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The human gut harbors a complex and dynamic community of microorganisms collectively known as the gut microbiota, which 

plays a crucial role in maintaining host health. Advancements in the field of metagenomic analysis of the human gut microbiota, 

shedding light on its potential implications for human health. the study of the human gut microbiota through metagenomics has 

unveiled an astounding diversity of microbial species, encompassing bacteria, archaea, viruses, and eukaryotic microorganisms. 

The gut microbiota's composition varies significantly between individuals, influenced by factors such as diet, age, genetics, 

geographical location, and overall health status. Advances in sequencing technologies and bioinformatics tools have facilitated 

comprehensive profiling of the gut microbiome, enabling researchers to explore the intricate relationships between specific 

microbial taxa and their functions. The gut microbiota's influence extends beyond the gastrointestinal tract, impacting various 

physiological processes, including metabolism, neurodevelopment, and even mental health. Dysbiosis, an imbalance in the gut 

microbiota composition, has been associated with various health conditions such as inflammatory bowel diseases, obesity, diabetes, 

and allergies. In conclusion, metagenomic analysis of the human gut microbiota has revolutionized our understanding of the 

microbial world residing within us. This research has paved the way for personalized approaches to healthcare, such as targeted 

dietary interventions, fecal microbiota transplantation, and the development of novel therapeutics aimed at modulating the gut 

microbiota to promote health and combat disease. Continued research in this field promises to unlock new frontiers in microbiology, 

advancing our knowledge of the intricate relationship between humans and their gut microbial companions. 
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Introduction 

Microorganisms are present in this universe from the creation of the world, they are 3.5 billion years old.1 Scientists 

believed that the human body made up of different types of microorganism or on different locations in our body. These 

different locations in our body might be some respiratory tract, lungs, gastrointestinal tract, skin and blood of the 

human body. These microorganisms affect the efficiency of different functions, a process in our body and also 

somehow they are necessary for our life. Now you are able to check out all the process and problems which occur in 

our body.2 Microbes are the essential and key elements of the worlds. According to the researchers, these microbes 

are a basic part of performing the function in this universe. The microbes are present in our body at different places, 

we cannot see them with a naked eye. Microbes that are the basic/essential part of our environment will carry out most 

of the processes which occur in nature. 

Metagenomics is the genomics analysis of microorganism by in an environmental sample. Another definition of it, 

metagenomics tells us about the presence and non-presence of microbes and their genomic potential. The development 

of the metagenomics is due to the certain evidence of the uncultured microorganisms. The evidence about the 

uncultured microorganism is derived from analysis of 16S rRNA gene which is amplified from the environment. 

Metagenomics provided a way to study the physiology and ecology of environmental microorganisms. Through 

metagenomics, you are able to find the novel genes and their products.4 Metagenomics, still a new field of to find 

uncultured microorganism and it is also produced well knowledge about the microbial communities. All 

metagenomics process will occur in the same way. Firstly, DNA is extracted. Secondly, the mixed sample could be 

analyzed or cloned. Then creating the libraries of these cloned genomes group and studied these libraries in different 

ways. The world of metagenomics is so far being very large in itself like the microbiology. Recent developments in 

genomic technologies have enabled the creation of innovative approaches to environmental health monitoring and risk 

assessment. In contrast to more traditional investigations, which can be specific to species and genes, high throughput 

sequencing of entire microbial communities provides snapshots of network and functional composition on a global 

scale.5 

Since there have been millions of years, human and gut microbiota, which refers to the entire population of 

microorganisms that populate the gastrointestinal system, have developed in each other. As a consequence of this, 

humans are reliant on certain bacteria for the provision of essential nutrients for their diet, the formation of their 

immune systems, and the provision of protection against opportunistic diseases. There are broad links between the 

properties of the microbiome and the host genotype, despite the fact that the structure and composition of a person's 

gut microbiota exhibit a great amount of change. The human microbiome is a potentially adaptable phenotype that has 

significant consequences for human health, as indicated by patterns of disease and exposure to maternal microbiota6-

8. In spite of the lack of microbial diversity, developed countries nearly universally gift a marked reduction in the 

occurrence of human gut parasites. This is a gift from evolution9. Studies examining the role that parasites play in 
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forming the intestinal microbiota are scarce, despite the fact that it is estimated that 3.5 billion people throughout the 

world are infected with at least one parasite (either a protozoan or a helminth)  10. Yet, at some point in the course of 

evolution, intestine microbes and gut-living parasites have co-inhabited the human gastrointestinal tract. Furthermore, 

it is likely that the community dynamics are determined by using cutting-edge and beyond interactions (both 

throughout a person's lifespan and in the course of evolutionary records) among microbiota, protozoa, helminths, and 

the host immune reaction11,12. 

Methodology 

Sample Retrieval 

Sample retrieval is the first step in metagenomics undertaking. There are different unique data containing sites, from 

wherein we collect our data. One of them is the SRA database. SRA database is available in NCBI (National Center 

for Biotechnology Information). NCBI contains information about different databases relevant to biotechnology, 

biomedicine and bioinformatics. The accession number of our SRA data set was #ERR261975. 

Sample Processing 

In the process of metagenomic analysis, the preprocessing of collection reads prior to assembly, gene prediction, and 

annotation is an important step that is frequently skipped over. The bottom calling of the raw data that is produced by 

the sequencing machines is one of the steps included in preprocessing. Other steps include the elimination of cloning 

vector collection through vector screening, the removal of low-best bases through best trimming (which is determined 

by using base calling), and the elimination of verifiable collection contaminants through contaminant screening. The 

process of removing cloning vector sequences from base-referred to as series reads is referred to as vector screening. 

In metagenomic information units, the complete and accurate deletion of cloning vector series is especially significant 

since those record sets frequently contain large sections of extremely low coverage, and each read uniquely reflects a 

portion of a genome. since of this, it is especially vital to get rid of cloning vector series in the right way. The coming 

together of these data without first vector trimming can result in the formation of chimera contigs. In these contigs, 

the vector collection, which is typical of most reads, functions to bring together sequences that are not connected to 

one another. 

The SRA data set is extracted in Galaxy Europe (https://usegalaxy.eu) from NCBI. Galaxy is a popular genomic 

workbench that is accessible on the web. It gives users the ability to do computational analysis of genomic data 15. 

Any researcher with Internet connection can use the analysis tools, genomic data, tutorial demonstrations, persistent 

workspaces, and publication services that are made accessible via the public Galaxy service. Downloading the Galaxy 

application and modifying it to address specific requirements allows users to set up their own local Galaxy servers. 

Galaxy has cultivated a huge community of contributors consisting of both users and programmers. This program 

retrieves information from the NCBI's Short Read Archive (SRA) and saves it in the FASTQ file format. It derives its 

functionality from the FASTQ-dump software that is included in the SRA Toolkit 17. The program will automatically 

get data for you when you type a single accession number into the box labeled Accession and click the Execute button. 

It is important to keep the following points under consideration, 

https://usegalaxy.eu/


Journal of Pharmaceutical Negative Results ¦ Volume 14 ¦ Issue 04 ¦ 2023 
654 

 

• If data is paired-ended (or mate-paired) the tool will generate a single Interleaved dataset, in which forward 

and reverse mates are alternating. 

• If data is single ended, a standard single FASTQ dataset will be produced. 

Raw sequence data that is being produced by high throughput sequencing pipelines can be checked for quality using 

FastQC, which is designed to make the process of doing so as straightforward as possible. This program provides a 

modular set of analyses, which may be utilized by us to get a rapid picture of whether or not our data has any flaws of 

which we should be aware before undertaking any additional study. Picard-tools libraries, which are used for 

SAM/BAM processing, are incorporated into FastQC as well. As the input read file that needs to be checked, FastQC 

will check a Galaxy FASTQ, fastq.gz, sam, or bam file. Additionally, it will take an optional file that has a list of 

contaminants' information. This file will be tab-delimited and will have two columns: the name of the contaminant 

and its sequence. The program additionally accepts a user-defined limits.txt file as an additional configuration option. 

This file allows the user to establish the warning thresholds for the various modules and also specifies which modules 

should be included in the output. The FASTQ splitter is applied to the joined paired-end readings as the sample is 

being paired. It does so by dividing a single FASTA dataset that represents paired-end run into two separate datasets, 

one for each end of the run. This tool is only useful for datasets in which both ends have the same amount of 

information. In order to distinguish between the split left-hand and right-hand readings, sequence identifiers will be 

prefixed with either a /1 or /2. 

Assembly 

The term "assembly" refers to the process of reconstructing genomes from smaller pieces of DNA, known as "reads," 

which are produced as a byproduct of a sequencing experiment 20. The assembly of short read fragments will be 

performed in order to obtain larger genomic contigs if the research intends to recover the genome of uncultured 

organisms or obtain full-length CDS for further characterization rather than providing a functional description of the 

community. This will be the case if the research is being conducted. There are two primary methods that are typically 

employed when putting together sequences 21,22. The overlap-based strategy, also known as the traditional overlap 

layout consensus (OLC) method, the more sophisticated string graph, and the de Bruijn graph approach, which is used 

more frequently. Both methods make use of a data structure known as a "graph," which represents all of the 

connections (edges) between the many fundamental sequence elements, such as reads, that are extracted from the 

sequence dataset. Reads are referred to as nodes. The assembly of lengthy sequencing reads is where overlap-based 

algorithms shine, however when applied to high throughput short read sequencing data, it was shown that these 

approaches are computationally too expensive to be practical. On the other hand, techniques based on De Bruijn graphs 

made it possible to assemble short read data in an effective manner .23,24. On galactic Europe, I assembled a unicycle, 

a spade, and a shovel using the respective assemblers 25. 

The Unicycler pipeline is a hybrid assembly method that is used for bacterial genomes. To build accurate and 

comprehensive assemblies, it employs both the short reads produced by Illumina and the long reads produced by Pac 

Bio or Nano pore. Unicycler takes inputs in the form of short reads generated by Illumina and saves them in FASTQ 
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format. Galaxy requires that they be in FASTQ format with Sanger encoding of the quality ratings as an additional 

requirement. Long readings obtained from either Oxford Nano pore or Pac Bio can be in either the FASTQ or FASTA 

format. The genomes of individual bacteria are pieced together by Shovill using Illumina's paired-end reads. For 

Illumina whole genome sequencing data from bacteria and many other tiny organisms, the SPAdes genome assembler 

has emerged as the de facto standard de novo genome assembler. SPAdes was a significant advancement when 

compared to earlier assemblers such as Velvet; nonetheless, some of its components can be sluggish, and it has 

typically been unable to deal with overlapping paired-end readings in an effective manner26. 

SOAPdenovo and SOAPdenovo2 is a component of the Short Oligonucleotide Analysis Kit and served as the 

primary focus of its development when it was first conceived for single genome assemblies. 27In order to accommodate 

a variety of k-mer lengths, two distinct variations of the assembler have been designed. The first version is limited to 

k-mer lengths that are relatively small, but it has the benefit of consuming less memory. The second version, on the 

other hand, takes k-mer lengths that are as long as 128 characters. Their method is de Brujin single k-mer and read 

pair format is interleaved or separate. Multiple libraries and extensive instructions for this tool are also available and 

are well documented. A wide range of input sequence file format is accepted by it. 

IDBA-UD is a collection of distinct de Bruijn graph-based assemblers, each of which is dedicated to performing a 

certain function28.  By splitting the assembly graph, this program makes an effort to preserve and rebuild minute 

differences between sub-strains that are closely related to one another. This assembler has a feature called the multi 

k-mer assembly technique. This approach iterates through a variety of different k-mer values in an effort to enhance 

the de Bruijn graph and the assembly that is produced as a result. IDBA-UD is unusual among assemblers that are 

based on the de Bruijn graph because it supports even values for the k-mer length k, which are typically avoided 

because of the possibility that palindromes would occur. However, there is no program manual can be found, and the 

product itself is not well documented. It would have been more useful if it accepted FASTQ, which is the most 

prevalent sequence file type, however it only accepted FASTA files instead of any other format. Despite that, this 

instrument had a great deal of success in the assembly industry, which led to its widespread adoption. 

Ray Meter The de Bruijn graph-based assembler is known as Meta, and it did not make use of predefined coverage 

cut-offs. Instead, it examines the k-mer coverage the distribution in the dataset to describe the minimum coverage 

value (for which the majority of k-mers can still be expected to be correct), and the average coverage value (displayed 

by the majority of k-meters) individually for each continuous read path within the de Bruijn graph. This is done so 

that the minimum coverage value and the average coverage value can be compared to one another. The assembler is 

compatible with mate-paired, paired-end, and single-end libraries that are provided in a wide variety of file and 

compression formats. In addition, a number of helpful built-in options for downstream analysis are provided, such as 

the ability to identify reference species and determine their relative abundance. A value that must be supplied in order 

for compilation and installation to take place is what places a limit on the longest possible k-mer30. 

The only assembly tool in this comparison that is not a de Bruijn graph-based assembler is Omega31. The other tools 

are all de Bruijn graph-based. In its place, it makes use of an approach known as overlap-based string graph, which is 
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often utilized for the construction of long sequencing read data. For efficient and computationally competitive 

handling of high throughput sequencing datasets, its overlaps are recognized by employing indexed tables of reading 

prefixes and suffixes of prescribed length. This allows for faster processing. By adopting the string graph approach, it 

is possible to cope with short read lengths from Illumina and the associated challenges with repeat resolution in a 

manner that is analogous to that of the de Bruijn graph approach. Only the FASTA and FASTQ file formats are 

acceptable for input reads32. 

Megahit employs a newly developed data structure, the "succinct de Bruijn graph", which substantially reduces 

memory requirements. The default cut-off value is 2, so k-mers that occur at least twice are selected while singleton 

k-meters are discarded. Megahit accepts single and paired-end readings in compressed and uncompressed, FASTA or 

FASTQ format, and also supports piping input data from standard input. Its usage is simple and well-documented, and 

issues can be addressed via email forum or the GitHub page for the project. The k-mer figure can be adjusted between 

15 and 127 characters in length34. SPAdes was first intended for single-cell sequencing data, and it was developed to 

address two key challenges that arise with single-cell sequencing data. These concerns include the unequal read 

coverage of amplified DNA and the requirement to detect and resolve chimera sequences. SPAdes was developed to 

address these issues. But while being based on de Bruijn graphs, it has a significant memory consumption. By default, 

Bayes Hammer is used to correct Illumina reads before they are assembled, and an iterative multi-k-mer method that 

is very similar to IDBA-UD is utilized. Unlike most assemblers, which implement paired-end information for 

simplification steps following standard de Bruijn graph construction, SPAdes directly incorporate this data in the 

graph by using k-bimers, which are sets of k-mers taken from reading pairs and separated by an estimated distance 

value. In contrast, most assemblers implement paired-end information for simplification steps after standard de Bruijn 

graph construction. Afterwards, SPAdes will iteratively correct and alter the distance estimation of each k-bimer. This 

will allow for the non-uniform insert length distribution that is present in the majority of shotgun sequencing libraries 

to be taken into consideration. The k-mer range for the iterative creation of a de Bruijn graph is computed automatically 

based on the reading duration and the sequence data type. However, the k-mer range can also be defined directly, 

utilizing k-mers with a length of up to 128 base pairs. It is able to process a wide variety of data types and formats in 

either their compressed or uncompressed forms35. 

Pipelines A great number of the aforementioned tools have been combined into freely accessible pipelines, which 

integrate assembly with initial read processing or later analysis processes. These pipelines are available to the public. 

MetAMOS39 is a modular framework for metagenome assembly, analysis, and validation. It is one of these pipelines 

that is among the most helpful and adaptable of these pipelines. MOCAT is a different pipeline that can handle quality 

trimming, decontamination, assembly, assembly revision, and gene prediction. However, in comparison to 

MetAMOS40, MOCAT has significantly less flexibility. It was released before SOAPdenovo2 was published, and it 

contains SOAPdenovo versions 1.05 and 1.06 as integral assembly components, making use of optimized parameters 

and enhanced error correction, in addition to scaffolding phases. 
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The "divide and conquer" strategy was utilized in the creation of the SLICEMBLER41 pipeline, which was designed 

for ultra-deep sequencing datasets. The read dataset is then partitioned into subgroups of equal size, each of which is 

assembled independently using an assembler of the user's choosing. After that, the components are coupled with one 

another and rebuilt in an iterative manner.  Both the well-known IMG/M42 and MG-RAST43 metagenome sequence 

databases are equipped with integrated pipelines for the analysis of metagenomes. There is also a great deal more 

pipelines available, and continuous construction is being done on new ones. However, a fundamental understanding 

of the Unix bash scripting language is all that is required to set up personal pipelines, which not only ensures complete 

control over the entire workflow but also makes it possible to cater to individual requirements and answer certain 

biological concerns. 

The process of connecting a certain sequence with an organism is referred to as "binning." For the purpose of binning, 

we made use of the PATRIC metagenomic binning service. The Pathosystem Resource Integration Centre is an all-

bacterial Bioinformatics Resource Centre (BRC) (http://www.patricbrc.org). This information may be found on their 

website. PATRIC was initially responsible for storing and combining data on eight distinct bacterial and viral pathogen 

families. This allowed PATRIC to provide researchers with thousands of reliably annotated bacterial genomes, 

integrate the accompanying omics data, and provide a site with analysis tools to promote research into infectious 

diseases. PATRIC uses automated scripts for the gathering and assimilation of data in order to obtain genomes from 

GenBank and RefSeq on a monthly basis. Either reads or contigs are obtained by the Metagenomic Binning Service, 

which then makes an effort to "bin" the data into a collection of genomes. The bacterial and archaeal genomes 

contained in environmental samples can be reconstructed with the help of this service. The PATRIC workspace is 

where the input to the binning service needs to be located. Either paired reads of assembly from us, or assembled 

contigs from another source, are acceptable alternatives44. 

Phylogenetic analysis 

Phylogenetic analysis is performed to find the evolutionary relationship among species. First of all, Multiple Sequence 

alignment is performed using MEGAX(Molecular Evolutionary genetics analysis) software 49 and then the 

phylogenetic tree is also constructed in it. Then iTOL is used for tree annotation. Another method for this purpose is 

to do “Taxonomic Classification” by the assembled files or from accession number of SRA, which also includes the 

phylogenetic tree of the species and Taxonomy. 

Results 

Description of the sample 

We analyzed our sample from the southwest Cameroon rural area. The common age of the player is 50-70 years. This 

pattern therefore no longer handiest having the subsistence mode however also have the genetic records. We choose 

this area and pattern from there's because the preceding paintings are completed to many years ago, based totally on 

the dietary questionnaires and isotopes evaluation, showed they have wonderful dites. There are different other 
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samples are present but we get one of them to study its taxonomy and other features of it. We get the sample raw reads 

from the SRA database in the NCBI, where these data set are present and many other volunteers use this in their 

studies.  The data which we get from SRA database its accession number is ERR2619756. 

Quality Check and removal of low-quality reads 

We upload our records at the galaxy server and follow a few tools on it. We take a look at the excellent of our reads 

record by the use of “FASTQC” (Figure 1). This tool gets the file in the form of paired reads. In the output, it shows 

the graph approximately the fine of your study document. The quality graph of our data shown below in the figure. 

Then we use “SICKLE” use to remove the low-quality reads from our data set. After that, we use “SPLITTER” to 

separate our forward and reverse data file set. It gives us a way to easily manage our obtained sequence file from this 

tool. This tool also made two separate files of our data set so we can easily manage it well.  

 

Figure 1: FASTQC quality checking graph of the sample 

Assembly 

It is the next step closer to our result. In this, there are specific tools on galaxy Europe to carry out assembly of your 

terrific reads. We deliver separate reads report to any of the tools and it gives us one output report with the aid of 

combing these two reads report.  We used “SPADES” assembler and locate it good amongst all the different assembly 

tools. You also performed assembly in “PATRIC”. PATRIC is better than “SPADEs” for short length reads. The 

resultant file of the assembly gives us the contigs.   
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Binning 

After assembled our files with Galaxy Europe download and upload on the PATRIC for the binning purpose. There 

are some parameters which we follow while performing the binning of our data. 

• Completeness >=80% 

• Fine consistency >=87% 

• Contamination =<10% 

• A single PheS protein 

In the result of binning we get a different number of bins for a single file, there may be bad bins (Table 2) or good 

bins (Table 1). 

Table 1: Good bin extracted from the data 
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Bad bins or genomes are in data which didn’t meet the requirements of the server. We found 11 bad in the sample 

mean the 11 genomes which exist in our data but the binning parameters didn’t fulfil. 

Table 2: Bad bin extracted from the sample 
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https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.9.2053619/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.9.2053619/GenomeReport.html
https://www.patricbrc.org/view/Genome/2053619.53
https://www.patricbrc.org/view/Genome/2053619.53
https://www.patricbrc.org/view/Genome/2053619.3
https://www.patricbrc.org/view/Genome/2053619.3
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.6.1262929/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.6.1262929/GenomeReport.html
https://www.patricbrc.org/view/Genome/1262929.313
https://www.patricbrc.org/view/Genome/1262929.313
https://www.patricbrc.org/view/Genome/1262929.3
https://www.patricbrc.org/view/Genome/1262929.3
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https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.12.2049022/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.12.2049022/GenomeReport.html
https://www.patricbrc.org/view/Genome/2049022.261
https://www.patricbrc.org/view/Genome/2049022.261
https://www.patricbrc.org/view/Genome/2049022.3
https://www.patricbrc.org/view/Genome/2049022.3
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.7.1262930/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.7.1262930/GenomeReport.html
https://www.patricbrc.org/view/Genome/1262930.126
https://www.patricbrc.org/view/Genome/1262930.126
https://www.patricbrc.org/view/Genome/1262930.3
https://www.patricbrc.org/view/Genome/1262930.3
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.3.2079531/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.3.2079531/GenomeReport.html
https://www.patricbrc.org/view/Genome/2079531.161
https://www.patricbrc.org/view/Genome/2079531.161
https://www.patricbrc.org/view/Genome/2079531.3
https://www.patricbrc.org/view/Genome/2079531.3
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.2.2022527/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.2.2022527/GenomeReport.html
https://www.patricbrc.org/view/Genome/2022527.433
https://www.patricbrc.org/view/Genome/2022527.433
https://www.patricbrc.org/view/Genome/2022527.3
https://www.patricbrc.org/view/Genome/2022527.3
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.4.360807/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.4.360807/GenomeReport.html
https://www.patricbrc.org/view/Genome/360807.857
https://www.patricbrc.org/view/Genome/360807.857
https://www.patricbrc.org/view/Genome/360807.4
https://www.patricbrc.org/view/Genome/360807.4
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.10.626940/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.10.626940/GenomeReport.html
https://www.patricbrc.org/view/Genome/626940.990
https://www.patricbrc.org/view/Genome/626940.990
https://www.patricbrc.org/view/Genome/626940.20
https://www.patricbrc.org/view/Genome/626940.20
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.5.1262925/GenomeReport.html
https://www.patricbrc.org/view/Genome/1262925.262
https://www.patricbrc.org/view/Genome/1262925.262
https://www.patricbrc.org/view/Genome/1262925.3
https://www.patricbrc.org/view/Genome/1262925.3
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.8.2292365/GenomeReport.html
https://www.patricbrc.org/view/Genome/2292365.102
https://www.patricbrc.org/view/Genome/2292365.102
https://www.patricbrc.org/view/Genome/2292365.3
https://www.patricbrc.org/view/Genome/2292365.3
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.11.2292054/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.11.2292054/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.11.2292054/GenomeReport.html
https://www.patricbrc.org/view/Genome/2292054.53
https://www.patricbrc.org/view/Genome/2292054.53
https://www.patricbrc.org/view/Genome/2292054.3
https://www.patricbrc.org/view/Genome/2292054.3
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-

21

08 

165179

.2239 

Prevotella 

copri clonal 

population 

16517

9.39 

16517

9.408 

97.0 68.1 97.4 76.5 517

6 

1327

5232 

563

6 

54.66 

Succinivibrio 

Succinivibrio is rod-shaped motile organisms with polar flagella. They have a curved spiral shape. Succinivibrio is 

anaerobic bacteria that ferment glucose and they obtain nitrogen through ammonia. Succinivibrio has been shown to 

cause disease, but they are rarely pathogenic in humans. 

Table 3: Feature view of Succinivibrio from PATRIC 

Geno

me 

ID 

Accessi

on 

Feature ID Featu

re 

Type 

St

ar

t 

E

n

d 

AA 

Leng

th 

Product 
     

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.1947.247

1.fwd 

CDS 1

9

4

7 

2

4

7

1 

174 Pyruvate:ferredoxin oxidoreductase, 

gamma subunit (EC 1.2.7.1) 

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.2481.276

8.fwd 

CDS 2

4

8

1 

2

7

6

8 

95 Pyruvate:ferredoxin oxidoreductase, 

delta subunit (EC 1.2.7.1) 

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.2768.392

8.fwd 

CDS 2

7

6

8 

3

9

2

8 

386 Pyruvate:ferredoxin oxidoreductase, 

alpha subunit (EC 1.2.7.1) 

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.3931.481

8.fwd 

CDS 3

9

3

1 

4

8

1

8 

295 Pyruvate:ferredoxin oxidoreductase, 

beta subunit (EC 1.2.7.1) 

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.4827.615

8.fwd 

CDS 4

8

2

7 

6

1

5

8 

443 Coenzyme A 

ligase 

    

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.6265.781

8.rev 

CDS 6

2

7

8

517 Na+/H+ 

antiporter 

    

https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.1.165179/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.1.165179/GenomeReport.html
https://patricbrc.org/workspace/Soban_Saeed@patricbrc.org/home/Patric/.contg11/.bin.1.165179/GenomeReport.html
https://www.patricbrc.org/view/Genome/165179.2239
https://www.patricbrc.org/view/Genome/165179.2239
https://www.patricbrc.org/view/Genome/165179.39
https://www.patricbrc.org/view/Genome/165179.39
https://www.patricbrc.org/view/Genome/165179.408
https://www.patricbrc.org/view/Genome/165179.408
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6

5 

1

8 

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.648.1583

.fwd 

CDS 6

4

8 

1

5

8

3 

311 Methionine biosynthesis and transport 

regulator MtaR, LysR family 

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.7925.890

5.rev 

CDS 7

9

2

5 

8

9

0

5 

326 hypothetical protein 
   

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.90.527.re

v 

CDS 9

0 

5

2

7 

145 Iron-sulfur cluster regulator 

IscR 

  

2053

619 

QAMS

010000

01 

PATRIC.2053619.3.QAM

S01000001.CDS.9343.956

1.fwd 

CDS 9

3

4

3 

9

5

6

1 

73 hypothetical protein 
   

 

Prevotella 

Prevotella is a genus of Gram-negative bacteria. Prevotella spp. are members of the oral, vaginal, and gut microbiota 

and are often recovered from anaerobic infections of the respiratory tract. These infections include aspiration 

pneumonia, lung abscess, pulmonary empyema, and chronic otitis media and sinusitis. 

Table 4: Feature view of Prevotella 

Genome Feature 

Type 

Start End Len

gth 

Stra

nd 

FIGfa

m ID 

AA 

Len

gth 

Product 
     

Prevotella 

sp. 

CAG:520 

CDS 1620 206

6 

447 - 
 

148 hypothetical protein 
   

Prevotella 

sp. 

CAG:520 

CDS 450 159

8 

114

9 

- 
 

382 hypothetical protein 
   

Prevotella 

sp. 

CAG:520 

CDS 10010 102

91 

282 - FIG00

01874

1 

93 ATP-dependent Clp protease adaptor 

protein ClpS 
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Prevotella 

sp. 

CAG:520 

CDS 10393 114

30 

103

8 

- FIG00

93786

6 

345 hypothetical protein 
   

Prevotella 

sp. 

CAG:520 

CDS 11804 128

62 

105

9 

- FIG00

63828

4 

352 hypothetical protein 
   

Prevotella 

sp. 

CAG:520 

CDS 1254 271

4 

146

1 

- FIG00

00175

0 

486 Carbon starvation protein A 
   

Prevotella 

sp. 

CAG:520 

CDS 13201 139

29 

729 - FIG01

22851

7 

242 hypothetical protein 
   

Prevotella 

sp. 

CAG:520 

CDS 2880 320

0 

321 + FIG00

00963

7 

106 PaaD-like protein (DUF59) involved in 

Fe-S cluster assembly 

Prevotella 

sp. 

CAG:520 

CDS 3311 407

5 

765 + FIG00

00094

3 

254 UDP-2,3-diacylglucosamine 

diphosphatase (EC 3.6.1.54) 

Prevotella 

sp. 

CAG:520 

CDS 4233 531

8 

108

6 

- FIG00

00005

5 

361 Tryptophanyl-tRNA synthetase (EC 

6.1.1.2) 

 

Prevotella 

sp. 

CAG:520 

CDS 461 117

7 

717 + FIG00

03743

1 

238 UPF0758 family protein 
   

Prevotella 

sp. 

CAG:520 

CDS 5451 690

2 

145

2 

- FIG00

01656

6 

483 Arylsulfatase (EC 3.1.6.1) 
   

Prevotella 

sp. 

CAG:520 

CDS 6889 708

6 

198 - 
 

65 hypothetical protein 
   

Prevotella 

sp. 

CAG:520 

CDS 7134 778

4 

651 - FIG00

00074

8 

216 Leucyl/phenylalanyl-tRNA--protein 

transferase (EC 2.3.2.6) 

Prevotella 

sp. 

CAG:520 

CDS 7796 100

06 

221

1 

- FIG00

01400

0 

736 ATP-dependent Clp protease ATP-

binding subunit ClpA 
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Prevotella 

sp. 

CAG:520 

CDS 1 87 87 - 
 

29 hypothetical protein 
   

Catenibacterium  

Catenibacterium is a Gram-positive, non-spore forming and anaerobic genus from the family Erysipelotrichidae, with 

one known species. It is a Gram-positive, non-spore forming and anaerobic genus from the family Erysipelotrichidae, 

with one known species. 

Table 5: Feature view of Catenibacterium 

Genome Featu

re 

Type 

Start End Stra

nd 

AA 

Leng

th 

Product 
       

Catenibact

erium sp. 

strain 

UBA9492 

CDS 235

6 

2577 + 73 hypothetical protein 
     

Catenibact

erium sp. 

strain 

UBA9492 

CDS 134

2 

1563 + 73 Protein translocase membrane 

subunit SecG 

   

Catenibact

erium sp. 

strain 

UBA9492 

CDS 161

5 

3744 + 709 3'-to-5' exoribonuclease 

RNase R 

    

           

Catenibact

erium sp. 

strain 

UBA9492 

CDS 375

0 

4196 + 148 tmRNA-binding 

protein SmpB 

     

Catenibact

erium sp. 

strain 

UBA9492 

CDS 1 1209 + 402 Hydrolase (HAD superfamily) in 

cluster with DUF1447 
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Catenibact

erium sp. 

strain 

UBA9492 

CDS 125

7 

2123 + 288 Permease of the drug/metabolite 

transporter (DMT) superfamily 

 

Catenibact

erium sp. 

strain 

UBA9492 

CDS 214

2 

3485 - 447 hypothetical protein 
     

Catenibact

erium sp. 

strain 

UBA9492 

CDS 362

5 

4848 + 407 hypothetical protein 
     

Roseburia inulinivorans 

Roseburia inulinivorans is a bacterium first isolated from human faeces. It is anaerobic, gram-positive or gram-

variable, slightly curved rod-shaped and motile. The cell range in size from 0.5-1.5 to 5.0 micrometers. A2-194 is the 

type of strains. 

Table 6: Feature view of Roseburia inulinivorans 

Genome Accessio

n 

Featur

e Type 

Star

t 

End Str

and 

AA 

Lengt

h 

Product 
     

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 100

555 

101

769 

- 404 Isocitrate dehydrogenase [NADP] (EC 

1.1.1.42) 

 

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 101

815 

102

477 

- 220 Transcriptional regulator, GntR 

family 

  

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 102

480 

103

943 

- 487 Re face-specific citrate synthase (EC 

2.3.3.3) 

 

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 107

898 

109

988 

- 696 Elongation factor G-like protein 

TM_1651 

  

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 110

376 

111

470 

+ 364 Prephenate dehydrogenase (EC 

1.3.1.12) 

  

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 111

500 

112

456 

- 318 Fructokinase (EC 2.7.1.4) 
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Roseburia 

inulinivorans 

CYXX01

000001 

CDS 112

518 

114

035 

- 505 beta-fructofuranosidase (EC 

3.2.1.26) 

  

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 114

052 

115

722 

- 556 Sucrose ABC transporter, substrate-

binding protein 

 

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 115

39 

125

22 

+ 327 LSU rRNA pseudouridine(955/2504/2580) 

synthase (EC 5.4.99.24) 

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 115

741 

116

637 

- 298 Sucrose ABC transporter, permease 

protein 2 

 

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 116

650 

117

588 

- 312 Sucrose ABC transporter, permease 

protein 1 

 

Roseburia 

inulinivorans 

CYXX01

000001 

CDS 117

845 

118

870 

+ 341 Sucrose operon repressor ScrR, LacI 

family 

 

Phylogenetic tree Construction 

Phylogenetic analysis is for checking the relatedness among the different biological species. The tree graphically 

represents the evolutionary relationship among the different species and organisms. For the taxonomy classification, 

we construct a phylogenetic tree of our SRA raw-reads data set. 

Here in the conclusion of our report, we have investigated the taxonomical and functional diversity (Figure 2), as well 

as to unveil the interactions between the eukaryotic and prokaryotic components of the human gut microbiota. We 

take previously records set from SRA database. Then upload it in galaxy Europe to perform exclusive tools in step 

with our requirements. First test the satisfactory of our records set by the usage of FASTQC. We set the parameters 

of this device and then add our file there. In the output, it offers us two different documents. Then we use tool for 

trimming of our statistics to separate paired give up files. We apply this tool to the first file of our data set. For this, 

we use splitter. Then appearing the assembly of our resultant file with any of the given equipment in the galaxy Europe. 
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Figure 2: Phylogenetic tree of the sample 

For assembly we also set the parameters and give the reads record to the assembler and in end result it deliver us the 

contigs record. Simply down load this contigs and record and upload it on PATRCI for metagenomic binning.  When 

we get effects from this report, we interpret our end result by way of the documents and the defaults parameters of 

this equipment. In the PATRIC, we also make the phylogenetic tree of our data set. This show the graphical 

representation of our genome and its sub divisions. And at last we interpret our data using the default parameters of 

all the tools and then write the result of our report 
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