
Shotgun Data Profiling (SDP)



Goal for this tutorial

• To perform an exploratory and biomarker analysis
on shotgun metagenomics data and visualize the
results within KEGG metabolic networks along with
pathway analysis.



Click here to start 



Shotgun Data Profiling (SDP)

Two types of user inputs:
v A list of gene IDs.

v Abundance table (in text or BIOM format)

Note genes need to be annotated in KO, EC, or COG for functional 
analysis, 



A)  1. Upload a list

3 gene ID types supported 
(KO, COG and EC 

Number) . Step 1 : Choose the 
parameters above. Copy 
and paste a list of gene 

IDs  along with their 
expression value

Step 2 : Click 
“Submit” to proceed.

You can try 
our example 

also



2. Data Integrity Check

Provides processing and summary information for user 
uploaded gene list. 

genes with low  count  can 
be filtered out

Click “Proceed” to visualize 
the result within KEGG  

metabolic network



3. KEGG Metabolic Networks (I)

1. Click “Submit” on the Pathway Explorer to perform pathways enrichment analysis.

2. Select a highlight color (default orange)

3. Click on a pathway name (a table row) to highlight the corresponding pathways
• Gene IDs (KO) are represented as edge (reaction linking  two metabolites) in the network 

and its thickness are based on their expression levels.

Enrichment 
Analysis 
Result

Mapped genes 
highlighted as 
colored edges 
and thickness 
representing 

their expression



Customizing the styles using the menus on the top too bar, for example:
• Switching background from black to white; 
• Showing the pathway names.

3. KEGG Metabolic Networks (II)



B) Analyzing shotgun gene 
count data



1. Tab-delimited text file
• User have to upload both gene abundance table and metadata file separately.
• Manipulate data headings in a spreadsheet program like MS Excel
• Save as a tab delimited (.txt) or comma-separated (.csv) file
• The headings #NAME : (all capital letters) must be used

v #NAME is for sample names (first column in abundance; first row in
metadata file)

v 2nd Column of metadata file is for the clinical metadata.

2. BIOM format
• Standard format for storing gene abundance information (metadata file 

separately in .txt file).

For Example:

Data Formatting

Abundance table and Metadata file in tab-delimited (.txt) format



1. Data Upload

Step 3: Upload your 
abundance data file   

Step 4: Upload your  
metadata file

Step 2: Chose a  
gene ID type

3 IDs supported 
(KO, COG and EC 

numbers)

Step 4 :  Click 
“Submit” to proceed 

You can try 
our example 

also

Step 1: Upload your gene 
abundance profile data in 

table or BIOM format



2. a) Data Integrity Check

Provides processing and summary information for user uploaded data. 



2. b) Graphic Summary

• Provides user the information about library size or total number of reads present in
of each sample and help in identifying the potential outliers due to undersampling or
sequencing errors.



3. a) Data Filtering (Features)

• Identifying and removing variables or features that are unlikely to be of use when
modeling the data. (e.g., features containing all zeros or constant across all the samples)

• 6 different approaches: on the basis of count (abundance) or using statistical
approaches such as mean, median, IQR, standard deviation or C.V.

Click “Submit” 
to continue 



3. b) Sample Filtering (Editor)

• Users can remove samples that are detected as outlier via graphical summary result or 
downstream analysis. (e.g. Beta-diversity analysis)

User can select samples 
to remove from 

downstream analysis



4. Data Normalization

• Normalizing is required to account for uneven sequencing depth, under-
sampling and sparsity present in such data. (useful before any meaningful
comparison)

• Several normalization methods which have been commonly used in the field are
present. (2 categories: data scaling and data transformation )

Click “Submit” 
to continue 



5. Data analysis

User can get an 
overview along with 
comparative and  
functional analysis of 
shotgun data.



1. Functional Diversity Profiling
• Samples have been compared to provide a coarser view of the data by collapsing

related genes (KO, COG or EC) to observations of functions. (rather than
observations of specific genes)

• 5 main functional categories present to collapse within based on gene ID type :
KEGG metabolism, pathways, modules and COG or EC functions.

User can  select from 
different categories 
based on input gene 

id type :

• KEGG metabolism, 
pathways, modules or 
COG or EC functional 

category

A. Functional Profiling

The abundance of 
functional categories 
can be estimated by 3 

different method to 
account for one to 

many gene mapping 
issue

Samples colored on  
the basis of selected 
experimental factor



A. Functional Profiling

2. Functional Association analysis and Metabolic Network Exploration:
associations between any functional categories with the experimental factor or sample
groups is calculated by integrating the abundance changes of all members within each
functional group to evaluate the strength of association

• It is based on the globaltest algorithm. For details:
• “A global test for groups of genes: testing association with a clinical outcome”. Bioinformatics

2004 Jan 1;20(1):93-9.

• Significant functional categories (pathways and modules) can be visualized within
Metabolic networks.



A. Functional Profiling

2. Functional Association Testing and Metabolic Network Exploration: 

Functional 
categories 
association 

analysis Result

User can chose 
from 2 functional 

categories : 
pathways or 

modules

Significant functional categories 
(pathways or modules) can be 

highlighted with different colors



B. Clustering Analysis

1. Principal Component Analysis (PCA)
• Data reduction technique that can be used to visualize the high-dimensional and complex

metagenomic data into 2-3D.
• It emphasizes on variation and shows strong patterns in a dataset. (w.r.t experimental

factors)

Chose from different 
sample groups or 

experimental factors



B. Clustering Analysis

2. Heatmap
• Visualize the relative patterns of high-abundance features against a background of

features that are mostly low-abundance or absent.
• Various distance and clustering methods supported.(both sample and feature-wise)
• Provides a summary of normalized user’s data.

Samples can be 
clustered based on 

either clustering 
algorithm or selected 
experimental factor

Chose from 
different distance 

measure.

Chose from 
different 

clustering 
algorithm.



3. Dendrogram
• Performs phylogenetic analysis on samples using ordination based distance

measures. (support for 5 most widely used)

Chose from different 
distance measure.

Chose from different 
clustering algorithm.

B. Clustering Analysis



4. Correlation analysis
• Helps in identifying biologically or biochemically meaningful relationship between

features. (genes)

3 most common 
method supported 

for performing 
correlation analysis

B. Clustering analysis



5. Pattern Search
• Helps in identifying or search for a pattern based on correlation analysis

on defined pattern.
• Pattern can be defined based on either feature (gene) of interest or based on predefined

or custom profile of experimental factors.

B. Clustering analysis

3 most common 
method supported 

for performing 
correlation analysis

User can define 
their own pattern 

based on their 
interest



Click on “Details” 
to see group-wise 
data distribution 

for each  individual 
feature

Click here to visualize the 
differential genes in 
metabolic networks

C. (a) Differential abundance analysis

1. Univariate Statistical Comparisons
• t-test/ANOVA (parametric) or Mann-Whitney/KW test (non-parametric) can be done.
• Depending upon no. of sample groups, statistical test is chosen from parametric or non

parametric test options.
• P-values adjusted using FDR method.

Chose from parametric 
or non-parametric 

statistical tests

Differential abundant 
genes (KO) are 

highlighted in orange 
color



C. (a) Differential Abundance Analysis

2. metagenomeSeq
• R package which aims to detect differential abundant features in microbiome experiments

with an explicit design.
• Accounts for under-sampling and sparsity in such data.
• Performs zero-inflated Gaussian fit (fitZIG) or fit-Feature (fitFeature) on data after

normalizing the data through cumulative sum scaling (CSS) method (novel approach)
• fitFeature model is recommended over fitZIG for two groups comparison.
• Very sensitive and specific in nature.(fails with very low sample size)

Chose from different 
Experimental factors

Click to perform metabolic 
network Mapping

Click on “Details” to see 
group-wise data distribution 
for each  individual feature

Chose from 2 statistical 
models based on number 

of groups



3. EdgeR
• Developed for RNAseq data analysis.
• Powerful statistical method (outperforms others methods with appropriate data filtration

and normalization techniques);
• By default, RLE (Relative Log Expression) normalization is performed on the data.
Note: If no significant gene will be identified using p-value cut-off, then top 500 genes based on their p-values will be used
for network analysis.

Chose from different 
Experimental factors

Click on “Details” to 
see group-wise data 
distribution for each  

individual feature

Click to perform Functional 
Enrichment Analysis on 
differentially abundant 

features

C. (a) Differential Abundance Analysis



4. DESeq2
• Developed for RNAseq data analysis.
• Uses negative binomial generalized linear models to estimate dispersion and

logarithmic fold changes.

Note: If no significant gene will be identified using p-value cut-off, then top 500 genes based on their p-values will be used
for network analysis.

Chose from different 
Experimental factors

Click on “Details” to see 
group-wise data 

distribution for each  
individual feature

Click to perform 
Functional Enrichment 

Analysis on differentially 
abundant features

C. (a) Differential Abundance Analysis



C. (b) Network and Functional Enrichment  
Analysis

Enrichment 
Analysis result

• Significant genes from differential analysis are mapped to KO IDs;
• Functional enrichment analysis is performed;( KEGG modules or pathways)
• The enriched pathways or modules can be interactively visualized within the

metabolic networks.

Significant genes 
highlighted ad 

edge in metabolic 
network (red color)

User can choose from 
either KEGG metabolic 
pathways or modules.



Click here to visualize the 
differential genes in 
metabolic networks

1. LEfSe
• compare the metagenomics (16S or shotgun) abundance profiles between samples in

different state.
• performs a set of statistical tests for detecting differentially abundant features (KW sum-

rank test: statistical significance) and biomarker discovery.(Linear Discriminant analysis:
Effect Size)

• Network and functional enrichment analysis can also be performed on DE genes.

Chose from different 
Experimental factors

Click on “Details” to see 
group-wise data distribution 
for each  individual feature

Effect size (LDA score) of 
differential features

D. Biomarker analysis



D. Biomarker analysis

2. Random forests
• Ensemble learning method used for classification, regression and other tasks.
• It operate by constructing a multitude of decision trees at training time and

outputting the class that is the mode of the classes (classification) of the individual
trees.

• Random forests correct for decision trees habit of overfitting to their training set.

No. of predictors for 
each node 

User can choose from 
no. of trees to be 

used for classification 



D. Biomarker analysis

2. Random Forest
• It provides estimates of what variables are important in the classification of data
• It computes proximities between pairs of cases that can be used in clustering, locating

outliers, or give interesting views of the data

Most important features for classification of data into provided class groups



==END==


