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The Promises of Big Omics Data

Comprehensive molecular profiles

— Global systems overview
— Less biased
— Robust to noise?

What we can obtain from this type of data?

— Patterns & trends
* Group behaviors
* Collective functions
* Hypothesis generation

— Mechanisms & knowledge
* Mechanistic understanding

e Pathways
* Networks



Reality: the “Happy” Middle
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The Big Omics Data
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Workflow of Omics Data Analytics

Raw Data
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Platform-specific
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Omics-specific
e Enrichment analysis
e Pathway analysis
e Network analysis



Two distinct big data challenges

e Size challenge (raw data)

— Raw reads, spectra, images
— Large (100s MB ~ GB)
— Large storage and computing resources

 Complexity challenge (feature table)

— Feature table (abundance, intensities)
— Small (100s KB ~ MB) [

— High-dimensional, missing values

— Data integration usually starts here

=» Divide and conquer
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Dealing with big omics data

e Bringing analysis to (raw) data
— Too big to transfer around

— Done locally at the same place generating
the data (i.e. omics centers)

— Following standardized operation protocols
(SOP)

* Bringing (processed) data to analysis

— Usually done by individual researchers

— Can be easily uploaded to tools deployed
on cloud

— Highly domain-specific and individualized

ASCPT 2017 8



Local + Cloud + Browser
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Big Data Analytics



Big Data Analytics

Three Keys Factors

1. Data distillation
e Not all data are useful

2. Coupling statistics with visualization

e Support for user exploration

3. Connecting with prior knowledge

e Validation previous findings & identification of
novelties



Data distillation

Raw data = processed data = informative data

 Only a small portion of
molecules will respond to
perturbations.

 The majority will still
maintain their “norma
states (homeostasis)

|II
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Statistics + Visualization

Bringing data closer to domain experts

* Big omics data is complex and
heterogeneous

e Statistics often fail to capture the
data characteristics

e Disruptive discovery are often driven
by the hunches and leaps of faith of
the researcher by interacting with
the data

ASCPT 2017 13



Statistics + Domain Knowledge

Connecting new data with prior knowledge

e Encode knowledge into
computable forms

— Gene sets, pathways, networks

e Evaluating new data within
the context of our knowledge

— Enrichment analysis
— Pathway analysis
— Network analysis

ASCPT 2017
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Big data analytics in a nutshell
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Omics Data Integration



This is our goal ....

Conventional
molecular biology

- : /6 ; : /6 :éq‘: Q; ' Transcriptome "
! " Q RNA-seq (NGS)
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Single omics Trans-omics Genome Measurement

Microarray

Mass spectrometry

Mass spectrometry

\ y NMR
Trends in Biotechnology, April 2016, Viol. 34, No. 4
Mechanism Patterns & Trends Knowledge

‘ Big Data Analytics ‘
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Current Status

 Done for simple organisms under well-controlled
experiments
— E. coli, yeast ...
— Time series to resolve false patterns

e For human studies, the limiting factor is more
technological than computational
— Longitudinal omics data collections for a large cohorts
— Data sharing with public for algorithm benchmarking



The ‘ecosystem’ of big omics data

Published
datasets

19



Data integration - three common

scenarios

One disease;
One omics level;

Multiple datasets;

One omics data;

Multiple clinical
parameters:

e Diagnosis
e Age, Gender,

Ethnicity, Smoking ....

ASCPT 2017

One disease;
Multiple omics level;

Multiple datasets;
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Computational Approaches

Omics Data

Statistical integration
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Web-based Tools for Big Omics Data
Analysis & Integration

MetaboAnalyst (since 2009)

— www.metaboanalyst.ca

— Metabolomics data analysis & integration
NetworkAnalyst (since 2012)

— www.networkanalyst.ca

— Transcriptomics data analysis & integration
miRNet (since 2015)

— www.mirnet.ca

— miRNA data analysis & integration
MicrobiomeAnalyst (since 2017)

— www.microbiomeanalyst.ca

— Microbiome data analysis & integration

ASCPT 2017
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http://www.metaboanalyst.ca
http://www.networkanalyst.ca
http://www.mirnet.ca
http://www.microbiomeanalyst.ca

2009 - CURRENT

Metabolomics & MetaboAnalyst
http://www.metaboanalyst.ca

e Metabolomics (and integration with genomics)
e Real-time interactive data analysis
e 100,000 users, > 6,000 jobs submitted per day

ASCPT 2017
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http://www.metaboanalyst.ca

A Roadmap of MetaboAnalyst

77N
MetaboAnalyst

(2009, 2012, 2015)
N S

MetaboMiner

(2008)
N S
MSEA (2010) MetPA (2010) MetATT (2011) ROCCET (2011)
N S N S N S N S
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The power of cloud
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Home
Overview
Data Formats
FAQs
Tutorials

Troubleshooting

Resources
Update History
User Stats

About

i B

Y
McGill

MetaboAnalyst 3.0

— a comprehensive tool suite for metabolomic

Welcome >> click here to start <<

News & Updates

Added support for peak filtering based on QC samples for untargeted metabolomics (03/10/2017); MeW
Added support for "flipping" PCA for cross-study comparison (02/08/2017); MEw

Added support for network summary of enrichment analysis result (02/06/2017); MEw

Fixed the bug in feature table display in Biomarker Tester module (01/05/2017); NEW

Updated the pathway result table to show all'matched compounds (11/25/2016);

Enhanced Nomalization and Data Editor for better user experience (11/15/2016);

Added support for sparse PLS-DA (sPLS-DA) analysis (10/28/2016);

Added support for quantile normalization (08/29/2016),

Improved name mapping functions for common metabolite names (08/18/2016);

More than 1 million jobs have been processed since 06/2015 (06/21/2016);

Read more ...

Please Cite:

Xia, J. and Wishart, D.3. {2016) Using MetaboAnalyst 3.0 for Comprehensive Metabolomics Data Analysis Current Protocols in
Bioinformatics, 55:14.10.1-14.10.91.

Xia, J., Sinelnikov, 1., Han, B., and Wishart, D.3. {2015) MetaboAnalyst 3.0 - making metabolomics more meaningful . Nucl. Acids Res.
43, W251-257.

Xia, J., Mandal, R., Sinelnikov, |., Broadhurst, D., and Wishart, D.S. (2012} MetaboAnalyst 2.0 - a comprehensive server for metabolomic
data analysis . Mucl. Acids Res. 40, W127-133.
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Comprehensive Options for Data Analysis

Sample normalization
'::‘::'Nonu
Sample-specific normalization (i.e. weight, volume) Click here to specify
Mormalization by sum
MNormalization by median

Mormalization by a specific reference sample PIF_178 he

Mormalization by a pooled sample from group cachexic

Mormalization by reference feature 1.6-Anhydro-beta-D-glucose

Quantile normalization

Data transformation
[ . None
Log transformation (generalized logarithm transformation or glog)

Cube root transfermation (take cube rcot of data values)

Data scaling
[ . None
Mean centering {mean-centered only)

Auto scaling

Pareto scaling (mean-centered and divided by the sguare root of standard deviation of each variable)

Range scaling {mean-centered and divided by the range of each variable)

{mean-centered and divided by the standard deviation of each variable)

Univariate Analysis
Fold Change Analysis T-tests Volcano plot
One-way Analysis of Variance [ANOWVA)

Correlation Analysis Pattern Searching

Chemometrics Analysis

Principal Component Analysis (FCA)

Partial Least Sguares - Discriminant Analysis (PLS-DA

Sparse Partial Least Squares - Discriminant Analysis (sPLS-DA)

Orthogonal Partial Least Squares - Discriminant Analysis (orthoPLS-DA)

Feature Identification

Significance Analysis of Microarray (and Metabolites) (SAM)

Empirical Bavesian Analysis of Microarray (and Metabolites) (EBAM

Cluster Analysis

Hierarchical Clustering: Dendrogram Heatmaps

Partitional Clustering: K-means Self Organizing Map (SOM)

Classification & Feature Selection
Random Forest

Support Vector Machine {SYM)

ASCPT 2017
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Multivariate Statistics
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-Log(P)

Pathway Analysis

Glycine, serine and threomne metabolism

Crweriew of Pathway Analysis

m

Pa;thwaylmpact | | Q Q Fit m ly h -
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Biomarker Analysis

e Highly relevant for translational
studies

e Performance evaluation i [ AUC=87%
— Receiver operator

characteristics (ROC) curve
— Modern machine learning

approaches

e Cross validation
~ AUC=97%

Sensitivity (True positive

e Permutation

e Predicting new samples




Gene-metabolite joint pathway analysis

Glycine, serine and threonine metabolism (KEGG)

CBLink: L-Sering
Log FC1 050356
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Comprehensive report generation
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2012 - CURRENT

Transcriptomics & NetworkAnalyst
http://www.networkanalyst.ca

e Gene expression analysis (microarray & RNAseq)
e Statistical data integration (meta-analysis)
e Visual integration (heatmaps, Venn diagrams, 3D PCA/tSNE)

 Network integration (PPIl, KEGG, miRanda)
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Implementation Roadmap

7N
NetworkAnalyst

(2015)
N

2 TN TN

INMEX (2012) INVEX (2013) Net"‘&kﬁ;a'vst



Statistical Integration

Data Upload

A 4

Data Annotation

y

A

Diagnostic Plots |«

A

Normalization Differential Analysis

y

Integrity Check

y

Extract Summary Statistics

Significant Genes

A 4 i

Profile Visualization

GO Analysis Pathway Analysis

ASCPT 2017
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Visual Integration

Drag-and-
select

Treatment
Donor
Gender

Click-

and-sort

MET
MAP3K4 Owverall Enriched Themes
BASP1
SLC25A37 Enriched Themes in Current Focus
CEP135
NAMPT Perform Enrichment Analysis
ABCC1
03GIN2 i o
PSMA1 Name P-value  Hits Link
UPP1 : ic sctivi
ASAP1 regulation of catalytic activity 000127 12 2=
TNFRSF1B 3
FSCNA response to external stimulus 000143 11 >>
CDKN1A positive regulation of MAP kinase activity 000179 4 >
GPR137B 3 5
LAD1 regulation of cytokine biosynthetic process 0.0027 3 i
CCL23
APBA3 positive regulation of MAPK cascade 000275 5 >>
GADD45G
LAMP3 regulation of MAPK cascade 000332 6 >
DO
| negati ion of catalytic activity 000359 6 2>
What functions = s il
biosynthetic process 000375 3 >
d (0] these ge nes ion of T cell proliferation 000393 3 >
\\ ? ion of molecular function 000394 13 >
pe rfo r m ° cytokine metabolic process 000403 3 >
i activation of protein kinase activity 000486 4 >
@ @ o o @ o 8 o @ 6 6 @ regulation of MAFP kinase sctivity 00037 4 >
= == £ =2 £ £ =z =2 =2 = =2 =
0 o oEm ath GEhE e O gh o o och o positive repulation of catalytic activity 000621 B >>
7 7 7 7 T Y 7
= = o = o o = = 3 = = = regulation of protein metabolic process 00064 11 >
w @& =~ o © © M & & = 5k N
Low I High positive regulation of protein metabolic process 000671 8 >
Define Custom Signatures
ASCPT 2014 Xia. et al. (2013) Bioinformatics 29 (24), 3232-3234 38



Integrating with prior knowledge

Protein-protein

interactions
> STRING
> InnateDB

Metabolic pathways
> KEGG

» Reactome
Chemicals

» DrugBank

> CTD

Gene regulations

> Trans Factor
> mMiRNAs

— Network Analysis

- Clustering Analysis

— Multiple Comparisions

Protein-protein Interactions

Gene-miRNA Interactions

TF-gene Interactions

Protein-drug Interactions

Protein-chemical Interactions

Heatmap Clustering

PCA 3D Clustering

t-SNE 3D Clustering

Venn Diagram

Chord Diagram



Network Visualization & Exploration

: Background: | Black § View: Default % Layout:| Default Layout %+ | Scope:| Single node *  Download: -- Specify -- s 0

Node Explorer Function Explorer

Node ID: Search . Query: All genes ]
ID Degree  Betweeness  Status Fu nCtI c’)n a l Algorithm: Hypergeometric test &
e 3253 107 157 B mmu-mir-1183-3p Analy5|5 Database: KEGG % Submit
mmemisloy 67 703 |Mage i : - :m;::r;?fj;ap Name Hits  Pval Color
mmu-mir-495-3) 54 560 TOO' S s i 00-3p * Pathways in cancer 15 000608 (]
mmu-mir-369-3) 48 5% Ba tch O Fgf5 Signaling pathways regulating 1 8 00128
mmu-mir-200b- 21 796.71 - Selection B o mir-1203p . ® Melanogenesis 7 00128
mmu-mir-200¢-2 21 796.71 - ” W mmu-mir-543-3p Proteoglycans in cancer 9 00212
mmu-mir-429-3) 21 796.71 - B mmu-mir-431-5p - Basal cell carcinoma 5 00212
mmu-mir-381-3) 17 11068 OGSI(SD ° . mTOR signaling pathway 5 00241
mmu-mir-431-5; 15 732 ] B mmu-mir-198a-5p Wat signaling pathway 7 00338
mmu-mir-494-3) 11 499.73 - = M s mind95-3 il Chagas disease (American tryps 6 0.0338
mmu-mir-5 Node -0 320y B mmismir-494-3p Hippo signaling path
mmu-mir—S Sea rch - B mmu-mir-434-3p I o mieg7803p i Hedgehog signaling | E rich ed
mmu-mir-4f 5 Pik3r1 ] Mucin type O-Glyca .
mmu-mir-19%-¢ § 4s08s - ) e B mmy-mir-200a-3p NE-kappa B signalin, Functions
mmu-mir-200a-; § 21821 - HIF-1 signaling pathway 5 0.135
Pkib 7 53457 B mmu-mie381-3p o Adrenergic signaling in cardion 6 0.135
mmu-mir-337-3) 6 2411 - o p Pt e Toxoplasmosis 50146
mmu-mir-127-3 6 75 - S ° Carbon metabolism 5 0149
mmu-mir-136-5) 6 195.15 - . Rassl’ln. - Rap] signaling pathway 7 0.149
Histlhld 6 74564 .F"“" - A r-m410-3p Glycosaminoglycan biosynthesi 2 0.15
Tkefs 5 155.15 TR .:' :':m_ s B NN GMP-PKG signaling pathway 6 0.15
Foxn3 5 498.66 B mmu-mir-376b-3p O“@ff Apoplosis 4 0.15

4 4 Page1 of8 p M cluster 1 mmu-mir-429-3p - Oﬂmfﬁ Wnt3 . ., . e

View Options Path Finder Batch Highlight
Current Selections mmu-mir-200b-3p

mmu-mir-200c-3p

o Node Effect
&:rarl‘!lalulaynncmr Set size for: | Selected Nodes %

Runxltl Cluster 3 Decrease -- % Submit
:‘ﬁgﬂ CI u Ste r 2 Note: you can increase size of any particular node by

Gsk3b repeatedly clicking on it
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MicroRNA Data (www.mirnet.ca)

News & Updates

s Added support for chicken (943 miRNAs &

7762 gene targets) (0

gene targets)

* Added support for dynamic network editing

(07,/18/2016); HEW

+ Updated FAGs
high-reselution network image (07/15/2

HEW

» Updated SVG Export to fully capture the

current network view (0
» Added Manual Batch Filter (under Network
Tools) to create network for a given list of

0

genes/miRNAs (07/8/2016); Mew

* Minor bug fixes and feature enhancement of
network visualization (06/20/2016);

= miRNet now supports old miRBase IDs from

v15 and above (03/30/2016);

Read more ....

Please Cite

Fan Y, Siklenka, K., Arora, SK., Ribeiro, P, Kimmins, S

and Xia, J. miRNet - dissecting miRNA-target

interactions and functional associations through

network-based visual analysis Nucl. Acids Res. (2016)

miRNet -- network-based visual analysis of miRNAs, targets

Click on an input area below to start analysis

Microarray

RNAseq

RT-qPCR

11

mRNA

miRNA

Small
molecule

Disease

IncRNA

Epigenetic
modifier

and functions

# Home ? FAQs 0 Tutorials ¥ W Resources 0 about

Overview

miRNet is an easy-to-use tocl with comprehensive support for statistical
analysis and functional interpretation of data generated in miRNAs studies.

Its main features include:

= Support for various inputs & statistics: miRNet accepts a list of miRNAs or
targets, or a data table from microarray, RNAseq or RT-gPCR experiments.
miRNet supports differential analysis using limma, edgeR and HTgPCR
metheds; enrichment analysis using standard hypergecmetric tests and

unbiased random sampling.

Comprehensive functional annotation: miRNet integrates data from eleven
different miRNA databases - TarBase. miRTarBase, miRecords, miRanda (S
mansoni only), miR2Disease, HWMDD, PhenomiR, SM2miR, PharmacomiR,
EpimiR, and starBase. It currently supports nine erganisms - Human, Mouse,

Rat, Cattle, Chicken, Zebra fish, Fruit fly, C. elegans and S. mansoni.

Creation of miRNA-target interaction networks: miRNet provides a wide
array of opticns to allow researchers to build miRNA-target interaction
networks at different confidence levels. The resulting network can be further
optimized using different algerithms to improve visualization and

understanding.

High-performance network visual analytics: miRNet offers five types of
networks on miRNA-gene, miRNA-disease, miRNA-small molecule, miRNA-
IncRNA, and miRNA-epigenetic modifier. The system supports zooming,
highlighting. peint-and-click, drag-and-drop, enrichment analysis, etc. to

enable users to intuitively explore miRNAs, targets and functions.

ASCPT 2017
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Microbiome Data
(www.microbiomeanalyst.ca)

| MicrobiomeAnalyst -- comprehensive statistical, visual and meta-analysis of microbiome data

#i Home # Data Format 7 FAQs O Tutorials 0 About

Shotgun Data Profiling
(SDF)

Taxon Set Enrichment
Analysis (TSEA)

ASCPT 2017 Dhariwal, A et al. (2017) (under review)




Microbiome profiling & integration
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