10.0). The proportions of classified and unclassified reads were compared 138 

between environments (sediment vs matrix and L-SLs vs SWB-PBs) and among domains 139 

(bacteria, archaea and eukaryotes) using a two-proportion Z test.  140 

To reduce the influence of potential false-positive taxonomic assignments, taxa detected in 141 

fewer than two samples were removed as previously suggested [40]. Raw abundance counts 142 

were then rarefied to the minimum sequencing depth, using the function trans$rarefy 143 

(microeco package) (the rarefaction curve is shown in Supplementary Fig. 2). After 144 

rarefaction, the abundance table was disaggregated based on taxonomic domain, i.e. 145 

Bacteria, Archaea and Eukarya, keeping the three domains separate in the downstream 146 
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analysis. From the eukaryotes abundance table, plants were filtered out (i.e. all taxonomies 147 

classified as Kingdom Viridiplantae, except for Chlorophyta). To visualize the compositional 148 

structure of bacterial, archaeal and eukaryotic communities, compositional bar plots were 149 

generated using the microeco R package. The trans_abund function was used to show 150 

the compositional structure of each sample at the phylum level, considering the most abundant 151 

bacterial phyla, archaeal phyla and eukaryotic phyla (fungi, protists and microalgae only). The 152 

R package ANCOMBC v1.6.4 [41] was used to calculate the pairwise differential abundance 153 

between environmental groups at the phylum level. As mentioned previously, following 154 

Vettorazzo et al. [8], we classified samples into ‘lakes and shallow lakes’ (L-SLs) and ‘small 155 

water bodies and peat bogs’ (SWB-PBs) based on their depth and size profile to compare 156 

communities across the physiographic gradient. L-SLs included the lakes LL, LT, the shallow 157 

lakes LA, LN, LV and the lake ponds MST, PD, TF1. SWB-PBs included the pasture ponds 158 

MT, BG, MS, the ponds MC, MN, MM, MB and the peat bogs TF2, TF3, TL and L1. These 159 

classes have been applied throughout the study (Supplementary Table 1). Five pairwise 160 

comparisons were performed, i.e., L-SLs water vs SWB-PBs water, L-SLs water vs SWB-PB 161 

sediment, L-SLs water vs L-SLs sediment, SWB-PBs sediment vs L-SLs sediment, and SWB-162 

PBs sediment vs SWB-PBs water. Phyla that were not significantly different between a 163 

minimum of two groups were filtered out (alpha = 0.05). All P-values, here and in the rest of 164 

the analyses, were corrected for multiple testing using the Holm-Bonferroni method. 165 

Alpha diversity indices, including the Chao1 richness index and the Shannon diversity index, 166 

were calculated using the cal_alphadiv function (microeco) on Bracken-derived 167 

abundance tables. Statistical differences in alpha diversity indices between water and 168 

sediment samples were evaluated using the non-parametric Wilcoxon signed rank exact test, 169 

to account for paired non-normal data distributions. 170 

Beta diversity was then assessed using the Bray-Curtis (BC) dissimilarity index, computed 171 

with the cal_betadiv function from microeco. This BC dissimilarity matrix was investigated 172 

with Principal Coordinates Analysis (PCoA) to visualize sample clustering based on 173 
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community composition. PERMANOVA was used to assess differences in composition 174 

between predefined sample groups, such as lake sediment (L-SLs) vs. small water bodies or 175 

peat bogs (SWB-PBs), in water vs. sediment environments. PERMANOVA was independently 176 

calculated for bacteria, archaea and eukarya using the microeco built-in function 177 

cal_manova. 178 

To quantify the heterogeneity within and between sediment and water samples, we employed 179 

PERMDISP, a multivariate extension of Levene’s test that evaluates the homogeneity of group 180 

variances. We first calculated the distance from each data point to its group centroid using the 181 

function betadisper from the R library vegan. We then tested whether the distances 182 

between the relative group centroids differed significantly using PERMANOVA using the 183 

function adonis2 from vegan. 184 

2.5.2 Functional annotation and analysis 185 

The functional annotation of metagenomic scaffolds was conducted with the metashot/prok-186 

annotate v3.0.1 workflow [42]. The pipeline uses Prokka [43] to identify open reading frames 187 

(ORFs) and eggNOG-mapper 2.0 [44] to assign orthology-based annotations using the 188 

eggNOG v5.0 database [45] and enable predictions of gene function and metabolic pathways. 189 

The –metagenome option was used when running the pipeline, to perform gene prediction 190 

directly from sample-specific scaffolds and not on the assembled MAGs. Based on eggNOG’s 191 

predictions, genes were also annotated against the KEGG Orthology database (KEGG 192 

Orthology, Pathways, Modules and BRITE) [46]. Gene annotations were filtered with an e-193 

value cutoff of 10-5. For each of the 38 metagenomic samples, we considered a KEGG 194 

Orthology (KOs) profile and a KEGG Module profile (a higher-level organization of KEGG 195 

Orthologies).  196 

We compared the functional diversity of each habitat, grouped by matrix and physiographic 197 

gradient (four habitats), by computing a Shannon Diversity Index on abundance matrices of 198 

the genes (KOs) and the functional KEGG Modules annotated within each sample. Of note, 199 
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the KEGG KOs and KEGG Module abundance matrix represents the number of times that a 200 

query protein sequence was matched to its best matching orthologous group in the eggNOG 201 

database using sequence similarity. We also computed the richness of KOs and KEGG 202 

Modules by counting the number of annotated functional genes in each sample. To compare 203 

samples uniquely by their known functional profile, unclassified genes were removed (the 204 

number of unclassified genes and modules for each sample can be found in Supplementary 205 

Table 2 and Supplementary Table 3, respectively). We then compared the four habitats by 206 

their Shannon Index and Richness in a pairwise manner using the Wilcoxon Signed Rank test. 207 

Principal Component Analysis (PCA) was then applied to visualize the distances between 208 

samples based on these functional profiles. Specifically, PCA plots were generated using the 209 

non-scaled KEGG Orthology matrix and the KEGG Module matrix. To identify sample clusters 210 

based on KEGG Modules, we then performed hierarchical clustering on the PCA-transformed 211 

data. We calculated the Euclidean Distance between samples based on the top 5 principal 212 

components with the R function dist() and identified clusters with Ward's method using the 213 

R function hclust(). 214 

Lastly, the distribution of orthologous genes associated with biogeochemical pathways and 215 

photosynthesis were compared between environments, i.e. water and sediment and L-SLs 216 

and SWB-PBs. First, the KEGG database [47] was queried to identify KEGG Modules related 217 

to carbohydrate and energy metabolism. These include modules involved in carbohydrate 218 

metabolism (organic carbon oxidation), carbon fixation, nitrogen, sulfur, and methane 219 

metabolism and photosynthesis. After this search, 92 Modules were selected for further 220 

testing, 78 of which were present in the matrix of annotated genes. The results of this search 221 

are listed in Supplementary Table 4. To account for library size, the counts of genes assigned 222 

to each KEGG Module of interest were scaled by dividing gene counts by sample library size 223 

(Supplementary Table 5). Following this, the normalized counts for each module of interest 224 

were divided by the total number of genes assigned to all KEGG Modules within the same 225 

sample. This step allowed us to obtain relative gene abundances for each sample, enabling 226 
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the comparison of functional composition across samples from markedly different 227 

environments (e.g., water column versus sediment). For each biogeochemical and 228 

photosynthesis module, a distribution of these relative proportions was plotted (not shown), 229 

comparing sediment samples to water samples and L-SL samples to SWB-PB samples. The 230 

statistical significance of the differences found between environments was tested using the 231 

non-parametric Wilcoxon signed-rank test (paired comparison, water vs sediment) and the 232 

Wilcoxon rank-sum test (L-SLs vs SWB-PBs). To account for multiple comparisons across the 233 

tested KEGG Modules, p-values were adjusted using the Benjamini-Hochberg method to 234 

control the false discovery rate.  235 

Moreover, to connect taxonomic composition and functional potential, we integrated the 236 

metabolic annotations of recovered MAGs with read-based taxonomic abundance profiles 237 

derived from Kraken2/Bracken. First, KEGG Module counts identified in the MAGs were 238 

aggregated at the phylum level to establish the metabolic potential of each taxonomic group. 239 

Parallelly, sample-wise taxonomic abundances were aggregated at the phylum level. To 240 

capture the representative community structure of each habitat, we calculated the mean 241 

abundance of each phylum across all samples belonging to each of the four study 242 

environments (L-SL sediment, L-SL water, SWB-PB sediment, and SWB-PB water). This way, 243 

we obtained four environment-specific mean abundances for each phylum, which we then 244 

multiplied by the phylum-level KEGG module copy numbers to estimate environment-specific 245 

metabolic potentials. To quantify the functional importance of specific taxa to different 246 

biogeochemical pathways, we calculated, for each module, the percentage contribution of 247 

individual phyla to the total metabolic potential (defined as the number of module copies in 248 

one phylum divided by the sum of module copies across all phyla) within each environment. 249 

Finally, for the selected KEGG Modules (Table 1), we visualized the distribution of metabolic 250 

potential using heatmaps. We then followed the same procedure at the genus-level to obtain 251 

an overview of the functional contribution of the most abundant genera to each environment. 252 

To this end, we selected the 20 most abundant genera in each environment and plotted their 253 
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module abundance. Lastly, to characterize the contribution of unclassified taxa to ecosystemic 254 

functions, we produced a table focusing exclusively on the functional traits of such taxa, which 255 

are currently still lacking classification at the genus and species levels (Supplementary Table 256 

6). The table links unclassified MAGs to their assigned functional modules, by reporting their 257 

weighted abundance in each of the four studied environments (L-SL sediment, L-SL water, 258 

SWB-PB sediment, SWB-PB water), calculated as explained above.  259 
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3. Results 260 

A total of 4,026,914,640 paired-end reads were obtained from sequencing 19 paired water 261 

and sediment samples (38 total), yielding approximately 604.04 gigabases (Gb) of total bases 262 

sequenced. After quality filtering, 3,801,769,950 high-quality reads remained, corresponding 263 

to about 570.26 Gb. Each sample averaged 15.90 Gb of sequencing depth before filtering and 264 

15.01 Gb after filtering. On average, 62.2% of the total reads were taxonomically classified 265 

across samples. Of those reads, 61.5% were bacterial, 0.45% archaeal and 0.20% eukaryotic. 266 

Significantly more reads were classified in sediment samples compared to water (mean 267 

sediment = 66%, mean water = 58%; two-proportion z-test, P < 0.001), while no differences 268 

were found between ‘lakes and shallow lakes’ (L-SLs) and ‘small water bodies and peat bogs’ 269 

(SWB-PBs). Sediments showed a higher percentage of total classified reads compared to 270 

water for bacteria (median in sediment samples = 66.44%; median in water samples = 55.32%, 271 

two-proportion z-test, P < 0.001), archaea (median sediment = 0.46%; median water = 0.28%, 272 

two-proportion z-test, P < 0.001) and eukaryotes (median sediment = 0.24%; median water = 273 

0.15%, two-proportion z-test, P < 0.001). Moreover, applying a minimum threshold of 1,000 274 

reads per species, we estimated that a total of 464,981,825 reads were classified at the 275 

species level, corresponding to 12.23% of the total number of high-quality reads. 276 

3.1 Matrix and water body physiography determine microbial community composition 277 

and structure  278 

3.1.1. Freshwater and sediment habitats host unique microbial communities  279 

We analyzed the compositional and diversity patterns of bacterial, archaeal, and eukaryotic 280 

communities from freshwater and sediment habitats and detected 196 bacterial, 21 archaeal 281 

and 13 eukaryotic phyla. 282 

Bacterial communities exhibited distinct composition patterns between water and sediment 283 

samples. At the phylum level, water samples were dominated by Pseudomonadota (45% 284 
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mean abundance), Actinomycetota (19%), Bacteroidota (12%), Verrucomicrobiota (6%), and 285 

Cyanobacteriota (3%), while at the genus level, Planktophila, Limnohabitans, 286 

Polynucleobacter, Flavobacterium, emerged as the most abundant. In large lakes (including 287 

LL, LT, LA, and LV), UBA953 (Verrucomicrobiota), Fonsibacter (Pseudomonadota), 288 

Nanopelagicus (Actinomycetota) and Planktothrix (Cyanobacteriota) showed particularly high 289 

relative abundances, while in the genus JAIXTH01 (Pseudomonadota) was particularly high 290 

in the pasture pond MT. Sediment samples were dominated by Pseudomonadota (45%), 291 

Actinomycetota (16%), Acidobacteriota (6%), Bacteroidota (6%), Chloroflexota (4%), and 292 

Verrucomicrobiota (4%) (Supplementary Table 7, Supplementary Fig. 3A). At the genus 293 

level, sediments reported a higher relative abundance of Bradyrhizobium (Psudomonadota), 294 

Streptomyces (Actinomycetota) and Rubrivivax (Psudomonadota) (Supplementary Fig. 4A). 295 

Differential analysis using ANCOM-BC further highlighted these habitat-based differences. In 296 

L-SLs, we found a total of 4 phyla whose abundance was higher in water compared to L-SL 297 

sediments (Holm-Bonferroni P<0.05); viceversa, six phyla had a significantly higher 298 

abundance in sediments. Compared to L-SL sediments, L-SL water samples were enriched in 299 

Patescibacteria (P = 0.012, ANCOM-BC logFC = 1.17), Bacteroidota (P = 0.03, logFC = 1.17), 300 

Bacillota (P = 0.02, logFC = 0.73), and Bacillota_I (P < 0.001, logFC = 1.52). L-SL sediment 301 

samples showed higher abundance of Myxococcota_A (P < 0.001, logFC = 2.12), 302 

Desulfobacterota (P < 0.001, logFC = 1.44), and Acidobacteriota (P < 0.001, logFC = 1.81) 303 

compared to L-SL sediments, amongst others. A similar pattern was observed in SWB-PBs, 304 

where water samples showed higher abundances of Patescibacteria (P < 0.001, logFC = 2.07) 305 

and Bacillota_I (P = 0.04, log FC = 1.57) compared to sediments, while sediments were 306 

enriched in Chloroflexota (P < 0.001, logFC = 1.07), Nitrospirota (P = 0.002, logFC = 1.65), 307 

Desulfobacterota_B (P = 0.01, logFC = 1.48), and Acidobacteriota (P = 0.02, logFC = 1.32). 308 

The only significant difference between L-SLs and SWB-PBs was in waters, where 309 

Verrucomicrobiota showed higher abundance in L-SLs (P = 0.005, logFC = 1.83), while 310 

sediment communities showed no significant differences between physiographic groups (Fig. 311 

2A, Supplementary Table 8). 312 
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Similarly to bacteria, archaea showed unique patterns in community composition in sediments 313 

and waters, though they were not affected by water body characteristics such as depth and 314 

size, showing minimal variation between L-SLs and SWB-PBs. Sediment samples were 315 

dominated by Halobacteriota (60% group mean abundance), Thermoproteota (17%), and 316 

Thermoplasmatota (12%), whereas water samples contained different ratios of Halobacteriota 317 

(32%), Nanoarchaeota (17%), Thermoproteota (14%), and Thermoplasmatota (14%, 318 

Supplementary Table 9, Supplementary Fig. 3B). At the genus level, the archaeal genera 319 

with highest relative abundance were Methanoregula, Methanosarcina, Methanothirix, 320 

Halorubrum (Halobacteriota) and UBA184 (Thermoplasmatota), mostly high in sediments but 321 

also present in waters (Supplementary Fig. 4B). According to ANCOM-BC analysis, L-SL 322 

water samples were enriched in Iainarchaeota (P = 0.02, logFC = 1.23) compared to L-SL 323 

sediments. Conversely, L-SL sediments had higher Halobacteriota (P < 0.001, logFC = 2.26), 324 

Hadarchaeota (P = 0.04, logFC = 1.46), and Thermoplasmatota (P = 0.04, logFC = 1.02). In 325 

SWB-PBs, 7 phyla were enriched in water samples compared to sediments, including 326 

Nanoarchaeota (P < 0.001, logFC = 2.09), Iainarchaeota (P < 0.001, logFC = 2.01), 327 

Nanohaloarchaeota (P = 0.003, logFC = 1.63), Methanobacteriota_A (P = 0.008, logFC = 328 

1.69). Only Halobacteriota (P = 0.007, higher in SWB-PB water samples, logFC = 1.15) 329 

differed significantly between the water samples of L-SLs and SWB-PBs (Fig. 2B, 330 

Supplementary Table 10). 331 

Eukaryotic microbial communities were the least abundant but exhibited distinct patterns 332 

between sediment and water habitats, specifically in small water bodies and peat bogs. Across 333 

all samples, we identified three fungal phyla, seven non-photosynthetic protist phyla, and five 334 

photosynthetic microalgal phyla (Supplementary Table 11, Supplementary Fig. 3C). 335 

ANCOM-BC results showed that L-SL water samples were enriched in the phyla Evosea (P < 336 

0.01), while sediments were enriched in Euglenozoa (P < 0.001), Chlorophyta (P < 0.001), 337 

and Ascomycota (P < 0.001). In SWB-PBs, sediments had a higher relative abundance of 338 

Rhodophyta (P < 0.05), Microsporidia (P < 0.05), Chlorophyta (P < 0.05), and Basidiomycota 339 
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(P < 0.05). Only Bacillariophyta (P < 0.05) differed significantly between L-SL and SWB-PB 340 

water samples, while L-SL and SWB-PB sediment samples did not show significant 341 

differences (Fig. 2C, Supplementary Table 12). 342 
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Figure 2. ANCOM-BC analysis reveals sample-type differential Bacteria, Archaea and 344 

Eukarya phyla. ANCOM-BC was used to perform pairwise comparisons between samples 345 

belonging to large lakes and shallow lakes (L-SLs) water samples, L-SLs sediment samples, 346 

small water bodies and peat bogs (SWB-PBs) water samples and SWB-PBs sediment 347 

samples. Note that the group reported to the left of the comparison (e.g. L-SLs (w), in the 348 

comparison L-SLs (w) vs L-SLs (s)) is the reference level for the calculation of Log-Fold 349 

Change. The analysis was performed at the phylum level, significance was considered as 350 

adjusted P < 0.05. Legend: * P < 0.05, ** P < 0.01, *** P < 0.001. (A) Log-Fold Change values 351 

of bacterial phyla comparing water and sediment samples, within and between the L-SL and 352 

the SWB-PB groups. The 20 most abundant phyla are indicated. (B) Log-Fold Change values 353 

of 21 archaeal phyla comparing water and sediment samples, within and between the L-SL 354 

and the SWB-PB groups. (C) Log-Fold Change values of eukaryotic phyla (inclusive of fungi, 355 

non-photosynthetic protists and photosynthetic microalgae) comparing water and sediment 356 

samples, within and between the L-SL and the SWB-PB groups.  357 

3.1.2 Matrix and water body size and depth influence species evenness and diversity  358 

L-SL sediment samples exhibited significantly higher Inverse Simpson and Shannon indices 359 

than water samples (Wilcoxon signed-rank test, P < 0.01, Fig. 3A and Fig. 3B), indicating 360 

greater evenness and diversity. By contrast, SWB-PB sediments and water samples showed 361 

no significant differences in these indices, though Inverse Simpson and Shannon of water 362 

samples exhibited a wider range of values compared to sediment. These patterns suggest 363 

that sediments have structurally comparable bacterial communities, dominated by low-364 

abundance species, while water samples, particularly in larger and deeper L-SLs, are more 365 

variable and often dominated by highly abundant taxa like Planktothrix agardhii and 366 

Fonsibacter. However, the water of the shallow Lake Nembia (LN) was an exception, showing 367 

a high diversity of lowly abundant species, a pattern typical in sediments. In SWB-PBs, the 368 

pasture ponds BG, MS and the ponds MB and MC were dominated by the genera 369 

Limnohabitans and Flavobacterium, while the ponds L1, MM, MN and the peat bogs TF2, TF3, 370 

TL resembled the pattern observed in sediments with their low-abundance, high-diversity 371 

species assemblages. For archaea, Inverse Simpson and Shannon indices showed no 372 

statistically significant differences between habitats (Wilcoxon signed-rank test, P > 0.05), 373 

though water samples tended to exhibit higher diversity values (Fig. 3E and Fig. 3F). In 374 

contrast to bacteria, eukaryotic diversity was significantly higher in water samples, particularly 375 
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in SWB-PBs, where Inverse Simpson and Shannon indices exceeded those of sediments 376 

(Wilcoxon signed-rank test, P < 0.01, Fig. 3G and Fig. 3H). 377 

 378 

Figure 3. Water and sediment habitats differ in taxonomic diversity patterns (alpha and 379 

beta). All groups were compared with the Signed-rank Wilcoxon test, ns: not significant, * P < 380 

0.05, ** P < 0.01). (A, D and G) Inverse Simpson Diversity Index of bacterial (A), archaeal (D) 381 

and eukaryotic (G) species found in the samples (n = 19) divided by matrix (water or sediment) 382 

and paired by L-SLs or SWB-PBs. (B, E and H) Shannon Index distribution of bacterial (B), 383 

archaeal (E) and eukaryotic (H) species, divided by matrix (water or sediment) and paired by 384 

L-SLs or SWB-PBs. (C, F and I) PCoA based on the species’ Bray-Curtis distance between 385 

bacterial (C), archaeal (F) and eukaryotic (I) communities across samples. 386 
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3.1.3 Water communities are highly heterogeneous, while sediment communities are 387 

more taxonomically similar across water bodies 388 

To assess how habitat type and physiographic characteristics influence microbial community 389 

structure, we derived abundance matrices at the species level using Bracken and calculated 390 

Bray-Curtis (BC) dissimilarities between sediment and water samples from L-SLs and SWB-391 

PBs, which were then visualized with PCoA. 392 

For bacterial communities, the PCoA revealed a clear separation between water and sediment 393 

samples (PERMANOVA, P < 0.001, Fig. 3C). The distinction was also substantial between L-394 

SLs and SWB-PBs (P = 0.014). The PERMDISP test showed that dispersion was significantly 395 

higher in water communities (P < 0.0001, Supplementary Fig. 5A), while it was lower in 396 

sediment communities due to their structural similarity. 397 

Archaeal communities showed a significant difference in BC distances between water and 398 

sediment (PERMANOVA, P < 0.001, Fig. 3F), but no significant difference between L-SLs and 399 

SWB-PBs (P = 0.063), indicating that habitat type, not water body size or depth, dictates their 400 

structure. PERMDISP showed higher dispersion in sediment than water samples (P < 0.04, 401 

Supplementary Fig. 5B). 402 

For eukaryotes, water samples showed greater variability, while sediments were more 403 

taxonomically similar. PERMANOVA revealed significant differences between water and 404 

sediment samples (P < 0.001) and between physiographic groups (P = 0.015, Fig. 3I). 405 

PERMDISP showed significantly higher dispersion in water than sediment samples (P < 0.001, 406 

Supplementary Fig. 5C). These findings highlight that water communities are more 407 

heterogeneous, while sediment communities are taxonomically more comparable. Differences 408 

between L-SLs and SWB-PBs were significant for bacteria and eukaryotes but not for archaea. 409 
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3.2 Water and sediment communities show markedly distinct functional potentials 410 

We assembled 341,584,112 contigs for 103 Gb from the 38 metagenomes, predicting 411 

131,865,881 genes. Of these, 31% were functionally annotated, while 69% had no functional 412 

analog in the EggNOg database. Since bacterial communities contributed over 90% of the 413 

classified reads, most of the observed functional potential can be attributed to bacterial genes. 414 

Functional diversity across habitats was assessed using Shannon Diversity Index and 415 

richness metrics for KEGG Orthologues (KOs, Fig. 4) and KEGG Modules (Supplementary 416 

Fig. 6A, B). Significant differences in Shannon diversity based on KOs profiles were found 417 

between L-SL waters and L-SL sediments (P = 0.008) and L-SL waters and SWB-PB waters 418 

(P = 0.0005, Fig. 4A, B). No significant differences were found between SWB-PB waters and 419 

SWB-PB sediments (P > 0.05), nor between L-SL sediments and SWB-PB sediments (P > 420 

0.05), or L-SL sediments and SWB-PB waters (P > 0.05). No differences in KEGG KOs 421 

richness were found across habitats. For KEGG Modules, richness was significantly different 422 

between L-SL sediments and L-SL waters (P = 0.02), but no differences were observed 423 

between groups for the Shannon Index (Supplementary Fig. 6A, B). 424 

PCA of functional profiles (KEGG KOs, Fig. 4C; KEGG Modules, Supplementary Fig. 6C) 425 

showed that sediment and water habitats form distinct clusters. Some water samples, 426 

including peat bogs, ponds and the shallow lake LN, clustered closer to sediments 427 

(Supplementary Fig. 6D, Supplementary Fig. 7). 428 

When analyzing the relative proportion of total genes in each habitat involved in carbon and 429 

energy metabolism, we found significant differences in metabolic potential between water and 430 

sediment, and L-SLs and SWB-PBs (Table 1). Sediment-associated bacterial communities 431 

showed a higher potential for methane metabolism and nitrogen cycling, such as 432 

methanogenesis, nitrification, denitrification, and dissimilatory nitrate reduction (P < 0.001). 433 

Water-associated communities exhibited stronger potential for carbon and sulfur metabolism, 434 

including organic carbon oxidation, carbon fixation, glycolysis, and assimilatory sulfate 435 
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reduction (P < 0.001). Water habitats also had a higher proportion of genes related to 436 

photosynthesis, including Photosystem I and II (P < 0.01; P < 0.001), as well as anoxygenic 437 

photosynthesis of type II (M00597, P < 0.001). Sediments had relatively more genes related 438 

to Anoxygenic System I (M00598, P < 0.001). When comparing L-SLs and SWB-PBs, the two 439 

groups differed mainly in assimilatory nitrate reduction (P < 0.05) and photosynthesis genes. 440 

L-SLs showed higher relative levels of genes related to photosystems I, II and anoxygenic 441 

photosystem II (M00161, M00163, M00597, P < 0.05). Overall, these findings illustrate the 442 

functional specialization of microbial communities, i.e. sediment microbiomes are more 443 

involved in anaerobic processes (methanogenesis, nitrogen cycling), while water microbiomes 444 

rely more on phototrophic pathways. 445 

 446 

Figure 4. Habitats differ by their microbiome functional repertoire. (A) Shannon Index 447 

calculated on the annotated genes (KEGG KOs) based on the matrix of origin (sediment or 448 

water) and physiographic group (lakes and shallow lakes, L-SLs or small water bodies and 449 

peat bogs, SWB-PBs). (B) Total number of annotated genes (Richness) per sample, grouped 450 

by habitat type (sediment, water), and by water body type (L-SLs or SWB-PBs). (C) Beta-451 

diversity analysis of functionally annotated samples based on the total KEGG KOs identified 452 

in each sample’s metagenome, divided by sediment and water and by water body type (L-SLs 453 

or SWB-PBs). 454 
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See end of document for table 1. Table 1 should appear here. 455 

Table 1. Comparison of the functional potential of sediment and water (matrix) and the 456 

physiographic groups L-SLs and SWB-PBs. Comparisons based on the relative 457 

proportions of genes dedicated to nutrient cycling (Carbohydrate-, Carbon-, Nitrogen-, Sulfur- 458 

and CH4-related metabolism) and photosynthesis found in the metagenomes of these habitats. 459 

Measured by the relative number of genes (RPM) assigned to the KEGG Modules belonging 460 

to ‘Carbohydrate metabolism’ and ‘Energy metabolism’, relative to the total number of modules 461 

assigned for each sample. The ‘matrix’ and ‘physiographic group’ columns represent where 462 

the given Module was found significantly more abundant. The statistical significance of the 463 

differences found between environments (water vs sediment and L-SLs vs SWB-PBs) were 464 

tested using the non-parametric Wilcoxon signed-rank test (paired) or the Wilcoxon Rank-Sum 465 

test and P-values were adjusted using the Benjamini-Hochberg method. Legend: * for P ≤ 466 

0.05, ** for P ≤ 0.01, *** for P ≤ 0.001. 467 

3.3 Characterization of a metagenome-assembled genomes catalogue 468 

A total of 566 quality-filtered MAGs were recovered from the sampled sites. After de-469 

replication, we obtained 496 representative bacterial and archaeal MAGs (Fig. 5), with a 470 

majority of bacterial MAGs (n = 485, Fig. 5A) and a minority of archaeal MAGs (n = 11, Fig. 471 

5C). Regarding completeness and contamination, 36% of bacterial MAGs scored a high-472 

quality score (Completeness > 90% and  Contamination < 5%, Supplementary Fig. 8B), while 473 

64% scored a medium-quality score (Completeness > 50% and Contamination < 10%). 18% 474 

of archaeal MAGs had a high-quality and 92% a medium-quality score (Supplementary Fig. 475 

9B). Out of 496 MAGs, 133 bacterial and 3 archaeal MAGs were classified at the species level 476 

based on 95% whole-genome average nucleotide identity (ANI). In other words, 72% (n = 352) 477 

of the identified bacterial species and 73% (n = 8) of the archaeal species were novel, i.e. 478 

currently absent in the curated environmental bacterial database GTDB (RS220, Fig. 5B, 479 

D).  In particular, for bacteria, the greatest number of novel species was found for the phyla 480 

Pseudomonadota (121 MAGs), Actinomycetota (75 MAGs), Bacteroidota (57 MAGs), 481 

Verrucomicrobiota (25 MAGs), Patescibacteria (23 MAGs), and Cyanobacteriota (10 MAGs) 482 

(Fig. 5B). In the Archaea domain, we found three novel Nanoarcheota species, two 483 

Thermoplasmatota species, two Halobateriota species and one Thermoproteota species (Fig. 484 
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5D). The uncovered bacterial genomes encode 1,128,681 protein sequences, while 15,940 485 

genes were predicted from archaeal genomes (Supplementary Tables 13 and 14, 486 

respectively). In particular, the MAG with the highest number of genes encoded 11600 genes 487 

and was assigned to the genus SZUA-265 (phylum Myxococcota), The second most gene-488 

rich genome (with 6740 genes) was assigned to the genus Runella (phylum Bacteroidota). 489 

Instead, amongst archaeal genomes, the MAGs with the highest number of annotated genes 490 

were assigned to the genera Methanosarcina and Methanotrix (Halobacteriota) and had 2912 491 

and 2280 genes, respectively. 492 

Amongst the quality-filtered and de-replicated MAGs, 76% were reconstructed from water 493 

habitats, while only 23% were from sediment habitats. Given the higher bacterial diversity 494 

found in sediments compared to water (Fig. 3B), such result seems to be related to technical 495 

difficulties during de novo assembly. Interestingly, bacterial MAGs isolated from sediment 496 

samples were significantly bigger in genome size (P < 0.001, Supplementary Fig. 8C). 497 

Moreover, when we mapped reads back to the dereplicated MAGs to gain a picture of how 498 

representative MAGs were of the general community, we found that most reads mapped to 499 

MAGs recovered from water samples, while a strikingly low percentage of high-quality reads 500 

mapped to MAGs recovered from sediments (Supplementary Table 15, Supplementary Fig. 501 

10). 502 

To determine the distribution of the de-replicated MAGs (n = 496) within the 38 samples and 503 

have a proxy measure of their abundance, we used the “MASH screen” containment analysis 504 

with the “winner-take-all strategy”. Containment analysis showed that a higher percentage of 505 

MAGs mapped to water habitats, especially to the L-SL group (Supplementary Fig. 11, 506 

Supplementary Table 16). These MAGs were found in a non-uniform way across habitats 507 

along the physiographic gradient and each water habitat showed a unique MAG fingerprint. 508 

Conversely, species found in sediment habitats were mostly present in all samples, as shown, 509 

for example, by species of the phylum Acidobacteriota, Desulfobacterota, Methylomirabilota 510 

and Pseudomonadota. These results are in accordance with the results on community 511 
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composition (Fig. 3) that showed that sediments are overall more homogeneous at the species 512 

level compared to waters, which instead show a more diverse taxonomic profile between 513 

samples. 514 

 515 

Figure 5. Filtered and de-replicated bacterial and archaeal Metagenome-Assembled 516 

Genomes overview. De-replicated and filtered bacterial and archaeal Metagenome-517 

Assembled Genomes grouped by phylum. (A) Genome size distribution and number of 518 

predicted genes for each bacterial MAG (n = 485) ordered by phylogeny and colored by 519 

phylum. (B) The number of known and unknown bacterial species grouped by phylum, matrix 520 

(water vs sediment) and physiographic class (L-SLs and SWB-PBs). (C) The genome size 521 

distribution and number of predicted genes for each archaeal MAG (n = 11) ordered by 522 

phylogeny and colored by phylum. (D) The number of known and unknown archaeal species 523 
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grouped by phylum, matrix (water vs sediment) and physiographic class (L-SLs and SWB-524 

PBs). 525 

3.4 Functional traits of alpine lacustrine and sedimentary MAGs 526 

Following the comparison of functional compositions across different environments (sediment 527 

vs. water and L-SLs vs. SWB-PBs), measured in terms of module abundance (Table 1), we 528 

examined the annotated genes and pathways from the most abundant MAGs and linked them 529 

to the environments in which they were uncovered. To this end, we multiplied the number of 530 

modules identified in bacterial and archaeal MAGs by their taxonomic abundance in the 531 

samples (obtained with Kraken2/Bracken). As a result, we obtained weighted gene annotation 532 

matrices of biogeochemical and photosynthetic pathways (KEGG Modules). We then plotted 533 

heatmaps showing the distribution of genomic functions across the 20 most abundant phyla 534 

in each environment (L-SL sediment, L-SL water, SWB-PB sediment, SWB-PB water) (Fig. 535 

6). We observed that, in all the studied environments, Pseudomonadota was the phylum that 536 

carried most ecosystemic functions, followed by Actinomycetota, Bacteroidota, 537 

Cyanobacteriota and Halobacteriota. In terms of methane metabolism, Pseudomonadota was 538 

the primary contributor to methanogenesis potential across all environments. Supporting 539 

pathways showed distinct taxonomic drivers: Bacteroidota largely accounted for Coenzyme M 540 

biosynthesis (particularly in water samples) and, together with Desulfobacterota, dominated 541 

the Acetyl-CoA pathway. Formaldehyde assimilation potential was broadly distributed among 542 

Pseudomonadota, Bacteroidota, and Actinomycetota. Finally, the archaeal phyla 543 

Halobacteriota and Thermoplasmatota were the main contributors to 2-Oxocarboxylic acid 544 

metabolism in all environments. The nitrogen cycle was mostly dominated by 545 

Pseudomonadota, which contributed with more than the 75% of genes involved in nitrification, 546 

denitrification, assimilatory and dissimilatory nitrate reduction. Actinomycetota and 547 

Bacteroidota contributed the remaining portions of the genes involved in nitrogen metabolism 548 

(<20%). A similar pattern was observed for sulfur metabolism, where Pseudomonadota had 549 

the highest potential (>75%) for assimilatory sulfate reduction, dissimilatory sulfate reduction 550 
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and sulfur oxidation (M00595). Compared to other studied environments, L-SL waters showed 551 

a decreased percentage contribution of genes from Pseudomonadota (between 50-75% 552 

contribution), and an increased proportion of genes contributed by Actinomycetota (~25%) 553 

and Verrucomicrobiota (~10%), particularly concerning carbohydrate metabolism, carbon 554 

fixation and sulfur metabolism. Interestingly, L-SL waters also showed Cyanobacteriota’s 555 

metabolic potential to perform functions involved in methanogenic metabolisms. Although 556 

photosynthesis (Photosystem I, and Photosystem II) was found to be significantly higher in 557 

water (M00163, P < 0.006; M00161, P < 0.001; Table 1), oxygenic photosynthesis modules 558 

appear abundant across all environments due to the widespread presence of the phyla 559 

Cyanobacteriota and Bacteroidota, which carried the highest photosynthesis potential. 560 

Anoxygenic photosynthesis I modules, more present in water than sediments, were mostly 561 

contributed by Bacteroidota. 562 

To refine our understanding of the taxa important for lacustrine and sediment environments 563 

and their functional features, we visualized the abundance of modules in the MAGs of the top 564 

20 most abundant taxa at the genus level (Supplementary Fig. 12). We observed that in the 565 

water column of both lake types, central carbon metabolism was largely sustained by the 566 

genera Planktophila (Actinomycetota), Limnohabitans, Polynucleobacter, Rhodoluna, 567 

Rhodoferax C and Flavobacterium (phylum Pseudomonadota), which exhibited the highest 568 

weighted abundance of glycolysis and citrate cycle modules. In contrast, sediments showed 569 

a more taxonomically varied functional landscape with lower overall weighted gene 570 

abundance. In sediments, Rubrivivax emerged as the primary driver across methane, 571 

nitrogen, sulfur metabolism and photosynthetic pathways. 572 

Focusing more closely on the metabolic potential of unclassified species, we found that 573 

sediment environments were richer in taxa unclassified both at the genus and species level, 574 

indicating a more highly unexplored environment compared to waters. Waters also showed 575 

numerous unclassified taxa, but they were often classified at the genus level (see 576 

Supplementary Table 6 for the full list of unclassified taxa found in this study with their 577 
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functional potential). Interestingly, we found a taxon in the family Fimbriimonadaceae (phylum 578 

Armatimonadota), which showed a high number of genes coding for Photosystem I (M00163), 579 

sulfur metabolism (M00176, M00595, M00596), both in the waters and sediments of SWB-580 

PBs. Other unclassified taxa coding for photosynthetic genes belonged to the 581 

Cyanobacteriaceae and Microcystaceae (Cyanobacteriota) families, both in water and 582 

sediment environments. We also found MAGs belonging to the order Opitutales 583 

(Verrucomicrobiota) distributed across all environments, which encoded a high number of 584 

genes involved in the nitrogen cycle, specifically denitrification, assimilatory and dissimilatory 585 

nitrate reduction (M00529, M00530, M00531). In SWB-PB sediments, we found taxa from the 586 

order Rhodospirillales, still unclassified at the family level and particularly active in the 587 

metabolism of methane (M00344, M00346, M00356, M00357, M00563, M00567). 588 

Contributing to methanogenesis in sediments and belonging to the archaeal domain, we found 589 

2 new species of Methanothrix (phylum Halobacteriota) in L-SL sediments and SWB-PB 590 

sediment and waters. 591 
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 592 

Fig. 6. Functional distribution (based on KEGG Modules) across the most abundant 593 
bacterial and archaeal phyla in the four studied environments. The heatmaps show the 594 
relationship between taxonomic composition and functional profiles relating to biogeochemical 595 
and photosynthetic metabolism. Functional profiles are based on the KEGG database 596 
(Modules). The KEGG module counts were weighted by multiplying the module copy number 597 
of each MAG (aggregated by phylum) by the mean abundance of phyla across samples 598 
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belonging to each of the four categories (L-SL sediment, L-SL water, SWB-PB sediment, 599 
SWB-PB water). The taxonomic abundance was estimated via Kraken2/Bracken. Percentage 600 
contribution was calculated separately for each module, considering the proportion of genes 601 
contributed to that function by individual phyla.The figure shows values between 0 and 1 for 602 
visualization purposes.  603 

4. Discussion  604 

4.1 Diversity and ecological roles of microbial communities 605 

This study aimed to assess the diversity, taxonomic composition, and functional potential of 606 

microbial communities in alpine benthic and pelagic freshwater habitats across a gradient of 607 

water bodies varying in depth, size, and origin. The findings revealed distinct diversity patterns 608 

among bacterial and eukaryotic communities between sediment and water habitats, while 609 

archaeal diversity and community structure remained largely uniform. Both habitat type and 610 

water body characteristics, such as size and depth, significantly influenced microbial diversity 611 

and community composition. Sediments supported a diverse microbial community, which 612 

however appeared relatively homogeneous across the studied water bodies. Conversely, 613 

while communities in the water column displayed lower diversity, their composition varied 614 

greatly among water bodies. In small water bodies, benthic and pelagic communities tended 615 

to be more similar in composition and structure, while sediments and water in larger lakes 616 

supported clearly distinct assemblages. In particular, water habitats from small water bodies 617 

like peat bogs and ponds harbored higher taxonomic diversity compared to larger freshwater 618 

systems, featuring many low-abundant species.  619 

Bacterial communities in pelagic habitats varied the most along the physiographic gradient. 620 

Notably, Patescibacteria were more abundant in water samples than in sediments, particularly 621 

in small water bodies. This superphylum is adapted to low-nutrient environments, exhibiting 622 

small genomes and cell sizes. Their limited metabolic capacity allows them to lead symbiotic 623 

lifestyles with different hosts, including eukaryotes and archaea [48, 49]. Waters showed 624 

higher proportions of Bacillota I compared to sediments, especially in large water bodies. 625 

Microbes from this phylum are known to be primary degraders, feeding on carbohydrates 626 
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(cellulose and chitin), proteins, nucleic acids and lipids. They simplify complex organic 627 

molecules into simpler forms to be used by heterotrophic organisms, contributing significantly 628 

to microbial food webs within aquatic ecosystems [50]. Additionally, Bacteroidota, known to 629 

be involved in carbon cycling by decomposing complex polysaccharides [51], were more 630 

abundant in waters compared to sediments in large water bodies but not small water bodies. 631 

This phylum includes the family Chlorobi, mainly found in anoxic aquatic settings and known 632 

for conducting anoxygenic photosynthesis, thereby contributing to primary production in 633 

anoxic aquatic environments [52]. Moreover, large water bodies showed enrichment in 634 

Verrucomicrobiota compared to small water bodies. Verrucomicrobiota are cosmopolitan 635 

bacteria, as they have been ubiquitously found in soils and aquatic environments and have 636 

been described to be polysaccharide degraders in freshwater habitats [53].  637 

On the other hand, bacterial phyla such as Nitrospirota, Myxococcota, Acidobacteria, and 638 

Desulfobacterota were enriched in sediment environments both in L-SLs and SWB-PBs. The 639 

significantly higher abundance of these phyla in sedimentary environments can be largely 640 

attributed to the anaerobic and nutrient-rich conditions characteristic of sediments. Nitrospirota 641 

have been widely identified in hypoxic subsurface habitats and, while aerobic Nitrospirota 642 

species exist, most species perform nitrogen and sulfur cycling under anaerobic conditions 643 

[54]. Myxococcota, recognized for their predatory behavior, thrive in sediments rich in 644 

microbial prey, thereby influencing nutrient turnover and organic matter decomposition [55]. 645 

Acidobacteria, abundantly and vastly present in a diversity of soil habitats, exhibit versatile 646 

metabolic pathways, enabling them to adapt to various nutrient availability and soil acidities, 647 

often flourishing in microaerophilic or anaerobic niches [56]. Members of the Desulfobacterota 648 

are known for their role in sulfur cycling in anoxic environments such as sediments, utilizing 649 

sulfate as a terminal electron acceptor in the absence of oxygen [57].  650 

Additionally, Methylomirabilota and Chloroflexota were significantly higher in sediments than 651 

waters in small water bodies, but not large water bodies. Methylomirabilota, anaerobic 652 

methanotrophs, play an important role in greenhouse gas mitigation by sinking CH4 [58], 653 
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highlighting one of the many ecosystem services provided by small water bodies. 654 

Chloroflexota encompass diverse metabolic types, including anoxygenic photoautotrophs 655 

such as the green nonsulfur bacteria Chloroflexus [59], making them highly adaptable to 656 

sediment layers with light and oxygen gradients. 657 

Archaeal communities did not differ significantly between pelagic and benthic habitats by their 658 

richness but showed habitat-specific species enrichments, highlighting distinct ecological 659 

roles. Halobacteriota were particularly enriched in sediments, while waters from small water 660 

bodies showed higher abundances of this phylum compared to waters from larger lakes. 661 

Within this phylum the predominant classes were Methanosarcina and Metanobacteria, 662 

confirming their role in methanogenesis [60], as supported also by our functional analysis. In 663 

addition, Hadarcheota and Thermoplasmatota, phyla that contribute to recycling of organic 664 

matter, were enriched in the sediments of large and shallow lakes. Interestingly, Hadarchaeota 665 

have been implicated in the anaerobic degradation of hydrocarbons, operating in syntropy with 666 

methanogens [61]. In contrast, the waters of small water bodies showed a specific taxonomic 667 

signature, with phyla from the DPANN superphylum (e.g. Iainarchaeota and 668 

Methanobacteriota, amongst others), often characterized by small genomes and symbiotic 669 

lifestyles [62]. These observations highlight the specialized ecosystemic roles that these 670 

microorganisms play in biogeochemical processes across diverse freshwater ecosystems.  671 

Lastly, eukaryotic communities showed unique compositions in each habitat, with generally 672 

more abundant red and green algae in sediments, diatoms in waters and fungi uniquely spread 673 

across the different environments. Nonetheless, diversity was particularly high in small water 674 

bodies, which can be explained by their higher connectivity between adjacent pelagic, benthic, 675 

littoral and riparian environments [10].  676 

Overall, each habitat showed a unique taxonomic and functional composition of microbial 677 

communities. Generally, biogeochemical and photosynthetic pathways were supported by a 678 

wide array of phyla, amongst which the top contributors were Pseudomonadota, 679 
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Desulfobacterota, Cyanobacteriota, Bacteroidota, Halobacteriota and Actinomycetota. Water 680 

samples tended to be taxonomically and functionally more variable compared to benthic 681 

habitats. We found a clear functional separation between peat bogs and ponds and the rest 682 

of the analyzed habitats. While large deep and shallow lakes showed similar functional profiles 683 

to pasture ponds, peat bogs and ponds were characterized by a higher number of annotated 684 

genes, which indicates a higher functional richness. The higher genetic richness of these water 685 

bodies correlates with their lack of thermal stratification and generally higher volume of 686 

oxygens and nutrients, which provide a more suitable habitat for microbial life [63].  687 

By comparing the relative abundance of each metabolic module in sediment and water, we 688 

observed that the distribution of metabolic pathways was coherent with the expected available 689 

substrates in water and sediment habitats. Sediment samples, which are typically anaerobic 690 

and rich in complex organic matter, supported pathways adapted to anaerobic conditions, 691 

revolving mostly around the cycling of nitrogen and methane, which are alternative electron 692 

acceptors to sustain energy production [64]. Interestingly, recent findings suggest that 693 

methanogenesis in freshwater habitats is also linked to pathways associated with chlorophyll 694 

metabolism and photosynthesis [65], justifying our finding of genes related to CH₄  production 695 

in cyanobacterial genomes. As our study revealed the presence of taxa from the families 696 

Cyanobacteriaceae and Microcystaceae unclassified at the species level, future work should 697 

focus on characterizing these species and understanding their role in recently proposed 698 

photosynthesis-driven CH4 production pathways. By contrast, water samples, with higher 699 

oxygen levels, favored aerobic metabolic pathways such as glycolysis and the citrate cycle. 700 

For example, water column-residing methylothrophic species such as Methylobacterium, 701 

Methylophilus, Methylococcus (Pseudomonadota), and Mycobacterium (Actinomycetota) 702 

exhibited a high relative proportion of genes related to the assimilation of formaldehyde, which 703 

originates directly from the aerobic oxidation of one-carbon (C1) compounds. The prevalence 704 

of methylotrophic metabolic modules such as formaldehyde assimilation in water 705 

environments can be explained by the requirement for oxygen as a final electron acceptor 706 

[66]. Moreover, waters showed higher potential to perform assimilatory sulfate reduction, one 707 
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of the most dominant processes driving mineralization of organic matter in anoxic 708 

environments, such as deeper layers in stratified lakes [67]. Lastly, water environments, 709 

especially large and shallow lakes, harbored a significantly greater proportion of genes related 710 

to photosynthesis as well as anoxygenic photosynthesis of type II. This trend is consistent with 711 

the higher presence of aerobic photoautotrophic organisms in the waters of lakes compared 712 

to sediments, such as Cyanobacteriota in pelagic habitats. By contrast, the higher ratio of 713 

anoxygenic photosynthesis genes of type I in sediment habitats is consistent with the presence 714 

of green sulfur bacteria and purple photosynthetic bacteria such as the order Rhodospirillales 715 

(class Alphaproteobacteria) [68] in benthic habitats. An interesting finding in our study was the 716 

detection of Armatimonadota in the waters of shallow wetlands, including members of the 717 

family Fimbriimonadaceae. A recent study recovered Armatimonadota MAGs from 718 

sedimentary environments and revealed their involvement in carbon fixation, sulfur, and 719 

nitrogen cycling. Our finding aligns with expanding evidence that this phylum comprises 720 

globally distributed, understudied bacterial lineages with diverse ecological roles in oxic–721 

anoxic interface habitats such as shallow wetland waters [69].  722 

4.2 Technical limitations of the study 723 

While metagenomics provides exceptional tools for the assembly of environmental genomes, 724 

the field is still facing technical hurdles reflecting the inherent challenges in assembling eDNA 725 

from soil-rich environments. MAG assembly generally benefits from a higher proportion of 726 

mapped reads in low-diversity samples, whereas the elevated microbial diversity in sediments 727 

necessitates deeper sequencing efforts. Sediments and soils contain substantial amounts of 728 

“relic DNA,” referring to extracellular DNA from dead microorganisms, along with repetitive 729 

genetic elements, both of which complicate assembly by introducing fragmented and 730 

incomplete sequences [70]. Increased Shannon entropy in these environments further 731 

exacerbates assembly difficulties, leading to a higher prevalence of incomplete and 732 

contaminated sequence bins. In our study, sediment-derived MAGs were numerically inferior 733 

to those from water samples. In particular, the L-SL group yielded a greater number of 734 
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assembled and representative MAGs, which is likely due to the lower diversity of upper water 735 

columns. In contrast, MAG recovery from sediments was proved to be more challenging, with 736 

higher contamination and lower completeness levels. The intrinsic obstacles of MAG recovery 737 

from soil samples could have been improved using multiple binning tools in combination with 738 

a bin-refinement tool, such as MAGScoT [71] or DAS Tool [72]. Relying on a single binning 739 

tool is known to be prone to introducing systemic biases, e.g., missing strain variations or 740 

producing chimeras, overall reducing the observed taxonomic diversity. Nonetheless, even 741 

when combining multiple binning tools, recovering high-quality genomes from a complex and 742 

heterogeneous matrix such as soil or sediment remains challenging to date [73]. 743 

5. Conclusions 744 

Our study provides the taxonomic identities and functional evidence of the metabolic potential 745 

of microorganisms residing in alpine freshwater bodies of different sizes and depths and their 746 

relative sediment habitats. Our analysis of biogeochemical cycling and photosynthetic 747 

potential demonstrates that biogeochemical processes are mostly shaped by habitat matrix, 748 

likely as a direct consequence of differing oxygen and other nutrient levels, and that shallow 749 

water-logged habitats such as peat bogs and ponds share taxonomic diversity and functional 750 

patterns with those found in sediments. The rare and protected habitats analyzed in this study 751 

were found to harbor a remarkable yet unexplored bacterial and archaeal genomic diversity. 752 

Most assembled genomes could not be classified into known species, revealing the 753 

importance of exploring, in a non-invasive way, biodiversity-rich protected habitats such as 754 

nature reserves.  755 
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 1050 

Metabolism Module Module name p-value 

Adj. p-

value 

Signif

icanc

e Matrix 

Carbohydrate 

metabolism M00001 

Glycolysis (Embden-Meyerhof 

pathway), glucose => pyruvate 

0.00000

4 

0.0000

2 *** Water 

Carbohydrate 

metabolism M00002 

Glycolysis, core module involving 

three-carbon compounds 

0.00000

4 

0.0000

2 *** Water 

Carbohydrate 

metabolism M00307 

Pyruvate oxidation, pyruvate => 

acetyl-CoA 

0.00000

4 

0.0000

2 *** Sediment 

Carbohydrate 

metabolism M00010 

Citrate cycle, first carbon oxidation, 

oxaloacetate => 2-oxoglutarate 

0.00117

1 

0.0021

8 *** Water 

Carbohydrate 

metabolism M00004 

Pentose phosphate pathway 

(Pentose phosphate cycle) 

0.00003

8 

0.0001

1 *** Water 

Carbohydrate 

metabolism M00308 

Semi-phosphorylative Entner-

Doudoroff pathway, gluconate => 

glycerate-3P 

0.00000

4 

0.0000

2 *** Water 

Carbohydrate 

metabolism M00309 

Non-phosphorylative Entner-

Doudoroff pathway, 

gluconate/galactonate => glycerate 

0.00005

3 

0.0001

5 *** Sediment 

Carbohydrate 

metabolism M00012 Glyoxylate cycle 

0.01406

9 

0.0196

0 ** Water 

Carbohydrate 

metabolism M00532 Photorespiration 

0.00012

6 

0.0003

0 *** Water 

Carbohydrate 

metabolism M00741 

Propanoyl-CoA metabolism, 

propanoyl-CoA => succinyl-CoA 

0.00064

5 

0.0012

3 *** Sediment 

Carbon fixation M00165 

Reductive pentose phosphate cycle 

(Calvin cycle) 

0.00000

4 

0.0000

3 *** Water 

Carbon fixation M00376 3-Hydroxypropionate bi-cycle 

0.00117

1 

0.0020

2 *** Water 

Carbon fixation M00375 

Hydroxypropionate-hydroxybutylate 

cycle 

0.00532

9 

0.0072

3 *** Sediment 

Carbon fixation M00374 Dicarboxylate-hydroxybutyrate cycle 

0.00532

9 

0.0072

3 *** Water 

Carbon fixation M00377 Reductive acetyl-CoA pathway 

0.01808

2 

0.0229

0 * Sediment 

Carbon fixation M00579 

Phosphate acetyltransferase-

acetate kinase pathway, acetyl-CoA 

=> acetate 

0.00117

1 

0.0020

2 *** Sediment 

Carbon fixation M00620 

Incomplete reductive citrate cycle, 

acetyl-CoA => oxoglutarate 

0.00001

1 

0.0000

6 *** Sediment 

Methane 

metabolism M00567 Methanogenesis, CO2 => methane 

0.00002

7 

0.0001

3 *** Sediment 

Methane 

metabolism M00357 

Methanogenesis, acetate => 

methane 

0.00016

4 

0.0006

2 *** Sediment 

Methane 

metabolism M00356 

Methanogenesis, methanol => 

methane 

0.00021

0 

0.0007

2 *** Sediment 

Methane 

metabolism M00563 

Methanogenesis, 

methylamine/dimethylamine/trimethy

lamine => methane 

0.00012

6 

0.0005

3 *** Sediment 

Methane M00358 Coenzyme M biosynthesis 0.00532 0.0072 *** Sediment 
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metabolism 9 3 

Methane 

metabolism M00608 

2-Oxocarboxylic acid chain 

extension, 2-oxoglutarate => 2-

oxoadipate => 2-oxopimelate => 2-

oxosuberate 

0.00052

3 

0.0013

2 *** Sediment 

Methane 

metabolism M00346 

Formaldehyde assimilation, serine 

pathway 

0.00000

4 

0.0000

3 *** Water 

Methane 

metabolism M00345 

Formaldehyde assimilation, ribulose 

monophosphate pathway 

0.00033

6 

0.0009

8 *** Water 

Methane 

metabolism M00344 

Formaldehyde assimilation, xylulose 

monophosphate pathway 

0.00000

4 

0.0000

3 *** Water 

Methane 

metabolism M00378 F420 biosynthesis, archaea 

0.00823

2 

0.0107

9 ** Sediment 

Methane 

metabolism M00422 

Acetyl-CoA pathway, CO2 => 

acetyl-CoA 

0.00064

5 

0.0014

4 *** Sediment 

Nitrogen 

metabolism M00530 

Dissimilatory nitrate reduction, 

nitrate => ammonia 

0.00000

8 

0.0000

5 *** Sediment 

Nitrogen 

metabolism M00529 Denitrification, nitrate => nitroge 

0.00000

4 

0.0000

3 *** Sediment 

Nitrogen 

metabolism M00528 Nitrification, ammonia => nitrite 

0.00096

5 

0.0018

3 *** Sediment 

Nitrogen 

metabolism M00804 

Complete nitrification, comammox, 

ammonia => nitrite => nitrate 

0.00000

4 

0.0000

3 *** Sediment 

Sulfur 

metabolism M00176 

Assimilatory sulfate reduction, 

sulfate => H2S 

0.00079

0 

0.0016

7 *** Water 

Photosynthesis M00161 Photosystem II 

0.00064

5 

0.0014

4 *** Water 

Photosynthesis M00163 Photosystem I 

0.00391

8 

0.0059

5 ** Water 

Photosynthesis M00597 Anoxygenic photosystem II 

0.00334

2 

0.0052

9 *** Water 

Photosynthesis M00598 Anoxygenic photosystem I 

0.00147

7 

0.0024

4 *** Sediment 

Metabolism Module Module name p-value 

Adj. p-

value 

Signif

icanc

e 

Physiogra

phic 

group 

Nitrogen 

metabolism M00531 

Assimilatory nitrate reduction, nitrate 

=> ammonia 

0.00385

2 

0.0429

3 * SWB-PBs 

Carbohydrate 

metabolism M00008 

Entner-Doudoroff pathway, glucose-

6P => glyceraldehyde-3P + pyruvate 

0.00078

5 

0.0153

0 * SWB-PBs 

Photosynthesis M00161 Photosystem II 

0.00214

9 

0.0261

9 * L-SLs 

Photosynthesis M00163 Photosystem I 

0.00061

0 

0.0153

0 * L-SLs 

Photosynthesis M00597 Anoxynogenic photosystem II 

0.00143

0 

0.0223

1 * L-SLs 

Table 1. Comparison of the functional potential of sediment and water (matrix) and the 1051 

physiographic groups L-SLs and SWB-PBs. Comparisons based on the relative 1052 

proportions of genes dedicated to nutrient cycling (Carbohydrate-, Carbon-, Nitrogen-, Sulfur- 1053 
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and CH4-related metabolism) and photosynthesis found in the metagenomes of these habitats. 1054 

Measured by the relative number of genes (RPM) assigned to the KEGG Modules belonging 1055 

to ‘Carbohydrate metabolism’ and ‘Energy metabolism’ relative to the total number of modules 1056 

assigned for each sample. The ‘matrix’ and ‘physiographic group’ columns represent where 1057 

the given Module was found significantly more abundant. The statistical significance of the 1058 

differences found between environments (water vs sediment and L-SLs vs SWB-PBs) were 1059 

tested using the non-parametric Wilcoxon signed-rank test (paired) or the Wilcoxon Rank-Sum 1060 

test and P-values were adjusted using the Benjamini-Hochberg method. Legend: * for P ≤ 1061 

0.05, ** for P ≤ 0.01, *** for P ≤ 0.001. 1062 
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