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Abstract 

Background  Antibiotic resistance is a critical global concern, posing significant challenges to human health 
and medical treatments. Studying antibiotic resistance genes (ARGs) is essential not only in clinical settings but also in 
diverse environmental contexts. However, ARGs in unique environments such as anchialine caves, which connect 
both fresh and marine water, remain largely unexplored despite their intriguing ecological characteristics.

Results  We present the first study that comprehensively explores the occurrence and distribution of ARGs 
and mobile genetic elements (MGEs) within an anchialine cave. Utilizing metagenomic sequencing we uncovered 
a wide array of ARGs with the bacitracin resistance gene, bacA and multidrug resistance genes, being the most domi-
nant. The cave’s microbial community and associated resistome were significantly influenced by the salinity gradient. 
The discovery of novel β-lactamase variants revealed the cave’s potential as a reservoir for previously undetected 
resistance genes. ARGs in the cave demonstrated horizontal transfer potential via plasmids, unveiling ecological 
implications.

Conclusions  These findings highlight the need for further exploration of the resistome in unique environments 
like anchialine caves. The interconnected dynamics of ARGs and MGEs within anchialine caves offer valuable insights 
into potential reservoirs and mechanisms of antibiotic resistance in natural ecosystems. This study not only advances 
our fundamental understanding but also highlights the need for a comprehensive approach to address antibiotic 
resistance in diverse ecological settings.
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Introduction
Antibiotic resistance poses a significant global health 
challenge, complicating the treatment of microbial 
infections and resulting in an estimated 4.95 million 
deaths in 2019 [1]. Current projections predict this 
number could escalate to 10 million by 2050 if no proac-
tive measures are taken. It is thus imperative to closely 
monitor the emergence and prevalence of antibiotic 
resistance to safeguard public health and preserve the 
effectiveness of antibiotic [2]. Several factors contribute 
to the development of antibiotic resistance, such as the 
misuse and overuse of antibiotics, poor infection con-
trol practices, and genetic exchanges between bacteria 
[3, 4]. Central to this genetic interchange are the anti-
biotic resistance genes (ARGs), that confer antibiotic 
resistance traits to the bacteria carrying them. Through 
a process of horizontal gene transfer (HGT), mobile 
genetic elements (MGEs) can spread genes encoding 
for antibiotic resistance within and between bacterial 
populations, enabling rapid dissemination of resistance 
[5, 6]. Although there is a widespread recognition that 
the emergence and spread of ARGs are closely linked 
to human activities [7], bacteria have been developing 
resistance mechanisms for millions of years through 
natural selection [8].

ARGs are detectable across a range of environments 
such as soil, air, water, and biofilms, with aquatic envi-
ronments being recognized as major reservoirs of ARGs 
[9–11]. Additionally, aquatic ecosystems play a central 
role in the cycle of antibiotic resistance, aligning with 
the One Health concept, which emphasizes the interde-
pendence and mutual influence of human, animal, and 
environmental health. Anchialine caves, also known as 
subterranean estuaries, represent unique aquatic eco-
systems characterized by a complex mixture of freshwa-
ter and seawater, resulting in stratified water bodies with 
distinct salinity gradients [12]. These gradients create 
diverse ecological niches that host a wide array of micro-
bial communities including halophilic, halotolerant, and 
freshwater-adapted species that have partially been ana-
lysed in some caves [13–16]. Due to their isolated nature, 
anchialine caves are minimally impacted by anthropo-
genic activities, providing an ideal environment for stud-
ying ARGs in a less disturbed context. Anchialine caves 
are considered extreme habitats due to the varying phys-
ico-chemical conditions, including salinity, temperature, 
dissolved oxygen, nutrient availability, and limited light 
penetration. These factors can act as selective pressures 
on the resident organisms, encouraging the evolution of 
novel genetic adaptations [17]. Although anchialine caves 
are important habitats, they are still one of the least stud-
ied environments [18], with no existing data on the pres-
ence of ARGs.

We collected water samples from Sarcophagus Cave, 
an anchialine cave situated on the Croatian karst near the 
coast. The cave is characterized by a challenging entrance 
access and is minimally impacted by anthropogenic activ-
ities. Through the utilization of metagenomic sequenc-
ing, we present the first study addressing the existing 
research gap by conducting a comprehensive investiga-
tion of the presence and distribution of ARGs and MGEs 
in anchialine cave ecosystems. We hypothesize that these 
unique cave ecosystems serve as reservoirs for novel 
ARGs and MGEs. The main objectives of this study are: 
(i) to assess the abundance, diversity, and distribution of 
ARGs and MGEs across the salinity gradient within the 
anchialine cave, (ii) to identify the ARG-carrying micro-
bial hosts, (iii) to elucidate the potential role of HGT in 
the dissemination of ARGs within these unique ecosys-
tems. The outcomes of this study will significantly con-
tribute to our understanding of antibiotic resistance in 
anchialine environments and shed light on the potential 
presence of novel resistance genes, while also addressing 
environmental concerns.

Materials and methods
Sampling site, physical and chemical measurements
The sampling site was an anchialine cave (Sarcophagus 
cave) located in the eastern coastal area of the Adriatic 
Sea near the Krka River estuary, Croatia (Fig. 1). It has a 
small vertical entrance shaft located at about 580 m dis-
tance from the estuary shore at an elevation of 5 m from 
the sea level. The entire depth of the cave is roughly 18 m, 
and the water body’s known depth is approximately 12 m. 
There are no visible signs of anthropogenic influence in 
the surrounding area, and the environment is considered 
minimally impacted.

A professional cave scuba diver collected water sam-
ples (5 L) in a Niskin bottle at six depths along the salinity 
gradient at 0 (SC1), 2 (SC2), 4 (SC3), 7 (SC4), 10 (SC5), 
and 12 (SC6) m depths in August, 2021 (Table  S1). In-
situ measurements of physical parameters, including 
temperature, salinity, conductivity, dissolved oxygen, 
pH was carried out along different depths using a diver-
operated Multisensor CTD probe (EXO2, YSI, USA). 
Subsequently, water samples intended for chemical 
analysis were gathered in acid-cleaned LDPE (Nalgene) 
containers and stored at -20  °C until analysis, a proce-
dure executed within a month. DOC was analyzed using 
the HACH QBD1200 analyzer. Samples for the  analysis 
of reduced sulfur species (RSS) were collected without 
exposure to oxygen and analyzed within 24 h. The total 
reduced sulfur species (RSStot) were analyzed by elec-
trochemical methods at the hanging mercury electrode 
(663 VA Stand) connected to the potentiostat (PG STAT 
128N, Metrhom, Netherlands) as previously described 
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[19, 20]. More detailed information about the sampling 
site and analyses can be found in Kajan et al. [21].

Sample processing and DNA extraction
Each water sample (1–4 L) was filtered onto 0.22  µm 
pore-size polycarbonate filters, Whatman Nuclepore 
Track-Etch Membrane, diam. 47 mm, and then processed 
to extract total genomic DNA using the DNeasy Pow-
erWater Kit (Qiagen, Inc., Valencia, CA, USA) follow-
ing the manufacturer’s instruction. DNA samples were 
analyzed using 16S rRNA gene amplicon sequencing to 
define the microbial community and shotgun sequenc-
ing to characterize the resistome, which encompasses the 
total content of ARGs within the microbial community, 
as well as to investigate the presence of MGEs, and to 
retrieve the metagenome assembled genomes (MAGs).

Amplicon sequencing
A fraction of the isolated DNA was employed to amplify 
the hypervariable V4 region of the prokaryotic 16S rRNA 
gene using primer pair 515F Parada (5′-GTG YCA GCM 
GCC GCG GTA A-3′) and 806R Apprill (5′ GGA CTA 
CNV GGG TWT CTA AT-3′) [22, 23], modified with 
two 16 bp sequences which allow for sample barcoding in 
a second PCR step as described in detail in [24]. Ampli-
con sequencing was performed using Illumina MiSeq 
System in paired-end mode (v3 chemistry, 2 × 300  bp; 
Illumina, San Diego, CA, United States) at the Joint 
Microbiome Facility of the Medical University of Vienna 
and the University of Vienna.

Sequence data were processed in R using DADA2 
following the workflow by Callahan et  al. [25]. For 

the microbial community composition, the amplicon 
sequence variants (ASVs) were inferred across all samples 
in pooled mode. Further details on sequence trimming 
and settings for quality filtering are described in Pjevac 
et  al. [24]. Taxonomic classification was performed by 
mapping 16S V4 ASV sequences against the SILVA SSU 
Ref NR 99 database (v. 138.1). Sequences identified as 
prokaryotic taxa in the 16S V4 region were retained for 
further analysis. Before analysis, chloroplastic and mito-
chondrial sequences were excluded and the ASV table 
was rarefied.

Shotgun metagenomic sequencing
Short‑reads‑based ARG annotation
Shotgun metagenome sequencing was performed using 
Illumina—NovaSeq 6000 at the Eurofins Genomics 
Europe Sequencing GmbH, Germany.

To identify potential ARG sequences using short reads 
as input data, DeepARG [26] was run using the short 
reads mode and setting the following parameters: –arg-
alignment-identity 90.0 –min-prob 0.8 –arg-alignment-
evalue 1e−10. The relative abundance of ARGs was 
calculated by normalizing the absolute abundance of 
ARGs to the 16S rRNA content obtained from amplicon 
sequencing in each sample. A graphical overview of the 
steps involved in the ARG and MGE annotation is pre-
sented in Fig. S1.

Assembly–based analysis for ARGs and MGEs annotation
Trimmed reads were obtained through cutadapt (v. 
2.10) [27] and assembled using megahit (v. 1.1.2) [28], 
while contigs shorter than 1 kbp were removed using 

Fig. 1  Study area. Location map of Croatia, Šibenik, and the Sarcophagus Cave in Čapljina. Water samples were collected in August 2021 
from the anchialine cave at six different depths (SC1-SC6), ranging from 0 to 12 m, along the salinity gradient. The cave’s entrance is inaccessible 
to most, and skilled divers are needed to collect the samples. The topology of the anchialine cave was adapted from the plan of Vedran Jalžić
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seqtk (v. 1.3) (github.com/lh3/seqtk). Metagenomic 
reads were mapped (68 Gbp of mapped data) to the 
assemblies using minimap2 (v. 2.17) [29]. The calculated 
read mappings were then converted using samtools 
(v. 1.11) [30] for binning using metabat2 (v. 2.15) [31]. 
We co-assembled all generated metagenomes and per-
formed joint binning into combined MAGs following 
the same method to optimize the binning result. The 
quality of the genomes was checked using QUAST (v. 
5.0.2) [32], CheckM (v. 1.1.1) [33], and classified using 
GTDBtk (v. 1.5.0) [34]. MAGs with completeness ≥ 50% 
and contamination ≤ 10% were selected for further 
analysis (770,953,733 bp bin size). Genome abundance 
was determined by the proportion of total reads map-
ping to the contigs in each bin, with counts normalized 
to the depth of the sequenced metagenomes.

To identify ARGs using MAGs as input data, three 
different types of software were used to screen contigs 
from MAGs for the presence of antibiotic resistance 
genes. First, Resistance Gene Identifier (RGI) soft-
ware [35] which uses reference data from the Compre-
hensive Antibiotic Resistance Database (CARD) and 
detects homolog sequences by DIAMOND was run 
with default settings, but including loose hits to pos-
sibly detect novel ARGs. Second, we choose a deep 
learning method, DeepARG, with the following options 
“–model LS”, “–min-prob 0.8” and “–arg-alignment-
identity 50” [26]. The amino acid sequences from the 
DeepARG candidate ARGs were retrieved manually 
by inspecting the genes predicted by Prodigal [36]. 
Finally, farGene [37], based on Hidden Markov models 
(HMMs), was applied to the same dataset to discover 
other drug classes and to confirm β-lactamase candi-
date sequences. All obtained candidate ARG-carry-
ing sequences were manually checked for conserved 
domains using the NCBI’s web conserved domain 
search (CD-Search) with default settings (Table S6).

For the prediction of plasmid sequences in ARG-
carrying contigs we used PlasFlow [38] Galaxy Version 
1.0 under default settings (threshold for probability fil-
tering = 0.7). Integron finder (with option—local-max 
included) was used to screen for the possible presence 
of complete integrons, ln0 (integron-integrase without 
gene cassettes) and CALIN elements (if composed of at 
least 2 attC sites) [39]. The criterion for an ARG to be 
part of an integron element was its presence within 12 kb 
ARG-ORF flankings as suggested by previous work [40]. 
Annotation of insertion sequences in ARG-carrying con-
tigs was done with ISEScan [41]. We treated an insertion 
sequence as relevant for the mobility of an ARG if it was 
detected at a maximum 5  kb distance downstream or 
upstream of an ARG–ORF according to previous studies 
[42].

We conducted an additional analysis using the 
mobileOG-db (the curated and homologues set of mobile 
elements) to expand the search for MGE-related pro-
teins. We performed a BLASTp search with and e-value 
threshold of 1e − 10, using all translated proteins as que-
ries. Subsequently, we filtered the results based on the 
best e-value, query coverage (≥ 80%), and percent iden-
tity (≥ 80%).

β‑lactamase and MAGs phylogenetic tree construction
All candidate β-lactamase sequences detected by three 
types of software (RGI-CARD software, DeepARG 
and farGene) were aligned with lactamase representa-
tive sequences (downloaded from the KEGG database) 
using MAFFT [43] implemented in Geneious® 9.1.8. 
Maximum-likelihood phylogenetic analysis was per-
formed using IqTree v2.0. The best—fit model for align-
ment was selected and the branch supports were assessed 
with ultrafast bootstrap approximation (1000 replicates). 
FigTree was used for the tree visualization. To search for 
the best hits, we used detected β-lactamase sequences as 
queries for BLASTp through NCBI GenBank Database 
and through a local CARD database. For the β-lactamase 
carrying MAGs and other representative MAGs a phy-
logenetic tree was constructed using the classify_wf 
workflow in the Genome Taxonomy Database Toolkit 
(GTDB-TK) [34].

Statistical analysis
Data tables were imported into R studio v 2022.12.0 [44] 
and R v 4.2.2 [45] for statistics and visualization using the 
packages vegan [46], MASS [47], dplyr [48], ggplot2 [49], 
ggVennDiagram [50], pheatmap [51], circlize [52], cow-
plot [53], ggdendro [54], and ggpubr [55]. First, we ana-
lyzed the microbial community and resistome obtained 
from read-based analysis, using ASV read abundance and 
ARG copy number per 16S rDNA gene copy numbers as 
input data. We calculated the richness, as number of dif-
ferent ASVs/ARGs per sample, and constructed a matrix 
of dissimilarities using the abundance-based Bray–Curtis 
index, as an estimator of beta-diversity. The matrix was 
used to plot samples in a tree after hierarchical linkage 
analysis. We investigated if the differences among sam-
ples were related to the salinity, applying a negative bino-
mial generalized linear model (NB-GML) on richness, 
since it represented counted data, and a PERMANOVA 
on beta-diversity. Moreover, we calculated the total nor-
malized ARG abundances per sample and tested them 
against the salinity gradient, using a liner model (LM). 
Similarly, we assessed (via LM) if ARG abundances 
summed per class of resistance were dependent on the 
salinity. The correlation between microbial community 
and resistome composition was explored by Mantel test.
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For MAGs, we quantified the abundance of ARGs and 
MGEs based on the cumulative abundance of a particular 
ARG-containing MAG at a specific sampling depth. Prior 
to heatmap visualization using the pheatmap package in 
R, the abundance of ARGs was log-transformed and the 
clustering method “complete” by rows was used.

Pearson’s correlation was used to measure the strength 
of the linear relationship between resistome abundances 
and environmental parameters using function ggscat-
ter (package ggpubr). Presented are only those correla-
tion graphs that yielded statistically significant results. 
Additionally, variation partitioning analyses (VPA) was 
performed to quantify the relative contributions of tem-
perature, salinity, dissolved oxygen, and sulfide concen-
tration to microbial community with ARGs (UpSetVP 
package in R).

Results
Microbial community composition
We retrieved 4782 ASVs, covering 65 microbial phyla, 
147 classes, 203 orders, 232 families and 247 genera 
(Table  S2). The most abundant phylum, across all the 
samples, was Nanoarchaeota, followed by Campylobac-
terota, Pseudomonadota, Bacteroidota, Verrucomicro-
biota and Crenarchaeota (total abundance > 5000 reads) 
(Table  S2). Regarding the genera, Sulfurimonas had the 
highest abundance, followed by Candidatus Omnitro-
phus, Sulfurovum and Nitrosarchaeum (each one with 
a total abundance > 4000 reads; with 99,660 ASVs not 
identified at genus level) (Table  S2). Richness of micro-
bial community showed a growing trend, and it was sig-
nificantly higher with the increase of salinity (NB-GLM: 
p = 8.26 × 10−5) (Fig. S2A). The salinity was also a relevant 
driver in shaping the microbial community composition 
and explained 49.6% of sample variance (PERMANOVA: 
p = 0.0028). Indeed, in the tree depicting sample compo-
sition, SC1 isolated in a branch (Fig. S2B). Then, SC2 sep-
arated from the other samples, with SC3 clustered with 
SC4 and SC5 with SC6 (Fig. S2B).

Resistome composition
ARGs were annotated in all samples. We identified 
130 ARGs, belonging to 20 different resistance classes 
(Fig.  2A, Table  S3). The resistance against the bacitra-
cin was the most represented resistance class, across 
all the samples, followed by multidrug, peptide, glyco-
peptide, and rifamycin resistance (Fig.  2A, Table  S3). 
Considering the single genes, bacA (encoding resist-
ance against bacitracin) had the highest abundance, fol-
lowed by rpoB2 (a multidrug resistance, MDR, gene), 
ugd (encoding resistance against peptides), ompR (an 
MDR gene) and vanR (encoding resistance against gly-
copeptides) (Fig. 2B, Table S3). Only the aminoglycoside 

resistance genes significantly varied according to the 
salinity gradient, decreasing at high salt concentrations 
(LM: p = 0.0386). No significant patterns were observed 
for the other resistance classes (LM: p ≥ 0.0606). Total 
ARG abundances were significantly lower for higher 
salinities (LM: p = 0.03205). Richness of the resistome did 
not significantly differ along the salinity gradient (NB-
GLM: p = 0.113), even if a decreasing trend was observed 
(Fig. S3A). However, when looking at the beta-diversity, 
the salinity, as factor, explained 42.6% of the resistome 
composition (PERMANOVA: p = 0.0028). Again, in 
the compositional tree, samples clustered based on the 
salinity (Fig.  S3B). The resistome composition resulted 
significantly and strongly correlated with the micro-
bial community structure (MANTEL TEST: r = 0.88; 
p = 0.0028).

Community stratification of ARG‑carrying MAGs 
in the anchialine environment
In the Sarcophagus Cave’s anchialine system 418 MAGs 
(CheckM completeness ≥ 50%, contamination ≤ 10%) 
spanning 35 different phyla were identified (Fig.  3). We 
observed a shift in the community structure at the sec-
ond sampling layer (SC2) in the cave, coinciding with the 
halocline and oxycline (Table S1). This resulted in strong 
community stratification, with anoxic layers dominated 
by MAGs attributed to Archaea, Patescibacteria, and 
Omnitrophota (Fig. S3).

In this study, we aimed to explore the potential pres-
ence of antibiotic resistance genes (ARGs) in this unique 
ecosystem. Our initial screening for ARG presence across 
the 418 MAGs obtained from the depth profile was 
performed with 3 diverse tools, based on their distinct 
modes of search for ARG sequences. All strict CARD hits 
(290) were kept for further analysis, while from the loose 
hits only those confirmed with DeepARG and/or farGene 
were selected. This yielded 578 potential ARG sequences 
from 230 MAGs in the anchialine cave (Table S4). Com-
pared to the overall MAG community, certain exceptions 
were observed, such as the phylum Aenigmatarchaeota, 
which lacked any representative carrying ARGs, and Iain-
iarchaoeta and Nanoarchaeota, with only one detected 
ARG each (Fig. S4). Interestingly, Campylobacterota was 
frequently annotated among the retrieved MAGs at all 
depths (except at SC1) and in MAGs harboring ARGs 
(Fig.  S4). Furthermore, as depth increased, the propor-
tion of ARG-containing MAGs with Pseudomonadota 
(synonym Proteobacteria), Bacteroidota and Actinomy-
cetota (synonym Actinobacteriota) decreased (Fig.  3). 
On the other hand, the proportion of Patescibacteria and 
Omnitrophota increased at depths SC3–SC6 compared 
to SC1-SC2.
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Among the ARG carriers, 26 phyla were identified, 
including three from the Archaea domain (Iainarchae-
ota, Nanoarchaeota, and Thermoplasmatota) (Fig. S5A). 
Patescibacteria (21.7%), Omnitrophota (20.4%), Pseu-
domonadota (19.6%), Bacteroidota (8.3%), Desulfo-
bacterota (6.5%), Campylobacterota (3.9%), altogether 
accounted for 80% of total ARG-carrying MAGs. Par-
ticularly rich in ARGs were Desulfobacterota and Pseu-
domonadota (> 90% of their MAGs contained at least 1 

ARG sequence). Most of the ARG-carrying MAGs (82%) 
were classified up to the family level, while 50% remained 
unclassified at the genus level (Table S4).

In terms of classes, ARG-carrying MAGs were assigned 
to a total of 61 classes. Bacterial classes such as Koll11 
(Omnitrophota), Gammaproteobacteria (Pseudomon-
adota), ABY1 (Patescibacteria), Bacteroidia (Bacteroi-
dota), Alphaproteobacteria (Pseudomonadota), and 
Paceibacteria (Patescibacteria) collectively carried 61% of 

Fig. 2  Relative abundances of antimicrobial resistance classes and genes per sample based on the reads analysis. The composition of samples 
according to A antimicrobial resistance classes and B top 25 most abundant ARGs. The top 25 most abundant ARG were filtered out, and based 
on their total sum, their relative abundance per depth was calculated
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all ARG-carrying MAGs in the anchialine environment 
(Fig. S5B).

Mechanisms and classes of antibiotic resistance in diverse 
phyla
Our analysis revealed a wide range of resistance classes 
carried by different phyla. Pseudomonadota (Alp-
haproteobacteria and Gammaproteobacteria) were 
found to carry genes encoding for the resistance against 
multidrug, fluoroquinolone, tetracycline, aminogly-
coside, bacitracin, β-lactam, and macrolide-licosamide-
streptogramin (MLS). In contrast, Patescibacteria and 
Omnitrophota had a nearly exclusive prevalence of the 
glycopeptide resistance class. Indeed, resistance against 
glycopeptide was the most dominant class (70% of 
ARG-carrying MAGs), followed by MDR (24% of ARG-
carrying MAGs), aminoglycoside (21.7%), and fluoro-
quinolone/tetracycline (20.9% MAGs) resistance classes 
(Fig. 4).

Multiple antibiotic resistance mechanisms were found 
with all detected ARGs falling into the following catego-
ries based on CARD terminology: antibiotic target altera-
tion (246), antibiotic efflux (201), antibiotic inactivation 
(91), reduced permeability to antibiotic (18), antibiotic 
target protection (2), and a combination of these mecha-
nisms (Table S5).

Diversity, distribution, and environmental drivers of ARGs
We obtained 578 potential ARGs which were manually 
checked for conserved domains (Table  S6). Of the 578 
ARGs identified, the majority (232 ARGs; 40%) were 
found in Pseudomonadota. These were split between 
Gammaproteobacteria (27%) and Alphaproteobacte-
ria (13%). Patescibacteria accounted for 77 ARGs (13%), 

Omnitrophota for 49 ARGs (8.5%), and Desulfobacterota 
for 45 ARGs (7.8%). All other detected phyla represented 
less than 7% of the total number of ARG-carrying contigs 
(Table S4).

The top three most abundant ARGs present at all sam-
pling depths were those from the vancomycin resistance 
gene cluster (vanTG and vanWI) and the efflux pump 
gene adeF (Table S4, Figs. 5, S6A). Overall, fourteen van-
comycin resistance gene sequences were detected (they 
are part of the vancomycin resistance gene clusters).

The shallowest sampling depth (SC1) with surface 
freshwater, contains most ARGs and, in contrast to other 
depths, the most dominant resistance classes were ami-
noglycoside and MDR genes. At the second sampling 
depth, SC2, still above the halocline, resistances to pep-
tide and fluoroquinolone/tetracycline were the dominant 
classes, while the other four sampling depths (under the 
halocline) were populated with glycopeptide, fluoro-
quinolone/tetracycline, and peptide resistance classes 
(Fig. 5). The diversity of ARGs also changes between dif-
ferent sampling depths, with SC1 having the most diverse 
ARG composition (with 19 unique ARGs) and SC6 the 
lowest (1 unique). Fifteen ARGs are shared across depths, 
representing a core anchialine resistome (Fig. S6B).

We used Pearson’s correlation analysis to investigate 
the relationship between salinity and ARGs across sam-
pling depths. The analysis revealed a strong negative cor-
relation between salinity and the relative abundance of 
ARGs in water layers, suggesting that the abundance of 
ARGs decreased as salinity levels increased (Pearson’s 
correlation; R =  − 0.95, p = 0.004, Fig.  S7A). Moreover, 
there was a negative correlation between the relative 
abundance of ARGs and the richness of MAGs at the 
family level (Pearson’s correlation; R =  − 0.84, p = 0.037, 

Fig. 3  Taxonomical composition on the phylum level of metagenome-assembled genomes (MAGs) which carry antibiotic-resistance genes (ARGs) 
at a specific depth (SC1-SC6)
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Fig. S7B), while no correlation was observed at the genus 
level. Finally, we conducted VPA to quantify the relative 
contribution of salinity to the microbial community with 
ARGs (Fig.  S8). VPA analysis revealed that the dissimi-
larity in the microbial community with ARGs along the 
depth was strongly related to salinity (43.2%).

The potential of MGEs in the dissemination of cave ARGs
In our initial analysis, we employed PlasFlow, Integron 
finder, and ISEScan to search for MGEs associated with 
ARG-carrying contigs. We found that a limited number 

of MGEs were detected, with 21 ARG-carrying con-
tigs identified as of plasmid origin (3.9% of total contig 
count), 412 were of chromosomal origin and 105 were 
unclassified. The plasmid-associated ARGs were primar-
ily attributed to Pseudomonadota and Bacillota (syno-
nym Firmicutes) and primarily involved the antibiotic 
efflux resistance mechanism. We also identified a small 
number of CALIN elements (n = 4) lacking integrin—
integrases (2–7 attc sites) associated with ARG-carrying 
sequences. Only in one case the detected CALIN element 
was located within the proposed 12  kb ARG flankings 

Fig. 4  The association between antibiotic resistance gene (ARG) resistance classes (according to CARD terminology) and taxonomic composition 
of the microbial community at the phylum level based on the ARG-carrying MAGs. Phyla of MAGs are displayed on the outer circos layer. 
Pseudomonadota are presented as classes (Gammaproteobacteria, Alphaproteobacteria and Magnetococcia). Archaea are presented as phyla 
Iainarchaeota, Nanoarchaeota, and Thermoplasmatota. MDR multidrug–resistance; confers resistance to at least three different drug classes)
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Fig. 5  Heatmap of antibiotic resistance genes (ARGs) for six sampling sites (SC1-SC6). The abundance of ARGs was quantified and normalized 
based on the abundance of a particular ARG-containing MAG at a specific sampling depth. Rows were clustered using the “complete” method 
with the pheatmap function (presented in Fig. S6A)
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[40]. Complete integrons were not detected in ARG—
carrying contigs. Insertion sequences (ISs) were found in 
54 ARG—carrying contigs. In total, we classified 6 ARG 
(2 vanTG, 2 adeF, 1 vanWI, and 1 ugd) as IS-associated 
(11% of all detected ISs). To further explore the poten-
tial mobility of ARGs, we conducted an extended analy-
sis using BLASTp against the mobileOG-db, a curated 
database of bacterial mobile genetic elements. Despite 
employing quite stringent e-value (1e-10), query cover-
age (80%), and identity (80%) thresholds, this approach 
revealed a much more comprehensive picture of MGEs 
within the ARG-carrying microbial community. We 
obtained 567 MGE-related protein sequences which 
were categorized into five main MGE categories: phage 
specific biological processes (175), integration and exci-
sion from one genetic locus to another (145), replication, 
recombination, or nucleic acid repair (98), element sta-
bility, transfer, or defense (77), and interorganism trans-
fer (72) (Fig.  6A). There were 153 unique MGE-related 
proteins found in 37% of ARG-carrying MAGs (Fig. S9). 
The top 10 MGE-related proteins were hup, cas1, tnpA, 
groL, clpX, hsdM, hfq, clpA, thyA, with the unclassified 
(category integration/excision) being the most abundant 
(Table  S7). They mostly belonged to Pseudomonadota 
(Gammaproteobacteria) and Campylobacterota (Fig. 6B). 
As in the case of ARGs, Pearson’s correlation analysis 
revealed a strong negative correlation between salinity 
and relative abundance of MGEs in water layers, sug-
gesting that their abundance decreased as salinity levels 
increased (Pearson’s correlation; R =  − 0.89, p = 0.0016, 
Fig. S7C). Moreover, the absolute number of ARGs posi-
tively correlated with the presence or absence of a par-
ticular MGE type in a specific layer (Fig. S7D).

Potential novel β‑lactamases and their relationship 
with host
Since β-lactamases are perceived as one of the most 
important antibiotic resistance genes considering human 
health risk, we analyzed the anchialine MAGs for their 
presence. We used farGene since it was shown to out-
compete other similar programs for β-lactamase predic-
tion. All farGene β-lactamase candidate sequences were 
confirmed in CARD hits. In total, 42 β-lactamases which 
belonged to 28 MAGs were found in the anchialine cave.

The β-lactamase–carrying MAGs belonged to 9 differ-
ent phyla (Pseudomonadota, Bacteroidota, Acidobacteri-
ota, Omnitrophota, Actinomycetota, Campylobacterota, 
Chlamydiota, Thermoplasmatota–Archaea, Verrucomi-
crobiota). Gammaproteobacteria (33%), Alphaproteo-
bacteria (28,5%) and Bacteroidia (16,6%) were the most 
dominant classes. Approximately one-half (20/42) of 
β-lactamase-carrying MAGs were identified at the genus 
level and only one was annotated at the species level (A. 
xenomutans).

Among the detected β-lactamases 11, 21, 1, and 9 
were classified into class A, B, C, and D, respectively 
(based on molecular Ambler’s classification system). 
A phylogenetic tree with β-lactamase representa-
tives (reference sequences from the KEGG database) 
confirmed their position within the annotated classes 
(Fig.  S10). Most β-lactamases belonged to the sub-
class B3 (18/42), with sequences similar to CAR-1, 
BJP-1, FEZ-1 and SPG-1 being the most frequent 
and present within Opitutaceae, Hyphomonadaceae_
UBA7672, Vicinamibacterales, Caulobacter, Pseu-
dohongiellaceae, Rhizomicrobium, and Alteromonas. 
Eleven β-lactamases were labeled as class A, among 

Fig. 6  Distribution and taxonomic composition of mobile genetic elements (MGEs) in the anchialine cave. A Heatmap of MGE categories for six 
sampling sites (SC1–SC6). The abundance of MGE categories was quantified and normalized based on their abundance in a particular MAG 
at a specific sampling depth. Rows were clustered using the “complete” method with the pheatmap function. B The bar plots represent the relative 
abundance of bacterial phyla corresponding to the top 10 most abundant MGEs
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them one blaS1-like (64.6% sequence similarity with 
CARD ARO:3,005,111), a predominant β-lactamase 
in the species Mycobacterium smegmatis, was found 
in a Mycobaterium (Fig. 7). Class C β-lactamases were 
represented with only one sequence detected in Para-
rheinheimera (Enterobacterales), similar to ACT-20 
from Enterobacter hormaechei (ARO:3,001,841). In 
total, three β-lactamases resistant to carbapenems 
(CAR-1, B3 class—30.1% identity with ARO:3,006,903; 
PER-6, class A class—44.4% identity with ARO: 
3,002,368; and ACT-20, class C—54.5% identity with 
ARO: 3,001,841) were found in Enterobacterales, 
which are listed by WHO as critical priority for the 
development of new antimicrobials. Oxacillinases 
were the most dominant ARGs in class D β-lactamases 
and were found in Bacteroidales, Emticicia, Flavobac-
teriales_UBA10329, Jiella, Pseudohongiellaceae, Rhab-
dochlamydia, Sulfurimonadaceae, and Thiobacillaceae.

Our comparison using CARD reference genes 
revealed that all identified β-lactamase sequences 
exhibited less than 70% pairwise identity with repre-
sentative CARD β-lactamases (Table 1).

When we searched for similarities using BLASTp 
and the NCBI database (Table S8), only two sequences 
from class A, namely Pararheinheimera and A. xeno-
mutans, showed high pairwise identity (~ 99%) with 
two NCBI entries, MBN8446110.1 (Gammaproteobac-
teria bacterium) and WP_026948658.1 (Alcanivorax), 
respectively. Interestingly, almost half (19/42) of the 
β-lactamase sequences showed less than 70% of the 
identity to NCBI best hits. These diverse sequences 
were distributed across Pseudomonadota (12), Omni-
trophota (2), Actinobacteriota (1), Bacteroidota (3), 
and Campylobacterota (1), as illustrated in Fig. 7.

Special attention should be given to β-lactamase 
sequences carried by MGEs [56]. The majority of the 
β-lactamase sequences in the anchialine cave were 
identified in MAGs containing MGE-related proteins. 
For example, the genera: Jiella, Mycobacterium, Alte-
romonas, PFJX01 (family Thiobacillaceae), Emticicia, 
and Pararheinheimera contained ten or more MGE-
related proteins. Interestingly, a β-lactamase sequence 
similar to the OXA-198 (69% sequence identity with 
ARO:3,001,805) from the WHO-listed pathogen P. 
aeruginosa, was detected in a MAG belonging to Thio-
bacillaceae (g__PFJX01). In addition to the OXA-198, 
this particular MAG contained 13 different MGE-
related proteins (belonging to categories: integration/
excision, phage, replication/recombination/repair, 
and stability/transfer/defence) (Fig.  6A). Altogether, 
these results might suggest a potential for HGT of 
β-lactamase sequences within the cave environment.

Discussion
Antibiotic resistance genes (ARGs) have gained increased 
focus in recent years due to their potential implications 
for human health and economic stability [57, 58]. Anti-
biotic resistance is a natural and ancient phenomenon, 
and it is expected that the majority of resistance genes, 
including those still uncharacterized, are less likely to be 
found within pathogens or human commensals, rather 
they would be found in environmental bacteria [59, 60].

Anchialine cave environments are recognized for their 
distinctive and isolated ecological conditions, which 
stimulate unique biodiversity. Despite their scientific 
interest, these areas remain inadequately studied due to 
limited accessibility for researchers. Microbial communi-
ties in certain caves have been partially explored [13, 14, 
61]. In the investigated cave, salinity played a crucial role 
in shaping the microbial community composition, with 
archaea being particularly abundant. Additionally, micro-
bial diversity tended to increase with greater water depth 
and salinity, aligning partially with findings from previ-
ous studies [14].

The resistome of anchialine caves has yet to be compre-
hensively investigated. To our knowledge, this is the first 
study on the occurrence of ARGs, as well as the investiga-
tion and characterization (in terms of MGE content) of 
their host organisms at the metagenomic level. As such, 
it represents a significant contribution to our under-
standing of the prevalence and distribution of ARGs in 
these understudied environments. Read-based annota-
tion revealed a clear pattern, with the bacA gene, which 
encodes bacitracin resistance, being significantly the 
most abundant. It was followed by MDR genes. These 
findings are consistent with results from other aquatic 
ecosystems, where, regardless of anthropogenic pressure, 
these genes are among the most prevalent ARGs [62, 63]. 
The third most abundant resistance genes were those 
encoding for peptide resistance, which were more preva-
lent in SC2, a transitional zone characterized by a combi-
nation of environmental stressors, where salinity begins 
to increase while dissolved oxygen decreases. This preva-
lence may be linked to the potential adaptive advantage 
provided by genes involved in target alteration and efflux 
resistance mechanisms. Notably, aminoglycoside resist-
ance genes were the only class of resistance genes that 
differed significantly among the sampling sites, showing 
a clear inverse relationship between their abundance and 
salinity concentration, consistent with observations in 
other aquatic ecosystems [64].

As observed for the entire microbial community, salin-
ity emerged as the primary driver of diversity in the 
ARG-carrying MAGs in the anchialine environment. 
Distinctions were noted among specific ARG-carrying 
MAGs within the water layers. Notably, Patescibacteria 
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Fig. 7  β-lactamases and MAGs phylogenetic trees. A β-lactamases phylogenetic tree based on maximum–likelihood (1000 ultrafast bootstrap 
approximation replicates) contains novel anchialine β-lactamase sequences and representative sequences from the Comprehensive 
Antibiotic Resistance Database (CARD). B Metagenome—assembled genomes from this study were aligned with the representative genomes 
and a phylogenetic tree was constructed using the Genome Taxonomy Database Toolkit (GTDB-Tk). β-lactamase sequences and MAGs detected 
in this study are coloured in blue



Page 13 of 17Vojvoda Zeljko et al. Environmental Microbiome           (2024) 19:67 	

and Omnitrophota were primarily found beneath the 
halocline because of their adaptation to unique condi-
tions such as higher salinity, low oxygen (SC3-SC6 are 
anoxic layers), darkness, and low nutrient content in the 
deeper layers of the cave [65, 66]. We found that these 
bacteria predominantly carry glycopeptide (vancomy-
cin) resistance genes, strengthening the knowledge that 
Patescibacteria play an important role in spreading van-
comycin resistance in groundwater environments [67]. 
There are contrasting findings regarding the influence 
of salinity on antibiotic resistance in different environ-
ments, which underlines the complexity of ARG dynam-
ics [68–70]. The prevalence of the order Burkholderiales 
(Gammaproteobacteria), among the ARG-carrying con-
tigs in our study aligns with their known abundance in 
fresh groundwaters [71]. Additionally, the abundance of 
ARGs (determined by read-based annotation) was influ-
enced by the salinity levels showing lower abundance 
with increasing depth and salinity. This result was fur-
ther confirmed by assembly analysis, showing a strong 
negative correlation between salinity and the abundance 
of ARGs in water layers. The freshwater and brackish 
niches at higher levels of the anchialine cave might be 
more influenced by groundwater, increasing the likeli-
hood of introducing antibiotic-resistant strains from the 
soil. This can occur through the washing of upper layers 
of soil, known to be rich in antibiotic-resistant strains, 
and making it a potential source for the dissemination 
of such strains into aquatic ecosystems [66, 67]. Further-
more, this emphasizes the role of external environments 
in shaping the resistome of cave ecosystems.

Notably, within the resistome of the investigated 
cave, the discovery of β-lactamases in 9 diverse phyla 
(10 classes) inhabiting the anchialine cave habitat, 
together with low pairwise identity between the detected 
β-lactamases and previously identified sequences (< 70% 
pairwise identity), suggests that the cave may be a rich 
source of undiscovered and novel β-lactamase vari-
ants. Due to the substantial representation of unclassi-
fied genera in our data, we opted to utilize the Hidden 
Markov models farGene software [37] to broaden the 
possibility of finding novel lactamase sequences. This 

approach proved to be successful as it enabled the detec-
tion of β-lactamase sequences that would have other-
wise been undiscovered if we had used only the more 
stringent (strict hits-based) similarity approach with the 
CARD-RGI tool. The detection of carbapenem-resistant 
β-lactamases (Alteromonas; CAR-1-like) in Enterobac-
terales [72] species within the anchialine cave is of par-
ticular interest. Carbapenem-resistant β-lactamases 
from Enterobacterales (CRE) can originate from various 
sources, including healthy individuals, soil, water, plants, 
dairy products, and raw meat [73], and are listed as criti-
cal priority pathogens [74]. Although the presence of 
these genes has been mostly studied in hospital environ-
ments and wastewater [75, 76], it is now well-established 
that CRE can be found in various aquatic environments 
such as rivers, lakes, marine and recreational water bod-
ies [77, 78]. The significance of monitoring CRE in these 
environments to evaluate their spread in diverse envi-
ronmental communities has already been brought to the 
attention [79]. Our finding of CRE in this isolated and 
unique ecosystem emphasizes the importance of contin-
ued research to unravel their role in natural ecosystems 
[80]. Additionally, the detection of another carbapen-
emase, OXA-198-like sequence, in non-pathogenic bac-
teria from the family Thiobacillaceae, which was similar 
(pairwise identity 69%) to the lactamase from the patho-
genic bacteria Pseudomonas aeruginosa [81], suggests 
that non-pathogenic bacteria can be reservoirs for resist-
ance genes. Although β-lactamase sequences identified in 
this study were found to be similar to other β-lactamases, 
their real resistance and potential environmental or 
human health risks cannot be determined solely from 
sequence similarity [82]. Despite this limitation, the dis-
covery of novel β-lactamase variants in the anchialine 
cave presents an opportunity for natural products discov-
ery and bioprospecting of new antibiotics, as it has been 
demonstrated that there is a high possibility of finding 
novel antimicrobial compounds in microbes that inhabit 
underground environments [83–85]. Our findings 
strengthen the argument for exploring unique habitats 
like anchialine caves for novel antimicrobial compounds.

Table 1  Similarity ranges of detected β-lactamase sequences. CARD reference protein database was used for the blastp search

Pairwise identity 
range (%)

class_A subclass_B1 subclass_B3 class_C subclass_D1 subclass_D2

20–29.9 2 – 1 – – –

30–39.9 3 – 10 – – 1

40–49.9 2 – 3 – 1 3

50–59.9 3 3 4 1 1 1

60–69.9 1 – – – – 2

Total 11 3 18 1 2 7
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It is recognized that mobile genetic elements (MGEs) 
are key facilitators of horizontal gene transfer (HGT) 
among bacteria, a process that plays a significant role in 
the widespread distribution of antibiotic resistance genes 
[5, 86]. Within our initial screening of MGEs, we found a 
minor proportion of ARGs (3.9% of ARG-carrying con-
tigs) in the anchialine cave associated with plasmids, 
while the extended analysis using mobileOG-db, revealed 
a more comprehensive view of MGEs within the ARG-
carrying MAGs. Our finding of 153 unique MGE-related 
proteins found in 37% of ARG-carrying MAGs suggests 
there is a significant potential for ARG mobility within 
the microbial community. Among the identified MGE 
categories, phage-specific biological processes and inte-
gration and excision mechanisms were predominant, in 
line with previous studies [87, 88]. Pseudomonadota and 
Campylobacterota were the primary carriers of MGE-
related proteins, also comparable with recent studies 
[87, 89]. The presence of a wide variety of MGEs in the 
anchialine cave, and plasmids among them, suggests the 
potential horizontal transfer and spread of ARGs in this 
particular environment.

While the association between MGEs and ARGs is 
well established in environments impacted by human 
activity [90, 91], their presence and distribution pat-
terns in natural environments have been less thoroughly 
explored. Some Antarctic genome sequencing studies 
were unable to detect any presence of MGE [92] and ref-
erences therein], while others found a limited propor-
tion even when using a hybrid approach for assembling 
MAGs [93]. These variations underscore the necessity for 
further investigation of the role of MGEs in the spread 
of antibiotic resistance within diverse natural environ-
ments. Our results offer a preliminary understanding of 
the mobility potential of ARGs in an anchialine environ-
ment. Additional techniques, such as long-read sequenc-
ing could help reveal in more detail the mobility potential 
of the anchialine ARGs and the mechanisms driving their 
spread within the microbial community.

Conclusions
This study substantially advances our understanding 
of the composition of the resistome associated with 
microbial communities living in the specific ecologi-
cal settings of anchialine caves. The bacterial commu-
nity, ARG-carrying MAGs, and the resistome showed 
distinct responses to the salinity gradient indicat-
ing adaptive strategies developed to thrive in these 
environmental niches. This finding underscores the 
anchialine cave’s potential to function as a signifi-
cant reservoir for clinically relevant resistance traits, 
necessitating a need to evaluate broader ecological 

implications. The presence of a wide variety of MGEs, 
including plasmids, implies that HGT may facilitate 
the exchange and development of novel resistance 
traits. Furthermore, we showed that anchialine caves 
are potential reservoirs of novel β-lactamase variants, 
emphasizing the importance of these unique eco-
systems as a source of previously undetected ARGs. 
Given the rising global threat of antibiotic resist-
ance, our findings highlight the critical importance of 
research in such distinct environments to inform our 
understanding of the emergence and spread of ARGs. 
Future research should focus on employing advanced 
methodologies, such as long-read sequencing, and on 
more extensive sampling to elucidate the mechanisms 
driving the spread of ARGs within these distinctive 
ecosystems.
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