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1 Introduction 
Microbes distribute ubiquitously in natural communities. Expanding from skin to gut, 
ranging from air in mountain area to mud in deep sea and dwelling across iced lake to 
volcano, the wildly spread microorganisms contribute a lot to the environment. Since 
the invention of microscope by Antoni van Leeuwenhoek several centuries ago, the 
traditional and powerful researching strategy in microbiology is culturing. Limited by 
the small percentage, 0.1%~1%, of all microorganisms in nature which can be 
successfully cultured in laboratory, these huge abundant resources remained unutilized. 

Metagenomics is a strategy first proposed by Handelman to directly study the through 
genomic information contained in the samples. It was further defined by Kelvin that it 
is a discipline about studying the microbial community via genomics methods to 
circumvent the culturing step. It avoid culturing the microbe in the samples, provide a 
method to study microbes that can’t be cultured, more truly react the component and 
interaction of microbes in the samples, and we can study it’s metabolic pathway and 
gene function in molecule level. 

With the rapid development of sequencing technology and informatics technology, 
metagenomics studies with Next Generation Sequencing (NGS) is a fundamental 
strategy to study the community diversity and characteristics being famous for its 
ability to get tremendous data and abundant information. More and more far-reaching 
projects have utilized NGS in their research, like the Human Microbiome Project (HMP, 
http://www.hmpdacc.org/) and Earth Microbiome Project (EMP, http:// 
www.earthmicrobiome.org/).

2 Workflow 

2.1 Library construct and sequencing 

Figure 2.1 Experimental workflow of metagenomic sequencing 

2.2 Bioinformatics analyze pipeline 
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Figure 2.2 Workflow of Bioinformatics Analysis 

3 Results 

3.1 Data Pre-processing 
Raw data from Illumina HiSeq platform sequencing exist a certain percentage of low 
quality data, to ensure the accuracy and the reliability of following information analysis, 
the initial step of metagenomic data analysis requires the execution of certain pre-
filtering steps, and clean data is obtained. The protocols of data pre-processing are as 
the following: 
1) Eliminate reads whose low-quality nucleotides (Q-value ≤ 38) exceed certain



threshold (40bp by default); 
2) Eliminate reads which contain N nucleotides over certain threshold (10bp by default);
3) Eliminate reads which overlap with adapter over certain threshold (15bp by default);
4) If the sample exist contamination, they need to be blasted with host database, to filter
reads which are probably come from the host (use SoapAligner by default, and the
default arguments are: identity ≥ 90%, -l 30, -v 7, -M 4,-m 200,-x 400).

Steps above are all for read1 and read2 analysis. Data pre-processing statistics result is 
as table 3-1, for more detail information, please click QC_Report. 

Table 3.1 Statistics for Data Pre-processing 

Note: 

The contents in the above table titled #sample, InsertSize, RawData, CeanData, Clean_Q20,Clean_Q30, Clean_GC(%), 

Effective(%) means samples’ name, the fragments’ length used in contructing sequencing library(bp), the data size of raw data, 

data volume remained after QC steps, the percentage of bases whose quality scores are greater than 20 or error rate is less than 

0.01, the percentage of bases whose quality scores are greater than 30 or error rate is less than 0.001, the GC content, the ratio of 

the CleanData over the RawData. 

3.2 Metagenome Assembly 
1) Clean Data is assembled by SOAP denovo software;
2) Different K-mers are chosen for each individual sample for assembly (49,55,59
chosen as default). The result with the longest N50 is defined as the final result for
assembly;
3) The Scaffolds are interrupted at N to get Scaftigs (continuous sequences within
scaffolds);
4) Blast the cleandata from QC to Scaftigs from assembly of every sample using
SoapAligner, obtain unutilized PE reads. Blast arguments: -d 1, -M 3, -R, -u, -F;
5) Put all the unutilized reads together, and conduct mixed assembly, while assembling,
consider of computing cost and time cost, we choose only one kmer for assembly(-K
55 by default), other assemble arguments are the as single sample assembly;
6) The Scaffolds from mixed assembly are interrupted at N to get Scaftigs(continuous
sequences within scaffolds);
7) Scaftigs whose length are less than 500bp are omitted and the remain is used for
further statistical analysis and gene prediction.

3
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Note: 

The contents in the above table titled Sample ID, Total len, Num, Average len, Scaftigs, N50, N90, Max Len means samples’ name, 

the total length of all the assembled Scaftigs, the total number of all the assembled Scaftigs, the average length of all the Scaftigs, 

N50, N90, and the maximum length of all Scaftigs 

According to the assembly result, do statistics to Scaftigs length distribution of each 
sample, and plot for it, the result is shown as the follow figure: 

Figure 3.2 The length distribution of Scaftigs of each sample 
The Y1-axis titled “Frequence (#)”means the numbers of Scaftigs of certain length; The Y2-axis titled “Percentage (%)” means 

the percentage of Scaftigs of certain length accounts for the total Scaftigs; The X-axis titled “Scaftigs Length (bp)” indicates the 

length of Scaftigs. 

3.3 Gene prediction and abundance analysis 
3.3.1 Gene prediction and abundance analysis workflow 

Table3.2 Statistcs for assembled scaftigs 
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1) Scaftigs are used for gene prediction by MetaGeneMark software.
2) The redundant predicted genes are omitted by CD-HIT software.
3) The reads from Clean Data that can be mapped to the representative non-redundant
genes are calculated using SoapAligner;
4) The predicted genes with less than two reads supported are eliminated, and the
remain is used for the sequential analysis of gene catalogue (Unigenes);
5) The gene abundance is calculated based on the total number of mapped reads and
gene length. Computational formula is as following:

R represent the total number of mapped reads, L represent gene length 
6) Based on the abundance information of Unigenes in each sample, basic information
is summarized, core-pan gene analysis and correlation analysis are performed, and venn
figures are drawn.

3.3.2 Gene catalogue basic information statistics 

Table 3.3.2 Gene catalogue basic information 

Note: 

ORFs NO. indicates the gene number in gene catalogue; integrity:start means the number and percent of genes which only contain 

initiation codon; integrity:end means the number and percent of genes which only contain termination codon; integrity:none means 

the number and percent of genes which not only haven’t initiation codon and also haven’t termination codon; integrity:all means 

the number and percent of integrated genes(have both initiation codon and termination codon); Total Len.(Mbp) means the length 

of gene in gene catalogue, unit is million; Average Len. indicates the mean length of genes in catalogue; GC Percent indicates the 

total GC percent of genes in predicted gene catalogue. 
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Figure 3.3.2 Gene catalogue length distribution 
Plotted by the number of the genes along the Y1-axis, percentage of genes along the Y2-axis, and the length of genes along the 

X-axis.

3.3.3 Core-pan gene analysis 
Based on the table of genes’ abundance in every sample, we can get all samples’ 
information about gene number, rarefaction curve is plotted for the number of core-
gene and pan-gene separately by sampling different amount of samples, the figure is as 
following: 

Figure 3.3.3 Core-pan gene rarefaction curve 
a) Core gene rarefaction curve; b) Pan gene rarefaction curve. In the figure, X-axis means the number of samples that sampled;

Y-axis means the gene number of sampled samples group



7 

3.3.4 Gene number analysis among groups 
To investigate the difference of gene number among groups, box-plot is figured for all 
groups’ gene number, the result is as following: 

Figure 3.3.4 Box-plot for all groups’ gene number 
In the figure, X-axis indicates the group information; Y-axis indicates gene number 

3.3.5 Venn figures analysis for gene numbers 
To investigate the distribution of gene number among specified samples, and to analyze 
the common and peculiar information about genes, Venn figures are drawn, the result 
is as following: 

Figure 3.3.5 Venn figures for gene number among samples 
In the figure, each circle reprent a sample; the overlapped part represent the number of common gene between samples; the part 

that don’t overlap with any other circle represent the number of special gene of samples 
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3.3.6 The correlation analysis among samples 
Repeat is essential in any biological experiment, High-throughput sequencing 
technology is also without exception. The correlation of gene abundance among 
samples is a critical index which reflects the reliability of experiment and the 
reasonability of the choice of samples. The closer the association coefficient is to 1, 
it indicate the more similar the abundance mode among samples are. 

Figure 3.3.6 Heatmap for the relation among samples 
In the figure, different colors represent different coefficients of association; the relationship between colors and coefficients of 

association is as the graphic symbol in the right; the deeper the color is the higher the coefficient of association is. 

3.4 Taxonomy annotation 
3.4.1 The workflow of taxonomy annotation 
1) Align Unigenes with sequences of Bacteria, Fungi, Archaea, and Viruses extracted
from NR database(NCBI: version 2014-10-19) using DIAMOND, a software which is
20,000 times than BLASTX, especially on short reads(E-value ≤ 1e-5).
2) Only those blast results whose E-value is less than 10 folds of the minimum E-value
are selected for sequential analysis.
3) The taxonomic annotation for each Unigene is assigned using LCA(lowest common
ancestor) algorithm.
4) Based on the taxonomic annotation for Unigenes and gene abundance table from the
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above steps, abundance and gene numbers for each sample can be determined at each 
taxonomic level. 
5) According to the abundance table on each taxonomic level, various analysis are 
performed including Krona, bar plot for abundant species, clustering heatmap 
according to abundance, PCA, and analysis of variation of significance (Heatmap and 
PCA are performed for abundant species and species with significant variation among 
groups, separately).

3.4.2 Krona analysis 
To show the relative abundance of different level’s species in different sample globally 
and visually, we adopt Krona to visually exhibit species’ annotation result, the example 
of Krona is as following, for detail result please click here. 

Figure 3.4.2 Exhibit species’ annotation result using Krona 
In the figure, circle from inside to outside represent different taxonomic level (kingdom, phylum, class, order, family, genus, 

species); the size of sector represent the relative proportion of different species; for more detail information please refer to detail 

explain of KRONA result. 

3.4.3 Bar plot analysis for species’ relative abundance 
According to different level’s relative abundance, pick out the 10 biggest 
relative abundance species in samples, set the other species as “Others”, then draw 
bar plot that show the abundance in different level in species’ annotation result of 
every sample. 
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Figure 3.4.3 Species relative abundance bar plot in phylum level and genus level 
a) Bar plot for relative abundance in phylum level; b) Bar plot for relative abundance in genus level; Y-axis represent relative

proportion of species annotated to certain category; the relationship between colors and taxonomic level is as the graphic symbol 

in the right. 

3.4.4 Gene number and relative abundance clustering analysis 

Selecting the dominant 35 genera among all samples based on the results of relative 
abundance information in different taxonomic level. The abundance distribution of 
these dominant 35 genera is displayed in the Species abundance Heat-map in species 
level, to show the result clearly, and to find species that highly cluster in samples The 
result is shown in Figure 3.4.4.  

Figure 3.4.4 Gene number and abundance clustering heatmap in genus level 
a) Heatmap for unigenes annotation number: X-axis indicates sample name; Y-axis indicates taxonomic information; different

color represent different unigene number; b) abundance clustering heatmap in genus level: X-axis indicates sample name; Y-axis 

indicates taxonomic information; the clustering tree at the right of the figure is about species; he absolute value of “Z” represents 

the distance between the raw score and the population mean in units of the standard deviation. “Z” is negative when the raw 

score is below the mean, positive when above 
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3.4.5 Principal component analysis (PCA) 

Principal component analysis (PCA) is a statistical procedure, using an orthogonal 
transformation to convert a set of observations of possibly correlated variables into a 
set of values of linearly uncorrelated variables called principal components. The first 
principal component accounts for the variability in the data as much as possible, and 
each succeeding component accounts for the remaining variability as much as possible. 
For the community composition of the samples, the more similar they are, the closer 
sample points in the PCA figure could be get. PCA result on the relative abundance of 
phylum level is displayed in Figure 3.4.5. 

Figure 3.4.5 Species PCA result based on phylum level 
In figure 3.4.5 X-axis is the first principle component, the percentage stands for the contribution of the first principle component 

to the variation in samples. Y-axis is the second principle component, the percentage stands for the contribution of the first 

principle component to the variation in samples. Each data point in the graph stands for a sample. Samples belong to the same 

group that are in the same color. 

3.4.6 Sample clustering analysis 
In order to study the similarity between different samples, we can also construct 
clustering tree by doing clustering analysis for samples. Bray-Curtis distance is the most 
widely used distance index in hierarchical clustering method, it mostly used to indicate 
the similarity between samples, and it is the major basis for sample clustering. 

According to genes’ relative abundance in samples, we conduct clustering 
analysis among samples based on Bray-Curtis distance, and combine the clustering 
result and relative abundance of different sample in different level to exhibit. 
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Figure 3.4.6 Clustering plot based on Bray-Curtis distance 
In the figure, the left is clustering tree and the right is the relative phylum-level abundance map. 

3.4.7 Significant variation analysis 

Taxonomies whose abundance with significant variation among groups are detected via 
Metastat, a statistical method which performs hypothesis test on data of taxonomic 
abundance to calculate p-value. The p-value is further corrected as q-value to discover 
taxonomies with significant variation, and the box plot for abundance of species in 
groups is drawn, the result is as figure 3.4.7.1.   

Figure 3.4.7.1 Box plot for relative abundance of significant variant species in phylum level 
In the figure, X-axis indicates the group of samples; Y-axis indicates the relative abundance of corresponding species. X-axis 

have two significant variant groups, no group means this species having no significant variation in the two groups. “*” means the 

variation between the two groups is significant (q value <0.05), “**” means the variation between the two groups is very 

significant (q value <0.01). 
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Do PCA analysis and abundance clustering heatmap analysis for species which have 
variation between groups, the result is show in figure 3.4.7.2. 

Figure 3.4.7.2 PCA analysis and abundance clustering heatmap 
based on significant variant species 

a) The abundance clustering heatmap for significant variant species: X-axis represent the sample information; Y-axis represent

species annotation information; the left of the figure is clustering tree of species; the value of the heatmap in the middle is Z 

value represent the relative abundance which is standardized; b) the PCA plot for significant variant species: each point 

represents a sample, plotted by the second principal component on the Y-axis and the first principal component on the X-axis, 

which was colored by group. 

3.5 Function Annotation 
The databases which provide annotation at present are mainly as following: 
Kyoto Encyclopedia of Genes and Genomes (KEGG)[32,33]; 
    Evolutionary genealogy of genes: Non-supervised Orthologous Groups 
(eggNOG)[34]; Version：4.1； 
Carbohydrate-Active enzymes Database (CAZy)[35]; Version: 2014.11.25； 

KEGG database is a comprehensive database，whose core are KEGG PATHWAY and 
KEGG ORTHOLOGY. KEGG PATHWAY sorts all pathways into 6 classes as: Cellular 
Processes, Environmental Information Processing, Genetic Information Processing, 
Human Diseases, Metabolism, Organismal Systems. Considering its important role in 
studies of functional genomics, KEGG database is indisapensable in Metagenomics 
analysis. 

EggNOG database conduct function annotation by using the Orthologous Groups 
constructed by Smith-Waterman blast algorithm, eggnog V4.1 contains 2,031 species’ 
gene, and has constructed 190,000 Orthologous Groups. 
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CAZy database is special database that study carbohydrase, mostly contain 6 kinds of 
functional carbohydrase: Glycoside Hydrolases(GHs), Glycosyl Transferases(GTs), 
Polysaccharide Lyases(PLs), Carbohydrate Esterases(CEs), Auxiliary Activities(AAs), 
Carbohydrate-Binding Modules(CBMs). 

3.5.1 The workflow of function annotation 

1) Searching Unigenes in each functional database(KEGG,eggNOG,CAZy)using
DIAMOND software(blastp, E-value ≤ 1e-5)

2) Only the result with the highest score is used in sequential analysis;

3) Relative abundance and gene number are calculated at each taxonomic level based
on above results;

4) According to the abundance table on each taxonomic level, various analysis are
performed including annotated gene number analysis, bar plot of abundance, clustering
heatmap based on abundance, PCA analysis, taxonomic information for orthologous
groups, analysis of functional genes' variation of significance among groups, and
pathway analysis

3.5.2 Unigenes annotation number analysis 

Based on Unigenes annotation results, draw summarization chart for the gene number 
annotated by every database, the result showed as following: 



15 

Figure 3.5.2.1 summarization chart for the gene number annotated by every database 
Bar plot for annotation number of unigenes, top panel: KEGG database. Middle panel: eggNOG database. Low panel: CAZy 

database. Figure on bars are annotation numbers of unigenes, another axis stands for the codes of each function in level1 in all 

database, the explain of codes is show as the graphic symbol. 

Based on annotated gene number of different level, draw heatmap for annotated gene 
number of different level from each database, the result showed as below: 

Figure 3.5.2.2 Heatmap for gene number in level1 
Heatmap for annotation number of unigenes, top panel: KEGG database. Middle panel: eggNOG database. Low panel: CAZy 

database. X-axis stands for sample name, Y-axis stands for description of each level; different color represent different number of 

unigenes. 
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3.5.3 Function relative abundances Bar plot analysis 
According to the relative abundances on level1 of each database, draw the abundance 
statistical chart in level1 for each sample. 

Figure 3.5.3 Abundance statistical chart in level1 in function annotation 
Top panel: KEGG database. Middle panel: eggNOG database. Low panel: CAZy database. Y-axis stands for the relative 

percentage annotated to certain function; X-axis stands for samples; different color represents different function, which is show 

as the graphic symbol in right side. 

3.5.4 Function abundance clustering analysis 

According to all the samples’ annotation information and abundance information in 
each database, select functions whose abundance is in the top 35 as well as every 
sample’s abundance imformation to draw heatmap, and clustering from the aspect 
function variation. 
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Figue 3.5.4 Clustering heatmap for function abundance 
Plotted by sample name on X-axis and genes on Y-axis. The absolute value of “Z” represents the distance between the raw score 

and the population mean in units of the standard deviation. “Z” is negative when the raw score is below the mean, positive when 

above. 

3.5.5 Function principal component analysis(PCA) 
Base on the function abundance table of different level, we conduct PCA analysis, the 
more similar the function compose of the sample are, the closer the their distance in 
PCA figure is. 

Figure 3.5.5 PCA analysis result based on function abundance 
Top panel: KEGG database. Middle panel: eggNOG database. Low panel: CAZy database. X-axis is the first principle 

component, the percentage stands for the contribution of the first principle component to the variation in samples. Y-axis is the 

second principle component, the percentage stands for the contribution of the first principle component to the variation in 

samples. Each data point in the graph stands for a sample. Samples belong to the same group that are in the same color. 
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3.5.6 Sample clustering analysis 
In order to study the similarity of different sample, we can also construct clustering tree 
by making clustering analysis for samples. Bray-Curtis distance is the most widely used 
distance index in hierarchical clustering method, it mostly used to indicate the similarity 
between samples, and it is the major basis for sample clustering. 

According to genes’ relative abundance in samples, conduct clustering analysis among 
samples based on Bray-Curtis distance array, and combine the clustering result and 
relative abundance of different sample’ function in level1 of each database to exhibit. 

Figure 3.5.6 Clustering plot based on Bray-Curtis distance 
Plotted with clustering tree in the center and the functional genes relative abundance from top level of three databases in the outer 

ring. Top panel: KEGG database. Middle panel: eggNOG database. Low panel: CAZy database. 

3.5.7 Species affiliation analysis 
In eggNOG database, every OG has it’s detail species affiliation, according to the 
annotation result of level2(OG level), draw affiliation distribution circle chart of 
different OG species, the result is as following, for high definition chart please click 
here: 
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Figure 3.5.7 Species distribution circle chart of OG 
Circle from inside to outside represent different taxonomic level (kingdom, phylum, 

class, order, family, genus, species); eucaryon, bacteria and archaea are marked with different color; every node represent the OG 

of a broad category of species; the size of the circle is positive correlate with gene number, the relation between the size of circle 

and the number of unigenes is show as the graphic symbol in the right side. 

3.5.8 Function significant variation analysis 
Function whose abundance with significant variation among groups are detected via 
Metastat, a statistical method which performs hypothesis test on data of function 
abundance to calculate p-value. The p-value is further corrected as q-value to discover 
function with significant variation, which are utilized for successive demonstration 
such as box plot. 

Figure 3.5.8.1 Box plot for significant variant function 
Top panel: KEGG database. Middle panel: eggNOG database. Low panel: CAZy database. X-axis indicates the group of 

samples; Y-axis indicates the relative abundance of corresponding function. X-axis have two significant variant groups, no group 

means this function having no significant variation in the two groups. “*” means the variation between the two groups is 

significant (q value <0.05), “**” means the variation between the two groups is very significant (q value <0.01). 
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Based on function with significant variation, conduct clustering heatmap and PCA: 

Figure 3.5.8.2 Clustering heatmap and PCA analysis based on function with significant variation 
Top panel: KEGG database. Middle panel: eggNOG database. Low panel: CAZy database. a) The abundance clustering heatmap 

for significant variant function: X-axis represent the sample information; Y-axis represent function annotation information; the 

left of the figure is clustering tree of function; the value of the heatmap in the middle is Z value represent the function’s relative 

abundance which is standardized; b) the PCA plot for significant variant function: each point represents a sample, plotted by the 

second principal component on the Y-axis and the first principal component on the X-axis, which was colored by group. 

3.5.9 Evolution analysis on species of variant OG 
To study the evolution of species with significant variant OG(ortholog group) in 
eggNOG database, for every significant variant OG, refer to the data from eggNOG 
database, we present it’s species evolution tree. 
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Figure 3.5.9 Plot species evolution tree 

3.5.10 Metabolic Pathway Analysis 
To study the variances of pathway patterns in different groups (samples), the web-
version pathway figure was drawn. The whole report has two parts: 

Part 1: pathway overview, showing shared and identical pathway information among 
groups or samples. In this metabolic pathway plot, nodes represent chemicals, and 
edges represent enzymatic reactions, of which the shared ones were marked in red, 
while the identical ones were marked in blue(group A/sample A) or green(group 
B/sample B); 

Part 2: the annotated metabolic pathway plot. In this metabolic pathway plot, nodes 
represent chemicals, and frames represent enzymatic information (as default, black 
edges and white backspace). Different colors of the frames shows the Unigene number 
in this annotation，within which enzymes on yellow backspace are those significantly 
variant among groups(void without variance analysis). Touching your mouse on the 
enzymes, the abundance boxplot of variant enzymes will be displayed. 

Figure 3.5.10 The compare analysis plot for Metabolic Pathway of multi-samples 
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4 Methods 

4.1 Library construct and sequencing 
First, samples are collected from the environment (like soil, ocean, fresh water, gut etc), 
and original samples or extracted DNA samples are delivered to our company under 
low temperature (below 0℃). Then we will conduct sample qualification. 

For those qualified DNA samples, we will conduct library construction and 
qualification, and use those qualified libraries for sequencing with the Illumina HiSeq 
high-throughput sequencing platform. Then bioinformatics analysis will be carried on 
sequencing data. To ensure accuracy and reliability of the sequencing data form 
the source, 1st BASE control every aspect of sample testing, library construction 
and sequencing strictly, ensure high quality data from original, the experimental 
workflow is as following: 

4.1.1 DNA sample quality control 
Three key methods in DNA samples QC: 
DNA integrity degree and purity are monitored by Agarose Gel Electrophoresis. 
DNA purity (OD260/280) is checked using Nanodrop. 
DNA concentration is accurately measured using Qubit. 

4.1.2 Library Construction and Qualification 
Qualified DNA samples are randomly fragmented to about 300bp by Covaris ultrasonic 
broken instrument, then fragments are end-polished, A-tailed, ligated with sequencing 
adaptor, and purified with further PCR amplification, sequencing libraries are generated 
through these procedures. 

After constructed, those libraries will be primarily quantified by Qubit2.0, and diluted 
to 2ng/ul, then we will detect the library’s insert size using Agilent 2100, if the insert 
size meet expectation, we will accurately quantify the effective concentration of the 
library using Q-PCR(effective concentration of the library>3nM) to ensure the library’s 
quality. 

4.1.3 Sequencing 
After the library is qualified, pooling different libraries depend on effective 
concentration and aimed data size, then conduct Illumina HiSeq sequencing. 

4.2 Bioinformatics analyze pipeline 
a) Data Pre-processing: Raw data from sequencing exist a certain percentage of low
quality data, to ensure the accuracy and the reliability of following information analysis,
the initial step of metagenomic data analysis requires the execution of certain pre-
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filtering, and the clean data is obtained; 
b) Metagenomic assembly: Conduct metagenomic assembly based on clean data, and
find information about low abundance species by putting in each sample’s reads that
have not been utilized for mixed assembly
c) Gene prediction: According to scaftigs from single sample assembly and mix
assembly, predict genes using MetaGeneMark, then put all the samples and the
predicted genes together to omit the redundant and construct gene catalogue, according
to gene catalogue, together with every sample’s clean data, we can obtain the abundance
information about gene catalogue in every sample.
d) Species annotation: Based on gene catalogue, blast with MicroNR database, get the
species annotation information of Unigenes, and combine with the gene abundance
table, obtain species abundance table in different levels.
e) Function annotation: Based on gene catalogue, conduct Metabolic Pathway Analysis
(KEGG), homologous gene group analysis (eggNOG), carbohydrase (CAZy) function
annotation and abundance analysis;
f) Based on the species abundance table and the function abundance table, we can
conduct abundance clustering analysis, PCA analysis, sample clustering analysis,
significant variation analysis, metabolic pathway compare analysis, to discover the
component difference of species and functional component difference between samples;
at the same time, based on the standard analysis result, we can conduct a series of
advanced analysis(like LEfSe analysis, significant variation analysis of community
constitute between groups, CCA/RDA analysis, NMDS(Non-metric Multidimensional
Scaling) analysis, ect), and combine with the environment factor, pathological
indicators and special phenotype to study deep correlation, which can provide
theoretical foundation for further study and use of samples’ species and function.

Notes: 
When the biological repetition in group is less than 3, statistical analyses like 
PCA, LEfSe, CCA/RDA and so on have no statistical meaning, the result is just for 
reference. 
When the number of samples is less than 3, in standard analysis, PCA analysis, 
clustering analysis, abundance clustering heatmap analysis can’t be conducted. 
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6 Documents 
1 Links of related software:  
SOAP denovo(Version 2.21): http://soap.genomics.org.cn/soapdenovo.html 
SoapAligner( Version 2.21 ): http://soap.genomics.org.cn/soapaligner.html 
MetaGeneMark(Version 2.10): http://exon.gatech.edu/GeneMark/metagenome/Predi- 
ction 
CD-HIT(Version 4.5.8): http://www.bioinformatics.org/cd-hit/
2 Notes:
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Files of result are recommended to open with Excel or specialized text editor like 
EditPlus. 




