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Abstract— Hypersaline ecosystems are distributed globally and are typically characterized by limited microbial
diversity, largely due to the combined influence of extreme environmental factors.

This study explores the microbial community structure and metabolic potential of Lake Djendli (DJS), a hypersaline lake
located in the Batna province of eastern Algeria. We employed a culture-independent metagenomic approach, processed
through the MG-RAST server, to investigate the distribution and functional profiles of prokaryotic communities in the
hypersaline soils. Our results indicate that the microbial community in Lake Djendli was predominantly composed of
Bacteria (67.70%), followed by Archaea (31.68%). Within the bacterial domain, the most abundant phylum was
Bacteroidetes (28.06%), followed by Proteobacteria (22.65%), Firmicutes (6.47%), and Cyanobacteria (1.28%). Among
the archaeal sequences, there was a clear predominance of the phylum Euryarchaeota, with 36.38% of archaeal sequences
belonging to the family Halobacteriaceae (39.33%). At the genus level, Halorubrum (4.35%), Halorhodospira (4.38%),
Haloarcula (2.72%), and Halorhabdus (2.14%) were detected in the DJS sample.

Functional annotation revealed that metabolic functions were predominant (59.41%), followed by genetic information
processing (21.91%) and environmental information processing (13.25%). Subsystem-based classification further
highlighted carbohydrate metabolism (13.50%) and cluster-based subsystems (13.32%) as the most represented
functional categories. These findings provide new insights into the microbial ecology and functional capacity of
hypersaline environments in arid regions.
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I.  INTRODUCTION

Hypersaline environments are generally inhabited by a limited variety of life forms (Lopez et al. 2010)
including extreme habitats with limited microbial diversity, due to the combined effects of several
environmental factors (Ventosa et al. 2015), as well as aquatic and terrestrial habitats (Vera-Gargallo and
Ventosa 2018).

In this study, next-generation sequencing (NGS) technology was employed to explore microbial diversity and
assess metabolic potential in samples collected from the hypersaline Lake Djendli (DJS), located in the Batna
province of the High Plateaus in eastern Algeria. This region is characterized by an arid climate with low
rainfall.

The objective of this research is to produce a highly accurate and contiguous genome assembly to support
precise annotation of microbial communities and their metabolic functions. To achieve this, a culture-
independent approach known as metagenomics was used, allowing for the analysis of microbial community
structure and functional potential through gene sequence identification and functional profiling. For that, MG-
RAST server was used to examine many features of DJS metagenome.

Il. EXPERIMENTAL METHODOLOGY

DNA extraction from soils was rated the most complex compared to other compartments. We adapted our
extraction protocol by using two methods; direct and indirect to obtains an adequate and sufficient biomass
(See more details in Hogfors-R6nnholm et al. 2018). Genomic DNA extracted from the hypersaline soil of
Sebkha Djendli was quantified using the Qubit system. Then, DNA of DJS sample was sent to Macrogen Inc
(Seoul, Korea) and sequenced through Illumina HiSeqTM technology. The list of bioinformatics analysis
performed is summarized in Fig.1.
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All analyses were carried out in Linux, containing the following steps with tools utilized: IDBA tool (Peng et
al. 2012) was used for assembly in order to obtain the large contigs. Binning of metagenomes was performed
with MaxBin v2.2.4 (Wu et al. 2014), and quality parameters were checked with the HMM.essential.rb script
(http://enve-omics.ce.gatech.edu/enveomics/). In each binning run, only contigs from the assembly of an
individual sample were used. Coding regions within the sequences were predicted using FragGeneScan. The
nucleotide sequence compilation called CoupleReads.fa contains the predicted coding regions. This step
identifies the most likely reading frame and translates nucleotide sequences into amino acids sequences. The
predicted genes, possibly more than one per fragment, are called features. We highlighted the functional and
taxonomical classifications using the MetaGenome Rapid Annotation with Subsystem Technology (MG-
RAST) server (https://www.mg-rast.org/).

I1I.RESULTS AND DISCUSSION

All data below represents the analysis generated by the MG-RAST processing pipeline. The metagenomic
sequence was compared to protein-coding gene databases; here the short or low quality sequences with
ambiguous bases were not included in this analysis.

1. Statistical Analysis of the Metagenome and Predicted Features
Using shotgun metagenomic sequencing, the DJS dataset comprised 39,154,118 sequences, totaling
5,773,553,587 base pairs, with an average read length of 147 bp. Quality control (QC) filtering resulted in the
removal of 9,076,694 sequences (23.18%) that did not meet the QC criteria. Among these, 6,604,204
sequences were identified as artificial duplicate reads, often consisting of short reads lacking sufficient
taxonomic information.
Of the sequences that passed QC, 77,537 (0.27%) contained ribosomal RNA genes. Additionally, 13,037,285
sequences (45.70%) encoded predicted proteins with known functions, while 15,410,317 sequences (54.02%)
contained predicted proteins with unknown functions.
The average guanine-cytosine (GC) content of the DJS metagenome was 54% + 12%. Following quality
control, a total of 30,077,424 sequences remained, with an average length of 150 * 4 base pairs, resulting in a
total sequence output of 4,499,689,497 base pairs (Table 1, Fig.2).

1. Taxonomic hits distribution
The DJS metagenome represented a diverse sampling of hundreds of thousands of prokaryotic organisms,
primarily from the domains Bacteria and Archaea, spanning numerous genera. In this dataset, the majority of
sequences (67.70%) were affiliated with the domain Bacteria, while Archaea accounted for 31.68% (Fig.3).
Within the bacterial fraction, the phylum Bacteroidetes was the most dominant, contributing 28.06% of
sequences. This phylum is commonly associated with hypersaline sediments and soils and is known for its
ability to tolerate a wide range of salinity levels (Zhao et al., 2020). The second most abundant phylum was
Proteobacteria (22.65%), a group widely recognized as containing many halophilic species commonly found
in hypersaline environments (Lijuan et al., 2017), in agreement with previous findings (Gui et al., 2017).
At the genus level, Salinibacter was notably dominant, accounting for 40.97% of the identified genera. This
halophilic bacterium is known to be prevalent in hypersaline ecosystems (Viver et al., 2019). In contrast,
Firmicutes (6.47%) and Cyanobacteria (1.28%) were present in lower abundances, consistent with
observations from solar saltern environments (Yuan et al., 2019).
Within the archaeal fraction, the phylum Euryarchaeota was predominant. Notably, 36.38% of archaeal
sequences belonged to the family Halobacteriaceae, which accounted for 39.33% of the total archaeal
sequences. This is consistent with previous studies on sebkha soils in the Algerian Sahara (Quadri et al., 2016).
The archaeal genera Halorubrum (4.35%), Halorhodospira (4.38%), Haloarcula (2.72%), and Halorhabdus
(2.14%) were also detected in the DJS sample. Similar taxonomic compositions have been reported in Sebkha
Djendli (Menasria et al., 2018), other Algerian solar salterns (Sahli et al., 2020), and in the water and
sediments of two saline lakes in Algeria (Boutaiba et al., 2011).

2. Functional category hits distribution
The metabolic profiles for the DJS sample based on various databases were used for annotation of the
functional genes. Our findings suggested that the COG database shown had an inverse compared with NOG,
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where the distribution of predicted proteins involved in metabolism registered the high value (43,68 %). This
was the most predominant category, followed by cellular processes and signalling (21,08%), information
storage and processing (19.18%), and the last, poorly characterized proteins which were found at 16,04%
(Fig.4). In the NOG database, poorly characterized proteins were the most predominant (80,57 %), and lowest
presence category was detected at 5,92% engaged in metabolism. In the KO database, similar to the results
obtained using the COG database, proteins involved in metabolism (59,41 %) were the most predominant,
followed by genetic and environmental information processing (21,91% and 13,25% respectively). A total of
5.44% of the annotated sequences were distributed among functional categories related to cellular processes,
human diseases, and organismal systems. Functional classification using the subsystem database revealed that
carbohydrate metabolism was the most dominant category, accounting for 13.50% of the sequences. This was
closely followed by cluster-based subsystems, which represented 13.32% (Fig. 4). Other notable categories
included amino acids and derivatives (11.04%) and protein metabolism (8.46%), while all remaining
functional groups contributed less than 7% each.

Overall, the metabolic profiling indicated that sequences associated with carbohydrate metabolism were the
most abundant subgroup in the DJS metagenome. This high representation may reflect a significant
production of complex polysaccharides, commonly observed in hypersaline environments (Bhatt et al., 2013).
Furthermore, the presence of amino acid derivatives such as glutamic acid, glutamine, and glycine likely
reflects microbial strategies for osmotic adaptation through the biosynthesis of compatible solutes, a well-
documented survival mechanism in halophilic microorganisms (Mesbah et al., 2014).

Within the subsystem database, protein metabolism was found to intersect with several other functional
domains, including cofactor metabolism, nucleic acid metabolism (DNA and RNA), and membrane transport
(Fig. 4). These functional categories were specifically annotated through the subsystem-based approach.

This analysis underscores the fact that the composition and functional potential of the microbial community
are shaped by various environmental pressures such as temperature fluctuations, drought conditions, and
salinity variations. All those extreme conditions are able to make bacteria become more susceptible to
metabolic disorders. This leads to the creation of surprising mechanisms for adaptation and metabolisms
(McGenity and Sorokin 2019).

IV. CONCLUSION

In conclusion, the metagenomic analysis of a single sample from the DJS hypersaline habitat proved to be
both informative and practical, revealing complex microbial dynamics at multiple taxonomic and functional
levels. Our findings demonstrate that even a single environmental sample can yield a substantial volume of
genetic data, particularly regarding bacterial gene content.

The relative abundances of functional categories and predicted metabolic pathways, as inferred from the
metagenomic gene pool, provided valuable insights into the structure and potential activities of the microbial
community. Additionally, the integration of taxonomic profiling and functional annotation—achieved through
the MG-RAST analysis pipeline across multiple databases enabled a comprehensive characterization of the
microbial ecosystem present in the DJS metagenome.
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Fig.1: Workflow illustrating the analytical steps of the metagenomics study. Following sequencing, a series of
bioinformatics tools were utilized, and various analyses were performed using the MG-RAST server to obtain
taxonomic and functional profiles, including functional redundancy within each dataset.

Tablel: Statistical Analysis of the Metagenome Using MG-RAST
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Analysis Statistics

Upload: bp Count
Upload: Sequences Count
Upload: Mean Sequence Length

Upload: Mean GC percent

Artificial Duplicate Reads: Sequence Count

Post QC: bp Count
Post QC: Sequences Count
Post QC: Mean Sequence Length

Post QC: Mean GC percent

Processed: Predicted Protein Features

Processed: Predicted rRNA Features

Alignment: ldentified Protein Features

Alignment: Identified rRMA Features

5,773,553 587 bp
39,154,118

147 £ 9 bp

54 £12 %
6,604,204
4,499 689 497 bp
30,077,424

150 £ 4 bp
54+12%
22,788,145
40,571

7.411.103

13.379

W failed QC - 8,076,694 (23.18%)
M unknown - 1,552,285 (3.96%)
B predicted feature - 28,525,139 (72.85%)

I unknown protein - 15,410,317 (54.02%)
M annotated protein - 13,037,285 (45.70%)
M ribosomal RNA - 77 537 (0.27%)

Fig.2: The charts display a sequence breakdown at the top and predicted features at the bottom
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Bacteria - 6,216 682 (87.70%)

Archaea - 2,909,685 (31.68%)
Eukaryota - 30,302 (0.33%)

Viruses - 21,750 (0.24%)

unclassified sequences - 4,716 (0.05%)
other sequences - 88 (0.00%)

Euryarchaeota - 2,818 370 (36.38%)
Bacteroidetes - 2,175,224 (28.08%)
Protecbacteria - 1,755,217 (22.65%)
Firmicutes - 500,899 (6.47%)
Cyanobacteria - 98,945 (1.28%)
Actinobacteria - 71,109 (0.92%)
Thermotogae - 45 567 (0.59%)
Chloroflexi - 29,699 (0.38%)
Planctomycetes - 22 688 (0.29%)
unclassified (derived from Viruses) - 21,750 (0.28%)
Crenarchaeota - 18,100 (0.23%)
Deinococcus-Thermus - 17,303 (0.22%)
Chlorobi - 16,289 (0.21%)

Spirochaetes - 14,897 (0.19%)

Halobacteriaceae - 2,532,634 (39.33%)
Rhodothermaceae - 1,957,072 (30.39%)
Ectothiorhodospiraceae - 221,900 (3.45%)
Desulfohalobiaceae - 117,492 (1.62%)
Halanaerobiaceae - 109,592 (1.70%)
Rhodobacteraceae - 81,630 (1.27%)
Desulfovibrionaceae - 75,121 (1.17%)
Flavobacteriaceae - 52,011 (0.81%)
Desulfobacteraceae - 48,5663 (0.75%)
Thermococcaceae - 42,767 (0.66%)
Methanosarcinaceae - 37,918 (0.59%)
Rhodospirillaceae - 34,211 (0.53%)
Thermotogaceae - 34,055 (0.53%)
Clostridiaceae - 33,335 (0.52%)

Salinibacter - 1,853,385 (40.97%)
Halorubrum - 196,755 (4.35%)
Halorhodospira - 175,048 (3.87%)
Haloarcula - 125,986 (2.79%)
Halorhabdus - 96,688 (2.14%)
Natronomonas - 93,465 (2.07%)
Desulfovibric - 66,964 (1.48%)
Haloguadratum - 63,663 (1.41%)
Desulfonatronospira - 57,767 (1.28%)
Halanaerobium - 54 801 (1.21%)
Halomicrobium - 54,643 (1.21%)
Desulfohalobium - 53,083 (1.17%)
Halogeometricum - 49,159 (1.09%)
Haloferax - 46,605 (1.03%)

Fig. 3. Pie charts representing the taxonomic distribution of the DJS metagenome at the kingdom, phylum, family, and
genus levels.
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COG

METABOLISM - 3.126.401 (43 68%)

CELLULAR PROCESSES AND SIGNALING - 1,508,815
INFORMATION STORAGE AND PROCESSING - 1,372,87
POORLY CHARACTERIZED - 1,150.085 (16.07%)

Il POORLY CHARACTERIZED - 238,645 (80.57%)

B INFORMATION STORAGE AND PROCESSING - 21,04

I CELLULAR PROCESSES AND SIGNALING - 18,983

B METABOLISM - 17,522 (5.92%)

KO

W Wetabolism - 3,544,963 (59.41%)
Bl Genetic Information Processing - 1,307,327 (21.91%)
[l Environmental Information Processing - 790,424 (13.25%)
. Cellular Processes - 243,828 (4.09%)
[l Human Diseases - 64,153 (1.08%)
M Organismal Systems - 16,016 (0.27%)

Subsystems

Fig. 4. Pie charts showing the distribution of various functional category hits in the DJS metagenome, based on
annotations from the COG, NOG, KO, and Subsystems databases.

Carbohydrates - 2,080,651 (13.50%)
Clustering-based subsystems - 2,052,779 (13.32%)
Amino Acids and Derivatives - 1,701,843 (11.04%)
Protein Metabolism - 1,303,562 (8.46%)
Miscellaneous - 1,196,019 (7.76%)

Cofactors, Vitamins, Prosthetic Groups, Pigments - 1,118,6.
RNA Metabolism - 921,943 (5.98%)

DNA Metabolism - 659,819 (4.28%)

Cell Wall and Capsule - 540,210 (3.51%)

Fatty Acids, Lipids, and Isoprenoids - 532,456 (3.46%)
Respiration - 443,177 (2.88%)

Nucleosides and Nucleotides - 433,226 (2.81%)
Virulence, Disease and Defense - 361,649 (2.35%)
Membrane Transport - 342,177 (2.22%)
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