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Abstract 11 

Halophilic communities have many mechanisms to live in hostile environments. Social or 12 

community-level adaptations have not been explored. Taxonomic and functional diversity have been 13 

studied in environmental gradients such as salinity, temperature or pH. However, it is still unknown 14 

how functional redundancy performs in environments with high salt concentrations. The present 15 

study investigated diversity and functional redundancy of salt-loving prokaryotic communities in 16 

hypersaline waters and soils. Taxonomic diversity, studied by 16S rRNA genes, and functional 17 

diversity (here, K-numbers diversity), showed that hypersaline soils and solar saltern ponds with 18 

intermediate salinity have the highest diversity. They probably comprise generalist communities with 19 

more different strategies to accomplish biological processes. Functional redundancy was assessed by 20 

curves and the ratio annotated KOs per genome equivalent in a metagenome. These analyses showed 21 

that soils, a deep sea brine pool at lower interphase and saltern solar with intermediate salinity were 22 

the most functionally redundant environments studied. Salinity covaried with average genome size, 23 

KOs per genome equivalents, number of genera and KOs annotated and percentage of KOs and 24 

taxonomic annotated. A linear relationship could not be proven. Overall, our findings suggest that 25 

while salinity may play a role in determining functional redundancy within a given habitat, habitat-26 

specific factors yet to be determined are probably also key in explaining differences in functional 27 

redundancy among environments.This study also provides a basic workflow to evaluate functional 28 

redundancy with 454 sequences.     29 

 30 

 31 

                                                                                                                                                     32 
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1 Introduction 33 

Extreme environments harbour microorganisms able to deal with some of the most challenging 34 

conditions on Earth thanks to their adaptations both at the genetic and metabolic level. In particular, 35 

halophilic communities comprise diverse microbes adapted to life at high salt concentrations (Ma et 36 

al., 2010). Despite their amazing properties, their ecology remains largely understudied (Arora and 37 

Panosyan, 2019). 38 

The study of halophilic communities' diversity would provide a deeper understanding of their 39 

properties. Diversity can be evaluated at different levels: taxonomic diversity (TD) - the diversity of 40 

taxonomically different individuals and their abundance; and the functional diversity (FD) – the 41 

diversity of functions or processes and their abundance performed by organisms (Lausch et al., 2016; 42 

Kim et al., 2017; Escalas et al., 2019). On microbial diversity, previous studies have suggested that it 43 

is directly related to ecological stability and ecosystem functioning (Delgado-Baquerizo et al., 2016; 44 

Biggs et al., 2020). There is a consensus view, in plant and animal studies, that the relationship 45 

between biodiversity and ecosystem functioning follows a positive but saturated form, indicating 46 

functional redundancy (Delgado-Baquerizo et al., 2016). Functional redundancy is a function of the 47 

number of similar functions performed by individuals within a given community or ecosystem 48 

(Rosenfeld et al., 2002). It was proposed that functional redundancy promotes ecological resilience 49 

and community structure stability following disturbance events, preventing population fluctuations or 50 

species loss (Delgado-Baquerizo et al., 2016; Biggs et al., 2020).  51 

The coexistence of metabolically redundant organisms is nevertheless paradoxical, since species that 52 

require a common resource should compete with each other (Nemergut et al., 2013; Hester et al., 53 

2019), and auxotrophy (the inability of an organism to synthesise a particular organic compound 54 

necessary for its growth) is advantageous when metabolically costly compounds are available in the 55 

environment (e.g. because another member of the community synthesises it) (Johnson et al., 2020). 56 

Exploring general and specific metabolic pathways (pathways involved in auxotrophies) to determine 57 

their degree of redundancy and assessing the differences between fundamental (evaluated at the 58 

metagenomic level) and effective (metatranscriptomic or proteomic level) niches may contribute to 59 

explain this apparent inconsistency. 60 

Functional redundancy, and its possible causes and consequences, have not been extensively studied 61 

in extremophilic environments yet. There are some studies about taxonomic and functional diversity 62 

in communities in extreme temperatures (Ruhl et al., 2022) or deep-sea hydrothermal vents 63 

(Galambos et al., 2019). Both used metagenomic data and found higher functional redundancy with 64 

increasing stress. Nothing is known about the extent of functional redundancy in halophilic 65 

environments or its relationship with salinity. 66 

In this study, we leverage NGS-based publicly available datasets from hypersaline environments, in 67 

particular, sixteen metagenomes, as well as a newly sequenced metatranscriptome, to advance 68 

knowledge of functional and taxonomic diversity, as well as functional redundancy knowledge of 69 

halophilic environments. Our analysis revealed that the most taxonomic and functionally diverse 70 

communities were also the most functionally redundant. While salinity may play a role in 71 

determining functional redundancy, the relationship is not linear. Moreover, yet-to-be-determined 72 

habitat-specific factors seem to overrule salinity as the main driver of prokaryotic diversity in 73 

hypersaline environments. Overall, this study constitutes a step forward towards understanding 74 

microbial coexistence and interactions in extreme environments. 75 
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2 Materials and Methods 76 

2.1 Metagenomic and metatranscriptomic data  77 

We retrieved 20 shotgun metagenomic databases from hypersaline environments previously 78 

published (Table 1) from National Center for Biotechnology Information (NCBI) (Sayers et al., 79 

2022), Joint Genome Institute (JGI/IMG) (Grigoriev et al., 2012) and the Metagenomics Rast server 80 

(MG-RAST) (Meyer et al., 2008) from hypersaline lakes, solar salterns, deep-sea brine pools and 81 

saltmarshes soils. Salinity of aquatic samples ranged between 12% and 37% NaCl. Saline soils had 82 

an electrical conductivity (EC1:5) of 24.0 and 54.4 dS/m. According to the EC1:5-ECe and ECe-salinity 83 

relationships (Ditzler et al., 2017; He, et al., 2013; Vera-Gargallo and Ventosa, 2018), these 84 

conductivity values would correspond to 16.3% and 54.7% NaCl. All of them, which were analysed, 85 

were sequenced by Roche 454-GS technology (Titanium chemistry, Konstanz, Germany).  86 

A yet unpublished metatranscriptomic database was also analysed. The obtention of this database is 87 

detailed elsewhere (Fernández-González, 2012). Briefly, prokaryotic mass was collected by filtering 88 

20 litres of saltern pond’s water through two 0,22 µm pore size sterile filters (Sigma-Aldrich). After a 89 

step of ribosomal RNA depletion to increase the yield of mRNA in the sequenced database, mRNA 90 

was amplified and served as template for double-strand cDNA synthesis, which was then sent for 91 

pyrosequencing. 92 

2.2 Taxonomic and functional community diversity 93 

2.2.1 Taxonomic and functional community profiling 94 

Metagenomic and metatranscriptomic data were analysed using a virtual Linux CentOS6 server 95 

provided by the Scientific Computing Centre of Andalusia (CICA). A secure command interpreter, 96 

Secure SHell (SSH v3.2.9), was employed to access the server remotely. Sequences with .sff format 97 

were extracted with the script “sff_extract_0_2_13” v0.2.13 (http://bioinf.comav.upv.es/sff_extract/). 98 

Then, quality control was performed using FastQC v0.10.1 (Andrews S., 2010) and Trimmomatic 99 

v0.32 (Bolger et al., 2014) with the following parameters ILLUMINACLIP: TruSeq3-PE.fa:2:30:10, 100 

TRAILING: 20, MINLEN: 50 (Figure 1).  101 

Taxonomic profiling consisted on 16S ribosomal RNA (rRNA) prediction with Barrnap v0.9 102 

(RRID:SCR_015995) followed by annotation of the output sequences with Blastn v2.2.28+ 103 

(Camacho et al., 2009) (with parameters for evalue 1e-3, number of descriptions 250, number of 104 

alignments 250, number of threads 8 and dust option as ‘no’) against Ribosomal Database Project 105 

(RDP) v11.5 (Cole et al., 2014). The results from this step were parsed by a custom perl script 106 

(Fernández-González, 2012). 107 

Prediction of open reads frames (ORFs) was carried out with Prodigal v2.60 (RRID:SCR_011936)   108 

(-p meta) and proteins were annotated with COGNIZER v0.9b with default parameters. COGNIZER 109 

is a comprehensive independent annotation framework which includes a cross-mapping database that 110 

allows simultaneous mapping from databases such as KEGG Orthology (Kanehisa et al., 2016), 111 

Pfam, GO and SEED subsystems from an initial COG annotation (Tatusov, 2000), hence minimising 112 

the computing requirements needed for this task (Bose et al., 2015). 113 

Average genome size and genome equivalents were calculated from quality filtered DNA sequences 114 

using MicrobeCensus v1.1.0 (Nayfach and Pollard, 2015), which employs single-copy genes 115 

universal to nearly all cellular microbes to estimate average genome size and the number of genomes 116 

in a given metagenome. The taxonomic and functional annotation pipeline described above was 117 

implemented in a Bash script (Silscript.sh) created in nano GNU v2.0.9. 118 
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2.2.2  Rarefaction curves 119 

Blastn results from the taxonomic analysis and COGNIZER output files were parsed into .csv format 120 

containing annotations and counts by two custom scripts: Count_taxo.ipynb and Count_func.ipynb, 121 

respectively, written using Pandas (Mckinney, 2010) and Numpy libraries (Harris et al., 2020) in 122 

Python Jupyter notebooks v3.9.7 (van Rossum, 1995). 123 

Taxonomic and functional diversity was evaluated by computing rarefaction and Shannon-Wiener 124 

curves. Rarefaction is a statistical technique to approximate the relationship between the number of 125 

species or functions vs the number of sequences in one or more samples by randomly subsampling. 126 

Rarefaction curves were calculated from Chao1, Shannon-Weaver and Simpson indices diversity. 127 

Chao1 is defined as a nonparametric method for estimating the number of species in a community 128 

based on the concept that rare species give the most information about the number of missing species. 129 

Shannon-Weaver index gives more importance to species richness, whereas the Simpson index gives 130 

greater weight to species evenness (Kim et al., 2017). 131 

These plots show the number of taxa (here, genera) or functional categories (K numbers or KOs 132 

identifiers) as a function of the number of sequences subsetted from the datasets. This method allows 133 

comparing samples with unequal sequencing depths. 134 

Taxonomic abundances provided by Count_taxo.ipynb were used for computing rarefaction and 135 

Shannon-Wiener curves at the genus level. Those 16S rRNA reads not classified at this level were 136 

excluded from the analysis. Since the number of unclassified reads at this level varied among 137 

datasets, we took these data into consideration when evaluating the results from this analysis. 138 

Functional annotations in the form of KOs abundances provided by Count_func.ipynb were the basis 139 

of the functional diversity analysis. Both taxonomic and functional rarefaction plots were computed 140 

with iNEXT v2.0.20 (Chao et al., 2014; Hsieh et al., 2016) in Rstudio v2021.09.0 in R v4.1.2 141 

(RStudio Team, 2019; R Core Team, 2020), Windows 10Pro v.21H2 with the parameters q=0,1,2, 142 

datatype="abundance" and 95% of confidence intervals. The taxonomic and functional rarefaction 143 

curves described were implemented in a RStudio script (Taxo_fun.R). 144 

The functional profiling provided K numbers (KOs) as well as KEGG pathways, BRITE hierarchies 145 

and other level categories related to metabolism (Kanehisa et al., 2016). Diversity within KEGG 146 

orthology higher level categories was also evaluated. Observed and Shannon richness indices were 147 

calculated in R package PHYLOSEQ v1.38.0 (McMurdie and Holmes, 2013) after correcting for 148 

unequal sequencing depth among samples by rarefying sets to 90 % of the smallest number of KO-149 

assigned reads within metagenomes. This rarefaction step was performed individually within each 150 

KEGG class studied. The functional richness analysis described was implemented in a RStudio script 151 

(Fun_rich.R). 152 

2.3 Functional redundancy 153 

Functional redundancy, that is, the extent to which individuals within a community perform the same 154 

or very similar functions, of the selected microbiomes was assessed in this study by two methods:  155 

(i) a curve that combines taxonomic diversity (evaluated by Chao1 index, calculated at the genus 156 

level), in the x-axis, and functional diversity (here, diversity of K numbers in the form of Chao1 157 

index), in the y-axis, for a series of fixed subsample sizes: 1, 5, 20, 50, 100, 200 and 400 sequences. 158 

Maximum sample size was chosen based on the minimum number of 16S rRNA reads annotated to 159 

the genus level in all metagenomes. Thus, this graph shows the number of new functions 160 
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accumulated by adding taxa (specifically, genera) to the community. This plot was computed based 161 

on taxonomic and functional rarefaction curves explained in the previous section (2.2.2 Rarefaction 162 

curves).  163 

(ii) an index of the mean number of distinct functions contributed by each  genome within a 164 

metagenome. This index was calculated dividing the number of KOs categories annotated in a 165 

metagenome by the number of genome equivalents in that same metagenome as assessed by 166 

MicrobeCensus. Both the number of KOs and genome equivalents were calculated considering the 167 

same number of sequences in all metagenomes (n=678,195) except for metagenomes with lower 168 

number of sequences, discoveryd and gsl-rp, for which n= 477,737 and n=162,346, appropriately. 169 

The data was processed by a Rstudio script for the analysis of both taxonomic and functional 170 

affiliation. Packages readxl v1.3.1 (Wickman and Bryan., 2022), tidyverse v1.3.1 (Wickham et al., 171 

2019), plyr v1.8.6 (Wickman, 2011), dplyr v1.0.8 (Wickman, 2022) and paletteer v1.4.0 (Hvitfeldt, 172 

2021), ggpurb v. 0.4.0 (Kassambara, 2020) were employed. The functional redundancy curves 173 

described were implemented in a RStudio script (Taxo_fun.R). 174 

2.4 Statistical analyses 175 

Covariance, Pearson’s Rank correlation coefficient as well as linear model regression were calculated 176 

to evaluate the relationship between salinity and other variables such as average genome size, KOs 177 

per genome index, the number of KOs and the number of genera per metagenome and KOs annotated 178 

and percentage of KOs and percentage of taxonomic annotations. Pearson’s correlations, covariance 179 

and linear model regression, significance level predefined at 0.05, in RStudio v2021.09.0 in R v4.1.2 180 

from stats package v4.1.2 (R Core Team, 2020), were employed. A Principal Component Analysis 181 

(PCA) based on Bray-Curtis distance was carried out to evaluate the relationship between 182 

communities and the possible factors influencing community structure. This analysis was performed 183 

with the ordinate function from PHYLOSEQ package v1.38.0 (McMurdie and Holmes, 2013). 184 

PERMANOVA analysis, significance level predefined at 0.05, as implemented in the adonis function 185 

from R package vegan v.2.6.2 (Oksanen et al., 2022), was employed to evaluate the strength and 186 

statistical significance of the influence of diverse factors in structuring prokaryotic communities in 187 

these hypersaline environments. The package ggplot2 v3.3.5 was used for visualisations (Wickhman, 188 

2021). The statistical analysis described was implemented in a RStudio script (Statistics.R). 189 

 190 

3 Results and Discussions 191 

3.1 Metagenome and metatranscriptome data  192 

A collection of twenty publicly available 454 shotgun metagenomes from hypersaline environments, 193 

with salinities between 12% to 37% NaCl in aquatic samples and 16.3% to 54.7% NaCl in saline 194 

soils (in this case, salinity was calculated from conductivity values as explained in the methods 195 

section). Specifically, the metagenomes were obtained from different depths of Antarctic deep lake 196 

(antdl05, antdl13, antdl24, antdl36) (Demaere et al., 2013), Chula Vista saltern, high salinity 197 

(chvhigh), Chula Vista saltern, medium salinity (chvmed) (Rodriguez-Brito et al.,2010), the Dead 198 

Sea 1992’s bloom (deadsea1992), the Dead Sea 2007 (deadsea2007) (Bodaker et al.,2010), the Red 199 

sea brine pool interphase (discoveryd), lower and upper interphases of the Red sea brine pool (kebri-200 

dli and kebrit-dui) (Ngugi et al., 2015), Great Salt Lake with South arm of Antelope island and North 201 

arm of Rozel point (Utah, USA) (gsl-ant and gsl-rp) (Jacob Parnell et al., 2010), Isla Cristina’s solar 202 
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saltern pond with 21% NaCl concentration (ic21) (Fernández et al., 2014a), Bras del Port saltern 203 

ponds (Spain) with salinities 13, 19, 33 and 37% NaCl(SS13, SS19, SS33 and SS37) (Ghai et al., 204 

2011; Fernández et al., 2014a, b; Ventosa et al., 2015) and Odiel salt marshes soils, Spain (marsh-205 

smO1 and marsh-smO2) (Vera-Gargallo and Ventosa, 2018). The metatranscriptome belongs to a 206 

sample from a solar saltern pond from Santa Pola saltern with 19% NaCl content and is here referred 207 

to as SS19-metatranscriptome. Of the 20 metagenomes that constituted the initial collection, 4 of 208 

them (chvhigh, chvmed, deadsea2007 and deadsea1992) (Table 1) were discarded because of their 209 

low quality taxonomic annotation. 210 

3.2 Maximum taxonomic diversity corresponded to hypersaline soils and intermediate 211 

salinity solar saltern ponds  212 

The most abundant genus in 4 out of the 16 samples was Halohasta, followed by Spiribacter in 3 and 213 

Halorubrum in 2 samples. Candidatus Pelagibacter, Halonotius, Nitrosopumilus, Marinimicrobia, 214 

Aliifodinibius, Salinimicrobium and Haloquadratum had a frequency of 1/16 (Supplementary Table 215 

1). 216 

Most abundant genera observed in our datasets corresponded with the original studies. For example, 217 

Halohasta was abundant in Antarctic deep lake, from where it was described as a novel genera (Mou 218 

et al., 2012; Demaere et al., 2013). In contrast, Haloquadratum dominance was described in the 219 

original studies of the samples from Spanish Santa Pola solar salterns ponds SS13 and SS19 (Ventosa 220 

et al., 2015), while in this study the most abundant genus in these ponds was found to be Spiribacter. 221 

This difference is due to Spiribacter having been taxonomically described after the publications of 222 

SS13 and SS19 (León et al., 2014). Despite this, our taxonomic profiling of the chosen datasets 223 

showed some minor differences to those already published, probably due to different quality filtering 224 

methods, the assembly process or database versions (Fernández et al., 2014b). Taxonomic 225 

identifications in samples discoveryd, kebrit-dli, kebrit–dui, gsl-ant and gsl-rp could not be compared 226 

to those of their original articles because either: (i) taxonomic identification was only reported at the 227 

phylum level, or (ii) no identification was reported (Jacob Parnell et al., 2010; Ngugi et al., 2015).  228 

An average of around 70% of the 16S rRNA sequences were taxonomically annotated but there were 229 

cases where only 12.37% (kebrit-dli) or 13.27% (gsl-ant) sequences were annotated, and others with 230 

100% of reads annotated (antdl24) (Supplementary Table 2). In most cases, the proportion of reads 231 

annotated is within the ranges stated in previous studies. In particular, Tamames and colleagues 232 

evaluated different annotation software and environments and found that between 42% and 65% of 233 

the metagenomic reads could be assigned to known taxa (Tamames et al., 2019).  234 

The next step was to analyse the taxonomic diversity in the described different communities by 235 

rarefaction curves. This type of analysis allows the comparison of samples with different sequencing 236 

depths. Taxonomic diversity, evaluated by Chao1 richness estimator, Shannon and Simpson indices 237 

(Figure 2A) (Supplementary Figure 1 and 2), revealed that a hypersaline soil sample (marsh-smO1), 238 

followed by solar saltern ponds with intermediate salinity (SS19 and SS13) and the second sample 239 

from the hypersaline soil (marsh-smO2) were the most taxonomically diverse environments. The 240 

least diverse datasets were gsl-ant, gsl-rp and kebrit-dli, whose salt concentrations ranged between 241 

15% and 30%.  242 

These results are in line with other studies about diversity in hypersaline soils (Vera-Gargallo, 2018; 243 

Vera-Gargallo and Ventosa, 2018), reaffirming that soils are environments with a greater microbial 244 
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diversity than aquatic environments, probably due to the high spatial and temporal heterogeneity of 245 

terrestrial environments (Tecon and Or, 2017).  246 

As previously described in literature, the saline gradient correlates negatively with the diversity of 247 

genera in different environments (Lozupone and Knigth, 2007) and in Santa Pola salterns, too (Ghai 248 

et al., 2011; Ventosa et al., 2014; Fernández et al., 2014a), but considering samples from the rest of 249 

environments overruled this trend, which suggests that environment-specific factors have a role in 250 

determining taxonomic diversity. Future studies should consider measuring environment/habitat-251 

specific factors in order to try to discern the rules governing taxonomic diversity in hypersaline 252 

environments with certainty. 253 

3.3 Functional diversity was only partially explained by taxonomic diversity 254 

The functional profiling of these metagenomes revealed that the most abundant function in 9 out of 255 

the 16 samples was a putative transposase (K07496), followed by an unclassified protein in 3/16 256 

samples (K00936). Thus, these results are in agreement with previous studies showing that 257 

transposases are the most prevalent genes encoded in nature, presumably because they contribute to 258 

the adaptation of communities (Aziz et al., 2010). Only 1/16 metagenomes had two functions with 259 

the same number of sequences that belonged to an unclassified protein (K00754) and a putative 260 

adenine-specific DNA-methyltransferase (K07319). In all other samples, proteins annotated like 261 

transitional endoplasmic reticulum ATPase (K013525), elongation factor EF-G (K02355), ATP-262 

binding cassette, subfamily B, bacterial (K06147) and recombination protein RecA (K03553) were 263 

the most abundant (Supplementary Table 1).  264 

An average of 47.69% sequences were annotated into KO categories (Supplementary Table 2). 265 

Similar functional annotation proportions, around 50%, were found in literature, employing different 266 

softwares and environments (Tamames et al., 2019; Kanehisa et al., 2016). In the case of the 267 

metatranscriptome SS19, only 11.28% ORFs were annotated (Supplementary Table 2). Some 268 

possible reasons to explain that result could be the rRNA domination, reducing the coverage of 269 

mRNA in sequencing by high levels of rRNA, mRNA instability and limitation by transcriptome 270 

reference databases (Aguiar-Pulido et al., 2016).  271 

The functional diversity of different communities was analysed by rarefaction curves. K numbers 272 

(KO) diversity, evaluated by Chao1 richness estimator revealed that the two samples from a saline 273 

soil (marsh-smO1 and marsh-smO2), closed followed by a deep-sea brine pool (kebrit-dui, 18.2% 274 

salt concentrations) and a solar saltern pond sample (SS13, 13% salt concentrations) were the most 275 

functionally diverse (Figure 2B). On the other hand, the least functionally diverse samples were gsl-276 

rp, SS19 metatranscriptome and SS37, with a range of salt concentration between 19% and 37% 277 

(Figure 2B). Functional diversity was also evaluated by Shannon and Simpson indices, an analysis 278 

that showed the same diversity trend with different sample order, solar saltern pond (SS13, SS19) and 279 

deep-sea brine pool (kebrit-dui) were the most functionally diverse, followed by samples from saline 280 

soil (marsh-smO1 and marsh-smO2) (Supplementary Figure 3 and 4). The metatranscriptome had 281 

less KO-annotated sequences than the metagenome of the same saltern pond. 282 

According to literature, it is usual to observe more functional diversity in saline soils than solar 283 

salterns, probably because of the higher heterogeneity of soil structure, as was the case of taxonomic 284 

diversity. Soil environment most probably has higher disturbance rates and promotes micro-niches 285 

with specialised functions (Vera-Gargallo and Ventosa, 2018; Trivedi et al., 2019). 286 
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Functional diversity was also evaluated by estimating KOs richness within each higher level KEGG 287 

class (Metabolism, Genetic Information Processing, Environmental Information Processing, Cellular 288 

Processes, Organismal Systems, Human Diseases, Brite Hierarchies and Not Included in Pathway or 289 

Brite). This analysis revealed the number of different strategies for achieving biological processes 290 

that the different communities have. When evaluated at enough granularity, the results can suggest 291 

how specialised or generalist the communities are in the development of their biological processes. A 292 

high richness of KOs within a KEGG class would indicate that the community harbours a diverse 293 

pool of genes dedicated to that particular activity and, therefore, could be interpreted as a more 294 

generalist community than one having less KO richness within that same KEGG class. As we can 295 

observe in Figure 3, hypersaline soils (marsh-smO1, marsh-smO2), solar salterns with intermediate 296 

salt concentration levels (SS13, SS19) and Red sea brine pool upper interphase (kebrit-dui) seem to 297 

have higher KO richness in almost all KEGG classes. Therefore, this trend corresponded with the 298 

same trend in the rarefaction curve KO diversity results (Figure 2B). On the other hand, hypersaline 299 

lakes have less richness of annotated KOs along all classes. In other samples diversity varies without 300 

observing any characteristic pattern (Figure 3). This finding shows that the trend in overall functional 301 

diversity observed in the previous functional rarefaction analysis is not caused by a high richness of 302 

hypersaline soil and intermediate salinity saltern ponds in a specific functional class, but is paralleled 303 

in every KEGG sublevel studied.  304 

The results of this functional richness analysis lead to the concept of resilience. Literature has 305 

suggested that communities with a more even distribution of species among functional groups and 306 

lower functional richness should be less likely to lose an entire functional group of a community to 307 

disturbance (Biggs et al., 2020). However, it is also thought that perhaps an entire "metacommunity" 308 

composed of many specialised species should be partially less affected, due to increased niche 309 

complementarity (Clavel et al., 2011). Although, at community level, there are also simulations 310 

predicting that a functionally specialised microbial community is less stable to perturbations than a 311 

microbial community with many repeated functions (Song et al., 2021). In the context of the samples 312 

analysed in this study, this would mean that hypersaline soils, solar saltern ponds with intermediate 313 

salt concentration levels and Red sea brine pool upper interphase environments would be more stable 314 

to perturbations, while hypersaline lakes would be the least resilient. 315 

The metatranscriptome was also included in this analysis in order to compare the potential functional 316 

diversity in a solar saltern pond with 19% salts concentration (captured by the metagenome) from the 317 

actual diversity of functional processes occurring at one given moment in it (represented by the 318 

metatranscriptome). The metatranscriptome presented lower KO diversity than the metagenome from 319 

the same saltern pond in both KOs diversity curve (Figure 2B) and functional richness plots (Figure 320 

3). This result is consistent with the realised niche of organisms (that could be estimated by RNA-321 

based studies) being a subset of the fundamental niche (evaluable by DNA-based analysis) (Soberon 322 

and Arroyo-Peña, 2017).  323 

After analysis, it seemed that discoveryd sample showed a strange behaviour with high functional 324 

richness (Figure 3) values if compared with proportion ORF annotated of K numbers (14.93%) 325 

(Supplementary Table 2).  326 

Apart from that, comparing taxonomic and functional diversity, it seemed that high taxonomic 327 

diversity was reflected into high functional diversity. This was fulfilled in hypersaline soils (marsh-328 

smO1 and marsh-smO2) and solar saltern ponds (SS13 and SS19), but not in samples such as 329 

discoveryd and kebrit-dui, which presented low taxonomic diversity and high functional diversity.  330 



  Functional redundancy in saline environments 

9 

 

Comparing functional diversity with salinity in all samples, the number of KOs did not seem to have 331 

a trend or behaviour to be linked with salinity. Except if only selecting Santa Pola samples, whose 332 

functional diversity decreases with increasing salinity but is paralleled in every KEGG sublevel 333 

studied. According to these results, it could be proposed as hypersaline soils were more generalistic 334 

communities and hypersaline lakes (antdl05, antdl13 and antdl24) were more specialised. There are 335 

simulations predicting that a functionally specialised microbial community is less stable to 336 

perturbations than a microbial community with many repeated functions (Song et al., 2021). In the 337 

context of the samples analysed in this study, this would mean that hypersaline soils, solar saltern 338 

ponds with intermediate salt concentration levels and Red sea brine pool upper interphase 339 

environments would be more stable to perturbations, while hypersaline lakes would be the least 340 

resilient. 341 

3.4 Functional redundancy reflects functional diversity trend 342 

In order to assess the level of functionally redundant taxa in the studied hypersaline habitats, it was 343 

compared functional richness (here, K-numbers Chao1 index) and taxonomic richness (in this case, 344 

Chao1 index at the genus level) for a series of subsamples of annotated reads. This plot reveals KO 345 

richness in relation to the genus diversity needed to achieve it. For two datasets with the exact same 346 

KO richness but different taxonomic diversity in a given number of annotated reads, that with higher 347 

taxonomic diversity would necessarily have genera with more similar functions, hence, would be 348 

more functionally redundant, than the one with lower level of genus diversity (Figure 2C). 349 

In our particular case, this plot shows that datasets could be mainly divided into two groups: a group 350 

with higher redundancy (group 1, on the right) and a group of samples with lower redundancy (group 351 

2, on the left) (Figure 2C). On one hand, group 1 was composed of the metagenomes SS13, SS19, 352 

marsh-smO1, marsh-smO2 and kebrit-dli. The group on the left, group 2, comprises the 353 

metagenomes gsl-rp, discoveryd, antdl13, kebrit-dui, ic21, antdl05, antdl24, antdl36, gsl-ant, SS37 354 

and SS33. It can be observed that the slopes of the curves from group 1 grow upwards slower than 355 

the slopes of those in group 2. This means that habitats within group 1 are more functionally 356 

redundant since each genera added contribute less new KO categories or functions compared to 357 

adding a new genus to those metagenomes in group 1. For example, gsl-ant and marsh-smO2 at the 358 

7th point (200 sequences analysed), both have around 170 different KOs. The sample gsl-ant needed 359 

less than 20 genera for achieving that number of distinct KOs, while marsh-smO2 needed 360 

approximately 46 genera for that same number of distinct KOs. That is, marsh-smO2 has fewer 361 

distinct KOs provided by each different genus added. 362 

The extremely low genera diversity of two datasets, gsl-rp and discoveryd, produced redundancy 363 

curves that level off vertically at around 10 genera, with KO richness increasing even when genera 364 

diversity remains constant. Prokaryotic genera may harbour a high functional diversity and, therefore, 365 

resampling different members of a given genus could increase functional diversity while maintaining 366 

the same genus richness. Identification methods have tremendously expanded appreciation of 367 

community complexity over past culture-based studies, but they are not without their own limitations 368 

(Nemergut et al., 2013; Arora and Panosyan, 2019; Liang et al., 2020). Perhaps, one solution could 369 

be to use amplicons approach as an operational taxonomic unit (OTU) or amplicon sequence variant 370 

(ASV) which are database independent (Peterson et al., 2021). While our analysis showed relevant 371 

and clear trends of functional redundancy at the genus level, it should be noted that it is blind to intra-372 

genera functional diversity and its variability among datasets. Future studies should consider 373 

evaluating this relationship at the deepest taxonomic resolution. 374 
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In order to explore functional redundancy without any taxonomic annotation-related bias, an index of 375 

the mean number of KOs contributed by genome equivalents in each metagenome was also 376 

evaluated. Genome equivalents were calculated dividing total number of sequences (bp) by average 377 

genome size (Nayfach and Pollard, 2015). This index indicates the number of functions that could be 378 

contributed by each genome equivalent in the communities of this study. The sample discoveryd had 379 

the higher number of KO per genome, followed by gsl-rp and antdl13. Samples discoveryd and gsl-rp 380 

had a low number of sequences annotated taxonomically, and calculations needed to be adjusted. 381 

Therefore, it cannot be determined whether their extreme values of this index represent biological 382 

properties of these environments or were the result of biases due to the limited number of genera 383 

annotated in them. The lowest indices were those of kebrit-dli, SS13 and SS19. 384 

Comparing functional redundancy curves and KOs per genome results, more functional redundant 385 

samples, those in group 1, generally correspond with the smallest KOs contributors per genome. An 386 

exception within this group 1 are hypersaline soils, which do not have low values of KOs per 387 

genome. On the contrary, gsl-ant and ic21, belonging to group 2, had high values of KOs per 388 

genome.  389 

The observed trend in functional redundancy, the most taxonomic and functional diverse samples 390 

were the most functionally redundant, could be influenced by several factors. On one hand, salinity 391 

has been shown to influence both taxonomic and functional diversity in Santa Pola samples (Ghai et 392 

al., 2011; Ventosa et al., 2014; Fernández et al., 2014a). Functional redundancy seems to increase 393 

when salinity decreases if exclusively considering samples from Santa Pola. It is nevertheless worth 394 

noting that, in salterns, many physico-chemical properties are shared among ponds, and other factors 395 

such as cellular and viral density (Pedrós-Alió, 2004), nutrients and other substances concentrations 396 

and energy requirements have been shown or proposed to covary with salinity (Oren, 1999). It is 397 

therefore not possible to ascertain if salinity is directly or indirectly related to functional redundancy 398 

in Santa Pola salterns. When other samples from different habitats with diverse physico-chemical 399 

factors are considered, however, we cannot observe the same trend with salinity, suggesting that 400 

habitat-specific elements have a role in functional redundancy. 401 

The degree of physical isolation in the community, which is specially variable between soils and 402 

aquatic samples, could also explain part of the results. It has been proposed that physical conditions 403 

of soils could force microorganisms to be more functionally independent because of physical 404 

limitations to share metabolites (Tecon and Or, 2017). In saline waters, cellular density increases 405 

with salinity, which makes organisms at higher salinities’ ponds closer together. This facilitates the 406 

search for nutrients at no metabolic cost, which may cause functions to be lost (Pedrós-Alió, 2004). 407 

Probably, samples with highest KO per genome index and lowest functional diversity results, whose 408 

salinity concentrations were almost all of them above 28% salinity, showed more interdependence 409 

between genera due to function loss.  410 

Other factors shown to influence functional redundancy include genome size, phylogenetic 411 

relationship, coding density and environment variables. Higher genome length has been linked to 412 

higher functional redundancy in non extremophile communities (Miki et al., 2013). Almost all of the 413 

datasets with high levels of KOs per genome have large average genomes, with gsl-rp and discoveryd 414 

as exceptions (Table 2). This suggests that more functions parallels having a bigger genome size to 415 

keep them but it is not in line with functional redundancy, at least in saline communities. Another 416 

factor could be the phylogenetic relationship between genera, as communities comprising closely 417 

related taxa are more functionally redundant (Uritskiy et al., 2018; Hester et al., 2019). Finally, 418 
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physico-chemical factors such as pH, depth, carbon, nitrogen, sulphur, nutrients, or metals 419 

concentration could also influence (Ma et al., 2010; Ventosa et al., 2014).  420 

It has been hypothesised that communities with more functionally redundant species may also be 421 

more resilient to loss of function following disturbance, although it remains to be empirically well 422 

established (Biggs et al., 2020). This concept is linked with functional roles in communities, 423 

generalist and specialist’s species, based on their capacity to exploit a range of environmental 424 

conditions (Clavel et al., 2011). Functional specialised microbial community was predicted to be less 425 

stable to perturbations than functional redundant microbial community (Song et al., 2021). Based on 426 

that data, saline soils and intermediate salinity solar saltern ponds communities would be the more 427 

resilient, while hypersaline lake communities would be less resistant to perturbations.  428 

A previous study showed that less redundancy could be a result of evolution in response to increased 429 

environmental stress. Stresses make it more difficult to keep more ways to have accessory strategies 430 

in biological processes without losing basic energetic functions, or simply, physical limitations of 431 

biological structures that cannot endure stressful environments (Ruhl et al., 2022). It would also be 432 

interesting to evaluate if there is a relationship between metabolic interdependence and resilience of 433 

the community. It could be hypothesised that the more interdependence, the less resilient the 434 

community is because of dependence on each other. 435 

3.5 Salinity covaried with community parameters, but did not show linear dependence  436 

The relationship of salinity with variables such as average genome size, KOs per genome index, and 437 

number of genera and KOs, percentage of KOs and percentage of taxonomic annotations was also 438 

assessed. Average genome size, abundance of functions, annotation function percentage and 439 

annotation taxonomic percentage covaried with salinity concentrations (Figure 4). The index KOs per 440 

genome and the number of genera had a low covariance with salinity. All of these variables had a 441 

weak positive (average genome size, KOs per genome index, and number of genera, percentage of 442 

KOs and percentage of taxonomic annotations) and a negative (number of KOs) correlation with 443 

salinity (Pearson’s r < 0.50) (Table 3). Linear regression analysis did not show a strong linear 444 

relationship between variables (R² adjusted < 0.50) and statistically non-significant (p > 0.05) either 445 

(Figure 4). Thus, there was no evidence of a linear relationship between the variables and the model 446 

was, in principle, inappropriate. There may be a linear relationship in the population but the sample 447 

chosen did not detect it. Then, it was evaluated if these data had normal distribution through the 448 

Shapiro-Wilk test applied to linear regression residuals which showed that our data followed a 449 

normal distribution, with the exception of percentage of KOs and percentage of taxonomic 450 

annotations (Table 3). These two last results showed that model predictions and confidence intervals 451 

might be invalid because residuals are not normally distributed, as the main assumptions of a linear 452 

regression model. Due to regression linear results, it would be interesting studying with a Nonlinear 453 

Gaussian regression to know if it would fit as it was done in a previous study of microbial diversity 454 

along temperature gradient (Rulh et al.,2022). 455 

The restricted sample size in our study may be limiting statistical power. This limitation had been 456 

associated with metagenomic and metatranscriptomic sequencing, as also was the number of the 457 

samples, replicates and sequencing depth. Metagenomic sequencing provides more genomic 458 

information, which involves more complex computational analysis and expensive sequencing 459 

samples and replicates (ten Hoopen et al., 2017; Liu et al., 2021). In addition, sequencing depth 460 

would vary depending on the sequencer and the sample, in order to achieve a high statistical power 461 

(Odintsova et al., 2017). 462 
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We noticed that, in all analyses performed in this study, samples discoveryd and gsl-rp had somewhat 463 

abnormal behaviour compared with the rest of samples. A more in-depth evaluation of these datasets 464 

would be needed to verify whether their behaviour has a biological basis, but they might also be 465 

outliers. In the meanwhile, as an additional analysis, (Supplementary Figure 5) covariance, 466 

correlation and linear regression of all variables mentioned before were also carried out without these 467 

two samples. There was a weak correlation (Pearson’s r > 0.50) with a weak linear relationship 468 

between variables (R² adjusted < 0.50) and non statistically significant differences in any case (p > 469 

0.05) (Supplementary Table 3). Despite removing these two samples, the coefficient of determination 470 

only increased slightly, but without statistically significant differences anyway. Thus, there was no 471 

evidence of a linear relationship between the variables and the model was, in principle, inappropriate 472 

to study the dataset relationship. As mentioned before, it would be interesting to study with a 473 

Nonlinear Gaussian regressions to know if it would fit (Rulh et al., 2022). 474 

After an in-depth search in the literature, this is the first study evaluating functional redundancy in 475 

hypersaline environments and in relation to salinity. Previous studies analysed the relationship of the 476 

number of function sequences with temperature found a correlation (Ruhl et al. 2022), but our study 477 

did not found this same trend with salinity. Moreover, it was found in previous studies which 478 

analysed the relationship between temperature and number of function sequences. This relation 479 

between those variables correlates (Ruhl et al., 2022). In spite of this, our data did not show a strong 480 

correlation. Another study analysed the relationship between average genome size and number of 481 

functions sequence with temperature. They obtained a high negative Pearson’s correlation index 482 

between those variables (Sorensen et al., 2018) and in thermophilic communities where smaller 483 

average genomes were compromised by high-temperature too (Ruhl et al., 2022). Again, our data did 484 

not support the same strong correlation with salinity. Another study showed that other environmental 485 

stresses, such as pollution by aromatic compounds, can affect shortening the length of genomes (Peeb 486 

et al., 2022). Studies focused on how salinity affects genome size in extremophilic microorganisms 487 

had not been carried out. However, other study fields such as plant ecology, which show that salt 488 

concentrations affect genome size and it was beneficial to resist environmental stress (Meyerson et 489 

al., 2020). 490 

3.6 Community structure may be explained by environment type and average genome size 491 

We further evaluated the relationship of community structure with factors such as salinity, average 492 

genome size, environment type and KOs per genome. This analysis was carried out by Principal 493 

Component Analysis (PCA) which showed separation of samples by environments (soils vs aquatic 494 

samples) along PC1. Regarding salt concentrations, PC2 separated the low range of salt 495 

concentrations (<30%) from the middle and high range of salt concentrations (30-40%). However, 496 

there was not a huge difference between samples when it comes to average size of genomes 497 

(Supplementary Figure 6). In order to know if these differences were statistically significant, a 498 

PERMANOVA analysis was performed. There were differences statistically significant for 499 

environmental type (p = 1e-04) and average genome size (p = 0.0161) variables. However, salinity 500 

and KOs per genome index had no differences with non statistically significant (p > 0.05). In 501 

summary, PCA and PERMANOVA results suggested that the environment type (soil vs aquatic) and 502 

average genome size may impact the prokaryotic community structure in the saline environments 503 

considered. 504 

 505 

 506 
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4 Conclusions 507 

Functional redundancy refers to the species diversity performing similar functions in the ecosystem 508 

and represents community resilience; which also has been considered as paradoxical. It is still 509 

unknown if there exists some knowledge about this concept and how it behaves in these salt stressful 510 

environments. The prokaryotic communities dwelling in the studied hypersaline soils, solar salterns, 511 

deep sea brine pools and hypersaline lakes comprise halophiles well known also from previous 512 

studies in other aquatic and terrestrial habitats. Hypersaline soils and solar saltern ponds with 513 

intermediate salt concentration levels have the highest taxonomic and functional diversity among the 514 

hypersaline habitats considered here. When only taking into account functional richness, hypersaline 515 

soils and solar saltern could be considered generalist communities with more different strategies in 516 

biological processes based on KEGG classes. Functional redundancy curves showed that saline soils, 517 

deep sea brine pool lower interphase and saltern solar ponds with low levels of salt concentration 518 

were the most functionally redundant. In addition, these same samples had more KOs per genome 519 

equivalent than the other samples. The lower functional diversity found in the SS19 520 

metatranscriptome, compared to SS19 metagenome is in line with the realised niche of organisms 521 

(estimated by RNA-based studies) being a subset of the fundamental niche (evaluable by DNA-based 522 

analysis). Statistical results did not show a linear relationship between salinity and average genome 523 

size, KOs per genome, number of genus and KOs or percentage of genus and KOs annotated. While 524 

there are still major gaps in saline environments’ microbial ecology that need to be addressed to 525 

advance in their understanding, this study constitutes an important contribution to the current 526 

knowledge of prokaryotic functional redundancy and resilience in these habitats. 527 
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Publicly available datasets were analysed in this study (Table 1). Metatranscriptomic data is not yet 549 

publicly available in NCBI databases. The source codes of workflow, including the bash script for 550 

taxonomic and functional profiling of communities, the python-based one to analyse the abundance 551 

of taxonomic and functions and the R code to study taxonomic and functional diversity, functional 552 

redundancy and statistical analysis are private in Github, link access: https://gitfront.io/r/SilSanGon-553 
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Table headers and figure legends 765 

TABLE 1. Metagenomes and metatranscriptome data. ID, environment type, salinity, sample origin, 766 

sequencing platform and reference of each metagenome and metatranscriptome. Metagenomes: 767 

antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% NaCl), antdl13 (Antarctic deep lake 13m 768 

deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep lake 24m deep, 0.1mm filter, 32% NaCl), 769 

antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 32% NaCl), discoveryd (Red sea brine pool 770 

interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine pool lower interphase, 18.2% NaCl), kebrit-771 

dui (Red sea brine pool upper interphase, 18.2% NaCl), gsl-ant (Great Salt Lake with south arm of 772 

Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with north arm of Rozel point, 30% NaCl), 773 

ic21(Isla Cristina’s solar saltern pond, 21% NaCl), SS13, SS19, SS33, SS37 (Bras del Port salterns, 774 

13%, 19%, 33% and 37% NaCl respectively), marsh-smO1 (Odiel salt marshes soils, 16.3% NaCl) 775 

and marsh-smO2 (Odiel salt marshes soils, 54.7%NaCl). Metatranscriptome: SS19 (Bras del Port 776 

salterns, 19% NaCl). 777 

TABLE 2. Results of KO per appropriate reads, MicrobeCensus results,KOs per genome equivalent 778 

index and salinity of each metagenome. Red indicates the highest values and blue indicates the 779 

lowest values in each column. Metagenomes: antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 780 

28% NaCl), antdl13 (Antarctic deep lake 13m deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic 781 

deep lake 24m deep, 0.1mm filter, 32% NaCl), antdl36 (Antarctic deep lake 36m deep, 0.1-3mm 782 

filter, 32% NaCl), discoveryd (Red sea brine pool interphase layer, 13.8% NaCl), kebrit-dli (Red sea 783 

brine pool lower interphase, 18.2% NaCl), kebrit-dui (Red sea brine pool upper interphase, 18.2% 784 

NaCl), gsl-ant (Great Salt Lake with south arm of Antelope island, 15% NaCl), gsl-rp (Great Salt 785 

Lake with north arm of Rozel point, 30% NaCl), ic21(Isla Cristina’s solar saltern pond, 21% NaCl), 786 

SS13, SS19, SS33, SS37 (Bras del Port salterns, 13%, 19%, 33% and 37% NaCl respectively), 787 

marsh-smO1 (Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 788 

54.7%NaCl).  789 

TABLE 3. Statistical analysis. Covariance, Pearson’s rank correlation, linear regression with R² 790 

adjusted and significance level (significance level = 0.05), Shaphiro-Wilk test (significance level = 791 

0.05) between salinity and average genome size, KO per genome index, number of genus, number of 792 

KEGG, percent taxonomic annotation and percent functional annotation. 793 

FIGURE 1. Workflow performed in this study. First, metagenomic and metatranscriptomic 794 

databases were downloaded. Second,taxonomic and functional profiling was performed by a Bash 795 

script in UNIX environment. Next, abundance analysis was carried out by two scripts by two Python 796 

Jupyter notebooks using Pandas and Numpy framework/library. Finally, data was processed into 797 

rarefaction curves, redundancy curve, functional richness and statistical analysis by a RStudio script 798 

in R. 799 

FIGURE 2. (A) Rarefaction plot of taxonomic diversity of metagenomes, evaluated by Chao1 800 

richness estimator as alpha diversity metric. Solid line indicates interpolation while dashed line refers 801 

to extrapolated data. Confidence intervals at 95% are depicted by shaded areas around the curves. (B) 802 

Rarefaction plot of KO diversity of metagenomes, evaluated by Chao1 richness estimator as alpha 803 

diversity metric. Solid line indicates interpolation while dashed line refers to extrapolated data. 804 

Confidence intervals at 95% were depicted by shaded areas around the curves. (C) Functional 805 

redundancy curves. Genera diversity in axis x and KOs diversity axis y. Both evaluated through 806 

richness index Chao1. Metagenomes: antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% 807 

NaCl), antdl13 (Antarctic deep lake 13m deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep 808 
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lake 24m deep, 0.1mm filter, 32% NaCl), antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 809 

32% NaCl), discoveryd (Red sea brine pool interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine 810 

pool lower interphase, 18.2% NaCl), kebrit-dui (Red sea brine pool upper interphase, 18.2% NaCl), 811 

gsl-ant (Great Salt Lake with south arm of Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with 812 

north arm of Rozel point, 30% NaCl), ic21 (Isla Cristina’s solar saltern pond, 21% NaCl), SS13, 813 

SS19, SS33, SS37 (Bras del Port salterns, 13%, 19%, 33% and 37% NaCl respectively), marsh-smO1 814 

(Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 54.7% NaCl). 815 

Metatranscriptome: SS19-mtranscript (Bras del Port salterns, 19%). 816 

FIGURE 3. Functional richness within KEGG-classes. Observed and Shannon indices calculated per 817 

KOs in each KEGG class (Metabolism, Genetic Information Processing, Environmental Information 818 

Processing, Cellular Processes, Organismal Systems, Human Diseases, Brite Hierarchies, Not 819 

Included in Pathway or Brite). Points were coloured by environment type in each dataset. Samples: 820 

antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% NaCl ), antdl13 (Antarctic deep lake 13m 821 

deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep lake 24m deep, 0.1mm filter, 32% NaCl), 822 

antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 32% NaCl), discoveryd (Red sea brine pool 823 

interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine pool lower interphase, 18.2% NaCl), kebrit-824 

dui (Red sea brine pool upper interphase, 18.2% NaCl), gsl-ant (Great Salt Lake with south arm of 825 

Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with north arm of Rozel point, 30% NaCl), ic21 826 

(Isla Cristina’s solar saltern pond, 21% NaCl), SS13, SS19, SS33, SS37 (Bras del Port salterns, 13%, 827 

19%, 33% and 37% NaCl respectively), SS19-metatranscriptome (Bras del Port salterns, 19%), 828 

marsh-smO1 (Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 829 

54.7% NaCl). 830 

FIGURE 4. Linear regression relationships between salinity, on axis x, and average genome size 831 

(A), number of genus (C), number of KOs (D), KOs per genome (E), percentage of functions 832 

annotated (F) and percentage of genera annotated (G), on axis y. The solid lines represent the best-fit 833 

power regressions to the data and confidence bands. R², coefficient of determination and p-value as 834 

level of significance on the top of each graph. 835 

 836 

Supplementary material 837 

SUPPLEMENTARY TABLE 1. Most abundant genera and functions in metagenomes and 838 

metatranscriptome. ID proposed by laboratory, salinity (percentage), most abundant genus and most 839 

abundant function with K number. antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% NaCl), 840 

antdl13 (Antarctic deep lake 13m deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep lake 24m 841 

deep, 0.1mm filter, 32% NaCl), antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 32% NaCl), 842 

discoveryd (Red sea brine pool interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine pool lower 843 

interphase, 18.2% NaCl), kebrit-dui (Red sea brine pool upper interphase, 18.2% NaCl), gsl-ant 844 

(Great Salt Lake with south arm of Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with north 845 

arm of Rozel point, 30% NaCl), ic21(Isla Cristina’s solar saltern pond, 21% NaCl), SS13, SS19, 846 

SS33, SS37 (Bras del Port salterns, 13%, 19%, 33% and 37% NaCl respectively), marsh-smO1 847 

(Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 54.7%NaCl). 848 

Metatranscriptome: SS19 (Bras del Port salterns, 19% NaCl). 849 

SUPPLEMENTARY TABLE 2. Taxonomic and functional community profiling results. Number of 850 

reads before and after passed quality check and cleaning with FastQC and Trimmomatic; at 851 

taxonomic annotation level: number of 16S rRNA detected by barrnap, percentage of 16S 852 
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identification by blastn, percentage of 16S genera level and number of different genera by script 853 

Anot_taxo.py ; at functional annotation level: number of ORFs detected by prodigal, percentage ORF 854 

identification by COGNIZER and number of different K number by script Anot_fun.py. 855 

SUPPLEMENTARY TABLE 3. Statistical analysis results without samples discoveryd and gsl-rp. 856 

Covariance, Pearson’s rank correlation, Linear regression with R² adjusted and significance level 857 

(significance level = 0.05), Shaphiro-Wilk test (significance level = 0.05) between salinity (%) and 858 

average genome size, KO per genome index, number of genus, number of KEGG, percent taxonomic 859 

annotation and percent functional annotation. 860 

SUPPLEMENTARY FIGURE 1. Rarefaction plot of taxonomic diversity of metagenomes, 861 

evaluated by Shannon index as alpha diversity metric. Solid line indicates interpolation while dashed 862 

line refers to extrapolated data. Confidence intervals at 95% are depicted by shaded areas around the 863 

curves. Metagenomes: antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% NaCl), antdl13 864 

(Antarctic deep lake 13m deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep lake 24m deep, 865 

0.1mm filter, 32% NaCl), antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 32% NaCl), 866 

discoveryd (Red sea brine pool interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine pool lower 867 

interphase, 18.2% NaCl), kebrit-dui (Red sea brine pool upper interphase, 18.2% NaCl), gsl-ant 868 

(Great Salt Lake with south arm of Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with north 869 

arm of Rozel point, 30% NaCl), ic21(Isla Cristina’s solar saltern pond, 21% NaCl), SS13, SS19, 870 

SS33, SS37 (Bras del Port salterns, 13%, 19%, 33% and 37% NaCl respectively), marsh-smO1 871 

(Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 54.7%NaCl). 872 

SUPPLEMENTARY FIGURE 2. Rarefaction plot of taxonomic diversity of metagenomes, 873 

evaluated by Simpson index as alpha diversity metric. Solid line indicates interpolation while dashed 874 

line refers to extrapolated data. Confidence intervals at 95% are depicted by shaded areas around the 875 

curves. Metagenomes: antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% NaCl), antdl13 876 

(Antarctic deep lake 13m deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep lake 24m deep, 877 

0.1mm filter, 32% NaCl), antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 32% NaCl), 878 

discoveryd (Red sea brine pool interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine pool lower 879 

interphase, 18.2% NaCl), kebrit-dui (Red sea brine pool upper interphase, 18.2% NaCl), gsl-ant 880 

(Great Salt Lake with south arm of Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with north 881 

arm of Rozel point, 30% NaCl), ic21(Isla Cristina’s solar saltern pond, 21% NaCl), SS13, SS19, 882 

SS33, SS37 (Bras del Port salterns, 13%, 19%, 33% and 37% NaCl respectively), marsh-smO1 883 

(Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 54.7%NaCl). 884 

SUPPLEMENTARY FIGURE 3. Rarefaction plot of functional diversity of metagenomes, 885 

evaluated by Shannon index as alpha diversity metric. Solid line indicates interpolation while dashed 886 

line refers to extrapolated data. Confidence intervals at 95% are depicted by shaded areas around the 887 

curves. Metagenomes: antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% NaCl), antdl13 888 

(Antarctic deep lake 13m deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep lake 24m deep, 889 

0.1mm filter, 32% NaCl), antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 32% NaCl), 890 

discoveryd (Red sea brine pool interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine pool lower 891 

interphase, 18.2% NaCl), kebrit-dui (Red sea brine pool upper interphase, 18.2% NaCl), gsl-ant 892 

(Great Salt Lake with south arm of Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with north 893 

arm of Rozel point, 30% NaCl), ic21(Isla Cristina’s solar saltern pond, 21% NaCl), SS13, SS19, 894 

SS33, SS37 (Bras del Port salterns, 13%, 19%, 33% and 37% NaCl respectively), marsh-smO1 895 

(Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 54.7%NaCl). 896 

Metatranscriptome: SS19-mtranscrip (Bras del Port salterns, 19% NaCl). 897 
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SUPPLEMENTARY FIGURE 4. Rarefaction plot of functional diversity of metagenomes, 898 

evaluated by Simpson index as alpha diversity metric. Solid line indicates interpolation while dashed 899 

line refers to extrapolated data. Confidence intervals at 95% are depicted by shaded areas around the 900 

curves. Metagenomes: antdl05 (Antarctic deep lake 5m deep, 0.1mm filter, 28% NaCl), antdl13 901 

(Antarctic deep lake 13m deep, 0.1mm filter, 32% NaCl), antdl24 (Antarctic deep lake 24m deep, 902 

0.1mm filter, 32% NaCl), antdl36 (Antarctic deep lake 36m deep, 0.1-3mm filter, 32% NaCl), 903 

discoveryd (Red sea brine pool interphase layer, 13.8% NaCl), kebrit-dli (Red sea brine pool lower 904 

interphase, 18.2% NaCl), kebrit-dui (Red sea brine pool upper interphase, 18.2% NaCl), gsl-ant 905 

(Great Salt Lake with south arm of Antelope island, 15% NaCl), gsl-rp (Great Salt Lake with north 906 

arm of Rozel point, 30% NaCl), ic21(Isla Cristina’s solar saltern pond, 21% NaCl), SS13, SS19, 907 

SS33, SS37 (Bras del Port salterns, 13%, 19%, 33% and 37% NaCl respectively), marsh-smO1 908 

(Odiel salt marshes soils, 16.3% NaCl) and marsh-smO2 (Odiel salt marshes soils, 54.7%NaCl). 909 

Metatranscriptome: SS19-mtranscrip (Bras del Port salterns, 19% NaCl). 910 

SUPPLEMENTARY FIGURE 5. Linear regression relationships between salinity, on axis x, and 911 

average genome size (A), number of genus (C), number of KOs (D), KOs per genome (E), 912 

percentage of functions annotated (F) and percentage of functions annotated (G) on axis y. The solid 913 

lines represent the best-fit power regressions to the data and confidence bands. R², coefficient of 914 

determination and p-value as level of significance on the top of each graph. 915 

SUPPLEMENTARY FIGURE 6. PCA analysis based on Bray Curtis dissimilarity index with 916 

samples colored by different properties (A) salinity, (B) average genome size, (C) environment type 917 

and (D) KOs per genome equivalent index. Metatranscriptome-SS19 was noted with a black circle. 918 
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