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Abstract
Background  Microbial communities in mining environments exhibit unique metabolic adaptations to extreme 
conditions, such as high metal concentrations and low pH. Their relatively low species complexity makes them an 
attractive model for fine-scale evolutionary analysis; nonetheless, genome-resolved metagenomic data from these 
environments are still scarce. Here, we employed genome-resolved metagenomics to analyze a high-quality Illumina-
sequenced sample from the Cauquenes copper tailing in central Chile, one of the world’s largest and oldest copper 
waste deposits. We aimed to uncover the taxonomic composition, metabolic potential, and evolutionary pressures 
shaping this extremophile community.

Results  We reconstructed 44 medium- and high-quality metagenome-assembled genomes (MAGs), predominantly 
from the phyla Actinomycetota, Pseudomonadota, and Acidobacteriota. Taxonomic analysis revealed limited species-
level classification, with only five MAGs assigned to known species, highlighting the challenges of characterizing 
extreme environments. Functional profiling identified enhanced metabolic capabilities in sulfur and copper 
pathways, critical for survival in mining ecosystems. Using evolutionary analysis on mining MAGs using dN/dS ratios, 
we uncoverd strong negative selection on genes involved in sulfur, copper, and iron metabolism, indicative of a 
conservative evolutionary state. In contrast, genes under positive selection were linked to motility, biofilm formation, 
and stress resistance, suggesting adaptive mechanisms for resource acquisition and survival.

Conclusions  Our study provides a metagenome-wide evolutionary analysis of mining MAGs, demonstrating that 
microbial communities in copper tailings are highly specialized, with conserved metabolic pathways under strong 
purifying selection. At the same time, the recovery of previously unclassified species of extremophiles expands the 
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Introduction
Metagenomics enables the study of genetic information 
and interactions within complex microbial communi-
ties in specific environments. Additionally, it enables the 
reconstruction of “metagenome-assembled genomes” 
(MAGs), in-silico genomes that are hard to obtain 
through the conventional isolation of microorganisms 
[1]. In recent years, metagenomics has been useful to 
map the complexity of heterogeneous microbial commu-
nities inhabiting extreme environments and their adapta-
tions across various ecosystems characterized by low pH, 
wide range of temperatures, hypersalinity or high heavy 
metal concentrations [2–5]. Metagenomic analysis can 
inform taxonomic composition, metabolic-biogeochemi-
cal cycling functionalities, and selective pressure analysis 
of genetic evolution within these communities [6, 7].

Soil ecosystems are among the most diverse micro-
bial habitats on Earth, harboring a vast array of meta-
bolic capacities and genetic resources [8]. Despite 
high-throughput experiments, a significant portion of 
soil microbial diversity remains unexplored, particularly 
at finer taxonomic levels such as genus and species [9, 
10]. This is particularly evident in extreme environments, 
where harsh conditions limit diversity and favor highly 
specialized taxa [11]. Mining ecosystems are character-
ized by extreme acidity, high metal concentrations, and 
relatively low microbial diversity [12]. These environ-
ments are dominated by bacterial communities belong-
ing to phyla such as Acidobacteriota, Actinomycetota 
(synonym Actinobacteriota), and Pseudomonadota (for-
mer Proteobacteria phylum), which play specialized roles 
in biogeochemical cycles, particularly in iron and sulfur 
cycling, driven by unique genetic adaptations [13–15]. 
For example, acidophilic prokaryotes, such as Acidithio-
bacillus thiooxidans, have evolved specialized molecular 
pathways to tolerate heavy metals and acidic conditions, 
making them a model organism in mining microbiology 
[16–18]. Similarly, other acidophilic genera, including 
Leptospirillum, Acidimicrobium, Ferromicrobium, and 
Sulfobacillus, exhibit comparable capabilities and bio-
technological potential [19, 20]. These microorganisms 
are particularly valued for their efficient copper bioleach-
ing capabilities, a process especially critical to the Chil-
ean mining industry [21–23]. Beyond bioleaching, they 
are increasingly being explored for broader applications, 
such as the bioremediation of heavy metals and pollut-
ants in water and soils [24–26].

Over the past two decades, a series of seminal studies 
has built a solid foundation for understanding evolution 

in acid-mine-drainage (AMD) microbiomes [27–33]. The 
first genome-resolved comparison, between the isolate 
Ferroplasma acidarmanus (fer1) and its environmental 
counterpart [27], demonstrated that core genes remain 
under pervasive purifying selection. A curated commu-
nity assembly for Leptospirillum Group II [28] extended 
these insights by revealing hypervariable plasmid/phage 
“islands’’ and confirming that strain variation is generally 
purged by selection. Time-series sampling of the same 
biofilm [29] then provided the field’s first in-situ point-
mutation rate estimates and showed that large homol-
ogous-recombination tracts can generate ecologically 
successful hybrids within years. Community-level rela-
tive-evolutionary-rate surveys across 40 metagenomes 
spanning six habitats [30] further established that AMD 
communities evolve faster than those in soils or oceans, 
attributing this to relaxed constraint in extreme environ-
ments. Subsequent work catalogued dozens of horizon-
tal-gene-transfer (HGT) events among co-existing AMD 
taxa [31] and provided clues for virus-driven gene-con-
tent changes in the Richmond Mine system [32]. Most 
recently, comparative genomics of 16 Acidithiobacil-
lus ferrooxidans isolates [33] identified a focused set of 
metal-resistance orthologues under recurrent positive 
selection, showing the adaptive potential of key biomin-
ing species.

Collectively, these studies have demonstrated the roles 
of purifying selection, recombination, HGT, and mobile 
elements in shaping AMD genomes. Nonetheless, they 
share common limitations: analyses often centred on one 
or two key species; few-gene markers; selection signals 
were obtained from orthologues rather than population-
level SNPs; metagenome-assembled genomes (MAGs) 
were rarely used; and site replication remained scarce. 
Addressing these gaps requires genome-resolved, SNP-
based selection tests across diverse taxa and multiple 
sites. Finally, the extent to which the selection patterns 
observed in iconic AMD systems and representative 
microorganisms generalise to geographically distinct 
mining sites or other less abundant community members 
has yet to be tested.

Here, we generated and analysed metagenomic data 
from sample S15 taken in the 12.5 km2 Cauquenes cop-
per tailings (in operation since 1936) in central Chile—
an extreme habitat with millimolar copper, iron, and 
zinc and pH ≈ 4.0 (Table S1) [34]. Assembly and bin-
ning produced 44 medium/high-quality MAGs, giving 
genome-level insight that exceeds recent 16 S-based or 
pathway-specific surveys [35–37]. When benchmarked 

known biodiversity of mining ecosystems. These findings emphasise the challenges of leveraging these communities 
for biotechnological applications, such as biomining, due to their evolutionary constraints.
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against the 32,931-genome Soil MAGs catalogue [38], 
only 5 MAGs corresponded to known species-level bins 
and 31 to known genera, highlighting substantial nov-
elty. Gene-dosage profiles showed marked enrichment 
of copper- and sulphur-oxidation pathways relative to 
non-mining soils [38]. Using 146,932 high-confidence 
SNPs and contamination-corrected dN/dS estimates for 
39,438 genes, we found strong purifying selection (95.2% 
of genes dN/dS < 1) but identified a small set of posi-
tively selected genes in biomining functions. Applying 
the same pipeline to seven additional sites of Cauquenes 
tailing (250 dereplicated MAGs) revealed the same pat-
terns, reinforcing the stability of evolutionary constraints 
in this environment.

Materials and methods
Sample collection and DNA extraction
Three replicated soil samples (100 g each) were collected 
in July 2022 (Chilean winter) under sterile conditions at 
5 to 10 cm of the soil surface in a particular zone of the 
Cauquenes copper tailing belonging to the intermedi-
ate site and labeled as S15 sample (pH ~ 4.0, high cop-
per concentration). The replicates were homogenized in 
situ before being stored on dry ice for further microbial 
analyses. DNA was extracted from the collected sam-
ples (each of the three soil samples) using the Zymo kit 
Quick-DNA Fecal/Soil Microbe MiniPrep™, combining 
the manufacturer’s instructions and pre-treatment of 
the samples before following the kit protocol. 20 g of soil 
were resuspended in 20 ml PBS buffer. Then, the sample 
was homogenized using FastPrep-24 equipment (MP 
Biomedicals Cat. Number 6004500) in a cycle of 4  m/s 
for 20 s. The mixture was centrifuged (120 × g for 5 min) 
at room temperature and the supernatant fluid was trans-
ferred to a clean tube, and centrifuged (7,100 × g for 
10 min) at room temperature, then the supernatant was 
discarded and the pellet was resuspended in 1 ml of PBS 
buffer. After, the samples were vortexed for 10 s, and the 
mixture was transferred into a DNA Fecal/Soil Microbe 
lysis tube to continue the kit protocol. Concentrations of 
DNA were evaluated with a Qubit 4 fluorometer.

Metagenome sequencing
Shotgun metagenomic sequencing was performed on 
DNA extracted from the S15 sample using the TruSeq™ 
DNA PCR-free Sample Prep Kit (Illumina, USA) follow-
ing the manufacturer’s instructions. Sequencing was per-
formed on an Illumina HiSeq™ 2000 platform, generating 
a total of 103,790,393 paired-end raw reads (2 × 150  bp, 
Table S2).

Metagenomic assembly, binning, quality assessment, and 
classification
Raw reads were assembled, binned and annotated using 
the nf-core/mag v2.2.1 pipeline [39] available for the 
workflow management system Nextflow [40]. First, fastp 
v0.23.2 was used to perform the short reads trimming 
to remove adapters and low quality reads [41]. Quality 
control of the trimmed reads was assessed with FastQC 
(v0.11.9). The trimmed reads were assembled using 
metaSPAdes v3.15.3 [42, 43], binned with MetaBAT2 
v2.15 [44] (min contig for binning of 1500 bp and a min 
size of a bin as output of 200,000 bp) and MaxBin2 v2.2.7 
[45] (setting a min contig length of 1000 bp and a min 
bin size of 100,000 bp), then combined and refined using 
DASTool v1.1.4 [46] setting a min contig size of 1500 bp. 
This computational methodology allowed us to retrieve 
a total of 188 genome bins (MetaBAT2 and MaxBin2 
results) reconstructed from the metagenomic sample 
(S15), but after DASTool refinement only 44 genomes 
were subsequently considered for downstream analysis. 
Additionally, we perform a comprehensive evaluation 
with the metashot/prok-quality pipeline running also 
in Nextflow [47], to estimate the genome quality of the 
refined bins by CheckM v1.1.2 [48]. The global average 
GC content is 62.14, N50 is 50,86 Kbp, and the number 
of contigs is 16,489. Gene prediction was performed with 
Prodigal v2.6.3 [49], and the prediction of CDS (coding 
sequences) and functional annotation of mining MAGs 
was performed with Bakta v1.8.1 running the full data-
base (version 5.0) [50]. Taxonomic classification was per-
formed using GTDB-Tk v2.1.1 (database r214) [51, 52], 
inferring MAG placements in a phylogenetic tree based 
on 120 bacterial single-copy genes (no archaeal markers 
were detected). The reference tree was built using the R 
packages ggplot2, ggtree v3.10.1 [53], and ggTreeExtra 
v1.12.0. Finally, MAGs abundances were computed by 
the nf-core/mag pipeline at contig and MAGs level.

Functional annotation of MAGs and statistical analyses
KEGG orthologs (KOs) were predicted using the KOfam-
Scan annotation tool v1.3.0 [54] with default options. The 
protein sequences of the 44 mining MAGs and a repre-
sentative subset of the SMAG catalog comprising 396 
high-quality bins from the non-mining ecosystems were 
queried against the HMM models from KEGG database 
(release 108.1, 2023). Then, the raw results were merged 
in a matrix with MAGs in columns and KOs in rows, 
which was further processed to normalize the counts 
divided by the total genome size for each ecosystem in 
order to build the boxplots for targeted pathways (Cu, 
Fe, and S) with the help of the R package ggpubr v0.6.0. 
This matrix was also used for the bubble plot with rel-
evant genes from the mining ecosystem. Moreover, to 
evaluate if the means are equal between ecosystems, 
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we performed an analysis of variance (ANOVA) in each 
intrinsic mining pathway. Next, we also evaluated the 
metabolic capacities of the mining MAGs with the Mul-
tigenomic Entropy-Based Score (MEBS) v1.2 [55], a 
tool that integrates curated pathways for known cycles 
(naming C, Fe, N, O, S) and protein families from the 
Pfam database [56], aimed to understand the metabolic 
potential within the mining metagenomes by using an 
entropy score for likelihood. The resulting dataset with 
abundances was used to generate the heatmap relating 
geochemical cycles across the 44 MAGs. PCA analyses 
aimed to explore and compare selected mining pathways 
were conducted using the prcomp function in R, and the 
results were plotted using ggplot2 and factoextra v1.0.7.

SNP calling and evolutionary analysis
To perform variant calling in the metagenomic mining 
sample (S15), first the reads were mapped to the previ-
ously assembled bins (in FASTA format) using the aligner 
bwa-mem2 v2.2.1 [57], then the resulting alignment was 
converted from SAM format to a BAM file with samtools 
v1.16.1 [58]. This BAM file was processed using elPrep 
tool [59] in the split/filter/merge mode (sfm) to mark 
duplicates and then sort by coordinate order (samtools 
sort command). The sorted BAM file and the reference 
genome of metagenomic bins were used as input for 
inStrain v1.9.0 to call variants [60] (setting a minimum 
read-pair ANI threshold at 95% and the mapQ score cut-
off of 20 in the “profile” module). In order to refine the 
SNPs (Single Nucleotide Polymorphisms), we selected a 
minimal coverage of a position of five reads (read depth). 
Finally, synonymous and non-synonymous mutations 
were analyzed using the dNdScv R package (version 
0.0.1.0), which employs maximum-likelihood methods to 
robustly quantify dN/dS ratios across datasets of varying 
sizes [61]. Unlike traditional methods, dNdScv improves 
accuracy by accounting for the non-equilibrium com-
position of substitutions and the context dependence of 
mutations, which is essential for metagenomic analyses. 
We adapted dNdScv to analyze SNPs called from reads 
mapped to metagenome-assembled genomes (MAGs). 
A custom reference genome was created by integrating 
all 44 MAGs using the buildref function, enabling a uni-
fied analysis that captures the full genomic diversity of 
the microbial community. SNPs identified with inStrain 
were then used to calculate dN/dS ratios for individual 
genes within the MAGs. This allowed parameter fitting 
and selection analysis at both the gene and MAG lev-
els. The default substitution model in dNdScv, with 192 
rate parameters to model trinucleotide context and two 
ω parameters for missense and nonsense mutations, 
was used. By combining local information (synonymous 
mutations within genes) with global mutation rate varia-
tion across genes, dNdScv computes accurate mutation 

rate estimates [61]. Its trinucleotide context-dependent 
substitution model minimizes biases from mutational 
hotspots and sequencing errors, ensuring accurate dN/
dS estimates even with limited sample sizes [61]. Genes 
under positive selection (PS) have a dN/dS ratio >1, and 
genes under negative selection (NS) a ratio below 1. 
The false discovery rate (FDR) was adjusted at a p-value 
below 0.05.

Results
MAGs assembly from short-reads
The shotgun metagenomic sequencing of the S15 sample 
yielded 103,790,393 raw read pairs, with 99.23% pass-
ing the quality filters (see Table S2). These filtered reads 
were subsequently processed for MAGs de novo assem-
bly using the standard nf-core/mag v2.2.1 pipeline [39], 
available in Nextflow [40]. After metagenomic binning 
and refinement, we successfully generated 44 MAGs. Of 
these, 36 were grouped into three categories following the 
standards of Minimum Information about Metagenome-
Assembled Genomes (MIMAG) [62]. The quality control 
(QC) results (Fig. 1a), classified 30 MAGs as high-quality 
(≥ 90% completeness, ≤ 5% contamination), 5 as medium-
quality (≥ 50% completeness, ≤ 10% contamination), and 
only one as low-quality (< 50% completeness, ≤ 10% con-
tamination). The remaining 8 MAGs included 3 classified 
as almost high-quality (completeness >90%, contamina-
tion between 5 and 5.2%), and 5 MAGs with contamina-
tion levels ranging from 10 to 25.18% (Table S3).

Combined taxonomic composition of mining MAGs and 
the SMAG catalog
The taxonomic annotation of the 44 MAGs derived 
from the mining ecosystem was performed using the 
Genome Taxonomy Database Toolkit (GTDB-Tk) 
[51, 52]. All MAGs were classified within the bacte-
rial domain, with the phylum Actinomycetota emerging 
as the most predominant clade (21 MAGs), followed by 
Pseudomonadota (10) and Acidobacteriota (6), collec-
tively encompassing 84% of the annotated phyla (Fig. 
1b and Table S4). The phylogenetic tree (Fig. 1c) aligns 
with findings from non-mining ecosystems (Fig. S1a) 
and is consistent with the globally reported predominant 
phyla in soil microbiomes [8, 38]. Moreover, all min-
ing bins were assigned both at the class and at the order 
level, 43 at the family level, and 31 out of 44 were clas-
sified as kGGBs. Only 5 MAGs were assigned as kSGBs: 
Acinetobacter johnsonii, Pseudomonas_E alloputida, 
Sphingobium yanoikuyae, and two other species with-
out nomenclature in GTDB (JAJZVS01 sp021845555 
and JAKAYS01 sp021826695) (Fig. S1b). The five identi-
fied species include three from the phylum Pseudomo-
nadota, with two classified as medium quality and one 
as low quality. The remaining two belong to the phylum 
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Fig. 1 (See legend on next page.)
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Acidobacteriota and Pseudomonadota, with low and high 
quality, respectively.

Order-level taxonomic annotation of the 44 MAGs 
revealed a community dominated by core and auxiliary 
taxa linked to biomining processes. Acidimicrobiales (13 
MAGs) dominated the microbiome, highlighting their 
critical role in iron cycling [63], essential for bioleach-
ing [64]. Terriglobales (6 MAGs) and Mycobacteriales (6 
MAGs) were also frequent, suggesting potential adapta-
tions to acidic and metal-rich environments.

Abundances of mining MAGs are shown in Fig.  1d, 
where the mean coverage of MAGs is highly dominated 
by Actinomycetota. Among the most abundant MAGs 
affiliated to this phylum, we found four bins belonging 
to the order Acidimicrobiales and one bin of Mycobacte-
riales. Interestingly, among the three most representative 
phyla (Fig.  1e), Pseudomonadota showed significantly 
lower abundance compared to Actinomycetota, with a 
notable statistical difference (p-value = 0.00026).

Taxonomy of mining MAGs was compared to 32,931 
soil MAGs from the SMAG catalog, revealing a con-
sistent lack of species-level classification across soil 
environments, emphasizing the challenge of character-
izing microorganisms from extreme ecosystems [65]. 
Unknown species bins (uSGBs) were dominated by 
Pseudomonadota, Actinomycetota, and Acidobacteriota, 
consistent with other soils (Fig. S2a). Compared to non-
mining ecosystems, mining MAGs showed a relatively 
high known species ratio (5 species/sample), second only 
to artificial surfaces (Fig. S2b). Shared genus-level bins 
(kGGBs) included Pseudomonas_E, Sphingobium, and 
Acinetobacter, while Ferrithrix and Acidithrix were exclu-
sive to mining (Fig. S2c). Its absence in the other analyzed 
environments indicates that this genus has primarily spe-
cialized in inhabiting mining settings [66, 67]. Despite 
similarities at the phylum level (i.e., the six different phyla 
we found in mining MAGs are contained within non-
mining soil microbiomes), mining microbiomes exhib-
ited unique and less diverse genus- and species-level 
taxonomy.

Metabolic capacities of mining MAGs
We compared the metabolic potential of 44 mining 
MAGs with 396 non-mining high-quality MAGs by 
annotating KEGG orthologs (KOs). Focusing on 247 
KOs related to copper, iron, and sulfur metabolism (22, 
68, and 157 marker genes, respectively; Table S5), we 

observed key differences in biogeochemical pathways 
between ecosystems.

Regarding copper metabolism (Fig. 2a) the min-
ing ecosystem ranks second after the glacier and along 
with artificial surfaces are the only ecosystems above 
the mean. Mining MAGs highlight the markers for cop-
per resistance proteins (copB, copC and copD genes) and 
csoR family transcriptional regulator that controls cop-
per oxidation and homeostasis (Fig. S4a). In the case of 
the iron proteins (Fig. 2b), artificial surfaces are in the 
first position and proteins having transporter and bind-
ing functions are abundant across the other non-mining 
ecosystems, but mining MAGs are placed last having 
a few outlier genes. Considering that iron mechanisms 
have mainly specialized in metal uptake under high 
competition scenarios, it is expected that in a mining 
environment, where there is high bioavailability of this 
micronutrient, there would be a lower need in terms of 
the quantity and diversity of proteins involved in iron 
acquisition [65, 68]. Notably, mining MAGs exhibited 
statistically significant dominance in sulfur metabo-
lism (Fig. 2c), with key enzymes such as sulfide-quinone 
oxidoreductase (EC: 1.8.5.4) and sulfurtransferase (EC: 
4.4.1.37), along with the thiol-disulfide interchange pro-
tein (dsbE gene), and sulfur-carrier cysteine synthase 
and hydrolase proteins encoded by the cysO gene (EC: 
2.5.1.113 and 3.13.1.6) that are associated to a mechanis-
tic response of soil acidification [35, 69]. The Principal 
Component Analysis (PCA) highlights the specialization 
of the mining ecosystem for copper and sulfur metabo-
lism, with PC1 explaining a high percentage of the vari-
ance (85.3% and 92%, respectively; Fig. 2, bottom). This 
specialization is further detailed by the top ten KO con-
tributions for each pathway (Fig. S3a) and the differ-
ential distribution of the normalized counts for the top 
five KOs across ecosystems. Notably, sulfur metabolism 
shows a striking prominence in mining MAGs (Fig. S3b).

Finally, a specific metabolic-biogeochemical analysis 
was performed in the mining MAGs using MEBS (Mul-
tigenomic Entropy-Based Score) [55]. We found a simi-
lar response across the mining genomes (Fig. S4b) where 
the most likely reactions involved are sulfur oxidation 
(dsrEFH, fccB, sox genes), reduction (sreABC, qmoABC, 
dsrABC), disproportionation (thiosulfate), assimilation 
(coB/coM), and also nitrate reduction (denitrification, 
assimilatory). These findings are in accordance with 

(See figure on previous page.)
Fig. 1  Quality metrics, taxonomic classification and abundances of the 44 MAGs obtained from the copper mining tailing (S15 sample). a MIMAG clas-
sification of MAGs according to their genome completeness and contamination. b Distribution of known/unknown species (kSGB/uSGB) at phylum level 
within the mining ecosystem. c Phylogenetic tree of the 44 mining MAGs including their phylum classification (number of MAGs) and individual metrics 
(from inner to outer ring: completeness, contamination, strain heterogeneity, and number of predicted genes). The tip for each MAG placement is colored 
by phyla and the label represents each order-level assignment. The tree scale and bootstrap values are also shown. d Distribution of log10-transformed 
abundances (mean coverage of mapped reads) across MAGs, colored by phyla. e Boxplot of abundances within the top three dominant phyla, sorted by 
median. ANOVA was applied to compare the means differences between the groups
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previous reports on the sulfur pathway detected in acidic 
microbiomes [15, 35, 69, 70].

Evolutionary analysis of mining MAGs
To assess evolutionary pressures on the 44 assembled 
mining MAGs, we identified 146,932 high-quality SNPs 
using inStrain [60] and estimated dN/dS ratios for 39,438 
genes with dNdScv [61]. Quality control of SNPs (Sup-
plementary Fig. 5A) confirms that mutation rates are not 
significantly influenced by completeness, contamination, 
GC content, or strain heterogeneity. While mean cover-
age, as expected, shows a weak positive association, it is 
not statistically significant, indicating that mutation calls 
are robust and unbiased by sequencing depth or other 
genomic factors. Additionally, a comparison of muta-
tion rates between Actinomycetota and Pseudomonadota 
using an ANOVA test (p-value = 0.479) reveals no signifi-
cant differences (Supplementary Fig. 5B), suggesting that 
mutation rates are not strongly influenced by phylum-
level taxonomic classification.

Global dN/dS ratios for the 44 MAGs, normalized by 
contamination (Fig. 3A), reveal strong negative selection, 
implicating evolutionary constraints in this ecosystem. 
Pseudomonadota show the highest mean dN/dS ratio, 
followed by Actinomycetota and Acidobacteriota, though 
no significant differences were observed (Fig. 3B). Nota-
bly, the MAG S15.064_sub (classified as Acinetobacter 
johnsonii) exhibited the highest dN/dS ratio (0.52) and 
interestingly is the least abundant MAG (Fig.  1D). In 
contrast, a MAG from the Acidobacteriaceae family had 
the lowest dN/dS ratio (0.17), indicating strong negative 
selection acting on its gene pool.

At the gene level, 95.2% of genes (37,546) exhibit dN/
dS < 1, indicating strong purifying selection. Among 
them, 274 genes involved in key metabolic pathways 
(identified via KOfamScan) show negative selection, with 
iron, sulfur, and copper-related proteins with 112, 106, 
and 56 genes, respectively. These genes are under strong 
purifying selection (mean dN/dS = 0.212), with iron 
metabolism being the most conserved, significantly more 

Fig. 2  Functional metabolic capacities of mining MAGs compared to non-mining ecosystems present in the SMAG catalog. The description of selected 
geochemical cycles and metabolic pathways potential was assessed using KOfamScan annotating the resulting KEGG orthology groups (KOs). Boxplots 
showing the KO definitions at selected a copper, b iron, and c sulfur proteins sorted by ecosystem. Each dot represents a KO annotation, where the counts 
were normalized using the length for all MAGs per ecosystem (KOs/Mb, y-axis). The p-value represents the statistical difference between ecosystems 
calculated with an ANOVA (* < 0.05 significance). The ANOVA showed no statistical differences between ecosystems among the three pathways, but only 
the mining ecosystem highlights the sulfur proteins in a paired t-test compared to the global mean and was marked with an asterisk (*). In all plots, the 
ecosystems (x-axis) are sorted by median in decreasing order. Below, PCA of each selected pathway depicting the ecosystems (mining the red triangle) 
based on the contributions of the annotated KOs. PCA highlights the specialization of mining MAGs in copper and sulfur metabolism
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than sulfur (p = 0.0083, Fig.  4A). The mean dN/dS val-
ues per pathway were 0.245 (sulfur), 0.206 (copper), and 
0.184 (iron). Additionally, these 274 genes were grouped 
by gene products and ranked by dN/dS ratios, revealing 
66 unique gene products (Fig.  4B), with two of the top 
three involved in sulfur metabolism (thiS and cysO) and 
the copper chaperone copZ.

A total of 1892 genes (4.8%) exhibit dN/dS >1, indicat-
ing positive selection (PS), though they are vastly out-
numbered by genes under purifying selection. Among 
them, 202 genes pass a 5% false discovery rate, and 1764 
(93.2%) are annotated as hypothetical proteins. Only 96 
genes have at least 5 SNPs, which were selected for fur-
ther analysis (Fig. 4C). Notably, the purK gene (involved 
in purine biosynthesis) shows the strongest selection sig-
nal (dN/dS = 4.34), potentially aiding bacterial adapta-
tion in extreme mining environments, where nucleotide 
metabolism plays a crucial role [71]. Among the PS genes 
linked to intrinsic mining pathways, msrB, involved in 
oxidative stress resistance, was found in Actinomycetota 
MAGs [72], while cysQ, related to sulfur assimilation and 
sulfur-oxidizing bacteria, was detected in Actinomycetota 

and Pseudomonadota MAGs [73]. Additionally, csoR, a 
copper-sensing transcriptional repressor involved in cop-
per resistance, was identified in mining bacteria [74].

At the species level, the distribution of PS genes using 
KEGG KO annotations (Fig. 4D), highlighting core sur-
vival functions, including flagellar body proteins (fliE), 
cell cycle regulators (ftsH), and biogenesis proteins (tsf). 
Notably, mshA biofilm motor proteins [75] suggest bacte-
rial adaptation through biofilm formation, a key mecha-
nism for avoiding metal toxicity in mining environments 
[76].

To confirms that this trend is consistent across mul-
tiple mining samples, we computed SNPs and dN/dS 
ratios across seven additionally mining samples (Supple-
mentary Fig. 6). Specifically, global dN/dS ratios indicate 
strong negative selection across all samples (Supplemen-
tary Fig.  6A), reinforcing the stability of evolutionary 
constraints in this environment.

Overall, our genome-resolved dN/dS scan map the 
small subset of genes permissive to adaptive variation 
within an otherwise strongly constrained biomining 

Fig. 3  Global dN/dS ratios of mining MAGs and its distribution across phyla. a Barplot for global estimation of dN/dS ratios (normalized by MAG contami-
nation) accumulated in the 44 MAG bins, sorted by descending strength and colored by phyla. b Boxplot of global estimation of dN/dS ratios within the 
top three representative phyla, where each dot represents a MAG. Ratios were normalized by MAG contamination, then grouped and sorted by median. 
ANOVA was applied to compare the means differences between the groups
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Fig. 4  Evolutionary analysis on mining MAGs, summarizing the genes under positive (PS) and negative selection (NS). a Violin plot for genes under NS 
focused on intrinsic mining pathways, ordered by decreasing dN/dS ratios (the dashed line represents the overall mean). An ANOVA was applied to 
differentiate between groups. b Dotplot of the annotated gene products for selected NS genes, colored by pathway and sorted by selection strength. 
Each dot depicts the mean dN/dS among unique products (the dashed line represents the overall mean). c Ranking of genes under PS and number of 
mutations per type, discarding hypothetical proteins and genes holding below 5 SNPs. Only for visualization purposes, a dN/dS ratio cutoff was set to 
1.25. (legend: S = sulfur-related proteins; Cu = copper protein; mis = missense mutations; non = nonsense; syn = synonymous). d List of aggregated genes 
from those under PS and their dN/dS ratios (n = 11), containing at least 10 aggregated genes (except for fliE and ftsH). Genes are sorted by mean, colored 
by phyla and the size represents the MAG abundance
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microbiome, thereby identifying concrete genetic targets 
for the optimisation of the biomining consortia.

Discussion
Shotgun metagenomic sequencing of the Cauquenes cop-
per mining tailing (S15) produced 44 MAGs, revealing a 
community dominated by Actinomycetota, Pseudomo-
nadota, and Acidobacteriota. Within these, Acidimicro-
biales, Terriglobales, and Mycobacteriales were the most 
abundant orders. Comparison with the SMAG soil cata-
log showed that the mining microbiome displays a dis-
tinct and less diverse taxonomic structure but a higher 
proportion of known species, indicating strong ecologi-
cal filtering under extreme conditions. Functional anno-
tation highlighted specialization in sulfur and copper 
metabolism, while evolutionary analysis demonstrated 
pervasive purifying selection, suggesting long-term 
genomic stability and functional conservation across 
copper mining tailings sites.

The taxonomic composition of the Cauquenes tail-
ing microbiome reflects both the selective pressure of 
metal-rich environments and the persistence of func-
tionally specialized lineages. In particulalry, MAGs 
belonging to Acidimicrobiales (phylum Actinomycetota) 
have been previously identified in acidic mine environ-
ments comprising bacteria involved in nitrogen oxida-
tive metabolism [77]. Interestingly, MAGs from the order 
Mycobacteriales (Actinomycetota) have been recently 
characterized in non-mining soil microbiomes involved 
in carbon fixation, and in the metabolism of nitrogen and 
sulfur [78]. The other predominant orders, Terriglobales 
(Acidobacteriota) have been reported in other non-min-
ing extreme ecosystems, uncovering complex diversity in 
tundra [79], whereas Acetobacterales (Pseudomonadota, 
5 bins) have been recently described with high abun-
dances in extremophilic copper mining communities 
[80], and also may contribute to nitrogen-fixing processes 
associated to non-mining soils [81]. Furthermore, known 
mining taxa such as Leptospirillales (2 MAGs), Sulfo-
bacillales (1 MAG), and Acidiferrobacterales (1 MAG) 
were identified, which are important in metal solubiliza-
tion and sulfur oxidation [82, 83]. Novel lineages, includ-
ing JAJZYS01 (3 MAGs), and less-characterized groups 
like Dormibacterales (1 MAG) and Solirubrobacterales (1 
MAG), suggest unique adaptations and unexplored func-
tional roles. Additionally, auxiliary taxa such as Pseudo-
monadales (2 MAGs) may contribute to nutrient cycling 
and biofilm formation [84].

The functional annotation of these MAGs show that 
the copper mining tailings provide a great habitat for sul-
fur-oxidizing microorganisms that require, for instance, 
the enzyme molybdopterin sulfur reductase (sreABC 
gene), which is needed for elemental sulfur (S0) reduc-
tion to H2S for energy production [85]. This gene was 

particularly found in the majority of mining MAGs with 
medium to high likelihood. On the contrary, marker 
genes belonging to nitrogen metabolism are annotated 
with low abundances, as they are expected in other eco-
systems like forests or cultivable lands [86].

The evolutionary analysis provides additional insight 
into the long-term stability of these metabolic systems. 
The dN/dS ratios on seven additional samples (Supple-
mentary Fig.  6B) show that abundant phyla are pre-
dominantly under negative selection, mirroring our 
findings in S15. The correlation analysis (Supplementary 
Fig.  6C) further supports the robustness of these pat-
terns, with a significant Spearman correlation (ρ = 0.612, 
p-value = 1.58e−05) between dN/dS values in S15 and 
those computed using a dereplicated reference of 250 
MAGs, confirm that the evolutionary forces observed 
in S15 are not an isolated case but rather a generalizable 
trend across mining sites. Furthermore, genes associated 
with sulfur, iron, and copper metabolism exhibit strong 
negative selection (Supplementary Fig.  6D) across all 
samples, suggesting long-term evolutionary constraints 
on these pathways. These findings collectively validate 
our methodology and main result in S15 by demon-
strating that the evolutionary pressures shaping mining 
microbiomes are consistent across eight independent 
samples.

Our selection analysis relies on short-read assemblies 
and MAG reconstructions. Even with stringent QC and 
contamination-normalized dN/dS, fragmented genes, 
strain heterogeneity, and uneven coverage can affect vari-
ant calls and, in turn, selection estimates. To resolve these 
limitations, time-series and gradient sampling, long-read 
assemblies, and isolate-based validation will be essential 
to directly assess recombination, mobile elements, and 
within-species variation in mining tailings—processes 
that are only indirectly captured here.

Conclusions
We assembled and annotated 44 medium and high-
quality metagenome-assembled genomes (MAGs) from 
a metagenomic sample of the Cauquenes copper tailing 
(S15). Taxonomically, we observed a prevalence of bac-
terial species belonging to the phylum Actinomycetota, 
Pseudomonadota, and Acidobacteriota, which were also 
found to be dominant in the SMAG catalog containing 
bacterial MAGs from nine different non-mining soils. At 
the species level, only five out of the 44 MAGs were anno-
tated: Acinetobacter johnsonii, Pseudomonas_E allopu-
tida, Sphingobium yanoikuyae, and two species without 
nomenclature in GTDB (JAJZVS01 sp. and JAKAYS01 
sp.), remarking the fact that in extreme scenarios the 
annotation at the finest levels is still challenging.

The metabolic machinery of the mining MAGs empha-
sise the importance of copper and sulfur pathways 



Page 11 of 13Rojas et al. Environmental Microbiome          (2025) 20:153 

proteins, highlighted by key genes, such as those involved 
in copper resistance and carrier/transporter proteins spe-
cific to acidic environments like copper mining tailings. 
In contrast, iron metabolism showed no relevant activity 
on mining compared to the other ecosystems. The evo-
lutionary analysis using dN/dS allowed us to investigate 
genes under positive selection and negative selection. 
Notably, only a few genes related to the metabolism of 
sulfur and copper were identified to be under PS (msrB, 
cysQ, and csoR genes), indicating a clear trend toward a 
conservative evolution in the intrinsic mining pathways. 
We also identified a high-quality MAG belonging to the 
genus Acidithrix, uniquely established within the mining 
ecosystem.

We confirm that biomining communities are domi-
nated by strong purifying selection and—by resolving 
dN/dS at both gene, pathway and genome scale—identify 
exactly where that constraint falls. Sulfur- and copper-
metabolism genes are tightly conserved, and iron-oxida-
tion proteins display the lowest dN/dS values, marking 
them as the most evolutionarily constrained. In contrast, 
the few genes under positive selection cluster in motility 
and cell-surface biogenesis modules, suggesting selec-
tion for more effective resource allocation in metal-rich 
niches. Finally, we demonstrated that the evolutionary 
pressures shaping mining microbiomes are consistent 
across eight independent samples of the Cauquenes 
tailings; however, without time-series data our analisis 
remains a snapshot. Future time-series or samples with 
physicochemical gradients will be invaluable for cap-
turing the fine-scale evolutionary dynamics of AMD 
communities.

Our study provides a detailed evolutionary analysis of 
mining species at MAGs level, demonstrating that micro-
bial communities in copper tailings are highly special-
ized, with conserved metabolic pathways under strong 
purifying selection. These findings emphasize the chal-
lenges of optimizing these communities for biotech-
nological applications, such as biomining, due to their 
evolutionary constraints.
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