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Learning Objectives

• Understanding of different data integration 
approaches

• Familiarity with tools for data integration and 
network visualization
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Introduction: A Systems Biology Framework

• The goal of Systems Biology:
– Systems-level understanding of biological systems
– Analyze not only individual components, but their interactions as well and 

emergent behavior
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Internal measurements
Exposures

Disease states

Systems Biology
“Integrative approach in which scientists study pathways and 

networks will touch all areas of biology, including drug 
discovery”

C. Henry and C. Washington



Integrative omics: dissecting the biological system via -omics
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Ritchie MD, Holzinger ER, Li R, Pendergrass SA, Kim D. 2015. Methods of integrating data to uncover genotype-phenotype interactions. Nat Rev Genet 16:85-
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“Information Overload”: >10,000 variables per –omics experiment



Why data integration?

• Systems level analysis provides:
– more detailed overview of underlying mechanisms;
– exploration of interactions between different 

biomedical entities (genes, proteins, metabolites, etc.) 

• Combining multiple types of data collected on the 
same subjects compensates for noise or 
unreliable information in a single data type

• More confidence in results if multiple sources of 
evidence pointing to the same gene or pathway
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Data integration study designs
• Paired or vertical integrative analysis

– Integrative analysis of multiple omics
datasets from the same N subjects

– Discover networks of associations or 
correlated variables (e.g. genes, 
proteins, metabolites, microbiome, 
epigenetic alterations, clinical 
variables)

• Univariate or multivariate regression
• Example: explaining protein abundance 

with respect to gene expression
• Horizontal integrative analysis 

– Meta-analysis of multiple 
studies/cohorts looking at the same 
type of data 

– Cross-laboratory or cross-platform 
comparisons

Eidem 2018, BMC Med Genomics
Ref: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6245874/
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Main approaches for data integration

• Pathway-based integration
– Pathway information from KEGG or other databases
– Datasets are analyzed individually (differentially expressed genes, 

metabolites, proteins) and integration is performed at the pathway 
level

– Examples: MetaboAnalyst, iPEAP, MetScape, MetaCore
• Data-driven integration using meta-dimensional analysis

– Integration is performed globally such that data from multiple omics
layers are combined simultaneously

– Interpretation using pathway analysis tools
– Examples: 3Omics, mixOmics, xMWAS

• Using literature-derived associations for integration
– Using co-occurrence criteria for establishing relationship
– Examples: HiPub, CoPub, ArrowSmith
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Pathway-based data integration - I

G1 G2 - Gq

Subject1 19 19 - 100

Subject2 10 40 - 90

- - - - -

SubjectN 10 40 - 50

M1 M2 - Mp

Subject1 199 19 - 100

Subject2 10 40 90

- - - -

SubjectN 50 30 - 20

Metabolomics data
(n subjects X p metabolites)

Transcriptomics data 
(n subjects X q genes)

Over-represented pathways

Pathway analysis for genes

Differentially 
expressed
metabolites

Differentially 
expressed
genes

Over-represented pathways
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		Rank

		Pathway ID (hsa:)

		Pathway Title



		1

		00260

		Glycine, serine and threonine metabolism



		2

		00340

		Histidine metabolism



		3

		00480

		Glutathione metabolism



		4

		00450

		Selenoamino acid metabolism



		5

		00360

		Phenylalanine metabolism



		6

		00071

		Fatty acid metabolism



		7

		00330

		Arginine and proline metabolism



		8

		00561

		Glycerolipid metabolism



		9

		00380

		Tryptophan metabolism



		10

		00250

		Alanine, aspartate and glutamate metabolism








		Rank

		Pathway ID (hsa:)

		Pathway Title



		1

		04974

		Protein digestion and absorption



		2

		02010

		ABC transporters



		3

		00250

		Alanine, aspartate and glutamate metabolism



		4

		00330

		Arginine and proline metabolism



		5

		00480

		Glutathione metabolism



		6

		00260

		Glycine, serine and threonine metabolism



		7

		00910

		Nitrogen metabolism



		8

		00460

		Cyanoamino acid metabolism



		9

		00270

		Cysteine and methionine metabolism



		10

		00770

		Pantothenate and CoA biosynthesis









Pathway-based data integration - I

G1 G2 - Gq

Subject1 19 19 - 100

Subject2 10 40 - 90

- - - - -

SubjectN 10 40 - 50

M1 M2 - Mp

Subject1 199 19 - 100

Subject2 10 40 90

- - - -

SubjectN 50 30 - 20

Metabolomics data
(n subjects X p metabolites)

Transcriptomics data 
(n subjects X q genes)

Over-represented pathways

Pathway analysis for genes

Differentially 
expressed
metabolites

Pathway rank aggregation

Differentially 
expressed
genes

Over-represented pathways

iPEAP (Sun 2013)12


		Rank

		Pathway ID (hsa:)

		Pathway Title



		1

		00260

		Glycine, serine and threonine metabolism



		2

		00340

		Histidine metabolism



		3

		00480

		Glutathione metabolism



		4

		00450

		Selenoamino acid metabolism



		5

		00360

		Phenylalanine metabolism



		6

		00071
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		00380
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		00250
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		2
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		4
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		5
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		6
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		7
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		8

		00460
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		10
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Pathway-based data integration - II

G1 G2 - Gq

Subject1 19 19 - 100

Subject2 10 40 - 90

- - - - -

SubjectN 10 40 - 50

M1 M2 - Mp

Subject1 199 19 - 100

Subject2 10 40 90

- - - -

SubjectN 50 30 - 20

Metabolomics data
(n subjects X p metabolites)

Transcriptomics data 
(n subjects X q genes)

Differentially 
expressed
metabolites

Differentially 
expressed
genes

MetaboAnalyst4.0 – Joint Pathway Analysis module

Over-representation
analysis in KEGG using
gene and metabolite IDs
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Main approaches for data integration

• Pathway-based integration
– Pathway information from KEGG or other databases
– Datasets are analyzed individually (differentially expressed genes, 

metabolites, proteins) and integration is performed at the pathway 
level

– Examples: MetaboAnalyst, iPEAP, MetScape, MetaCore
• Data-driven integration using meta-dimensional analysis

– Integration is performed globally such that data from multiple omics
layers are combined simultaneously

– Interpretation using pathway analysis tools
– Examples: 3Omics, mixOmics, xMWAS

• Using literature-derived associations for integration
– Using co-occurrence criteria for establishing relationship
– Examples: HiPub, CoPub, ArrowSmith
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Relevance networks
• What is a network (or graph)?

– A set of nodes (vertices) and edges (links)
– Edges describe a relationship (e.g. correlation) between the nodes

• What is a relevance network?
– Networks of highly-correlated biomedical/clinical entities (Butte 2000; 

PNAS)
– Metabolomics x Proteomics, Transcriptomics x Proteomics, 

Metabolomics x Microbiome, Metabolomics x Clinical 
variables/phenotypes, etc.

– Generate a bipartite graph network
using a association threshold
(e.g. 0.5) to visualize positive or
negative associations

Circles: genes
Rectangles: metabolites 15



Methods for generating relevance 
networks

• Univariate
– 3Omics (Kuo 2013; a web-based tool for analysis, integration and visualization 

of human transcriptome, proteome and metabolome data)
– MetabNet (Uppal 2015; R package for performing pairwise correlation analysis 

and generating relevance networks)

• Multivariate
– Multivariate regression techniques such as partial least squares (PLS), sparse 

partial least squares regression (sPLS), multilevel sparse partial least squares 
(msPLS) regression, etc. 

– mixOmics (Cao et al. 2009, Liquet et al. 2012; R package for integration and 
variable selection using multivariate regression)

– xMWAS (Uppal 2018): a data-driven integration and differential network 
analysis 

• Availability: https://kuppal.shinyapps.io/xmwas (Online) and 
https://github.com/kuppal2/xMWAS/ (R)
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3Omics: a web-based tool for analysis, integration and 
visualization of human transcriptome, proteome and 
metabolome data (Kuo 2013, BMC Systems Biology)

• Web-based tool
• Correlation analysis and 

network visualization
• Additional features:

– Metabolic pathway analysis
– Gene ontology enrichment 

analysis
– Hierarchical clustering 

analysis

URL: http://3omics.cmdm.tw/
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Transcriptomics Metabolomics Proteomics

Pairwise (sparse) Partial Least Squares regression for data integration (Cao 2009) 

Approximation of Pearson correlation using PLS components

Filtering based on |r|>threshold and p-value<alpha criteria

Proteins
Metabolites

Genes

Positive correlation
Negative correlation

Community (clusters) detection and 
centrality (importance) analysis

xMWAS: a data-driven integration and differential 
network analysis (Uppal 2018, Bioinformatics)

URL: https://kuppal.shinyapps.io/xmwas/
R package: https://github.com/kuppal2/xMWAS
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T_example.csv

		Gene		Sample 1		Sample 2		Sample 3		timepoint4		timepoint5

		akap9		-0.24		-0.6		-0.47		-0.38		-0.31

		macf1		-0.3		-0.3		0.48		0.07		-0.36

		RNPEP		0.24		0.85		0.15		0.79		0.69

		SDHA		0.1		0.37		0.18		0.23		0.33

		EEF1B2		-0.04		-0.31		0.06		-0.39		-0.46

		EEF1D		0.07		0.29		0.22		0.75		0.47

		EIF4A1		0.42		0.65		0.66		0.97		0.78

		WARS		1.47		1.72		0.58		1.79		1.69

		G3BP2		0.15		0.09		0.1		0.2		-0.22

		PAK2		-0.21		-0.14		-0.15		-0.31		-0.4

		PPP4C		-0.13		0.05		-0.09		0.21		-0.12

		ZNF224		-0.06		0.31		0.17		0.27		0.61

		ZNF268		-0.23		0.08		0.01		0.1		-0.1

		TRRAP		0.07		-0.12		0.41		0.45		-0.09

		RAD23B		-0.07		-0.32		-0.02		-0.02		-0.44

		TARDBP		0.23		0.18		0.39		0.63		0.23

		CSTF2		0.51		0.65		0.71		1.18		0.89

		PSMC2		0.82		0.57		1.15		1.75		0.58

		F8		-0.19		-0.02		-0.35		-0.82		-0.81

		MYOM1		-0.28		-0.29		-0.54		-1.06		-1.03

		ACTR3		0.57		0.48		0.39		0.32		0.72

		ITPR2		0.62574		1.771		-0.057392		1.2612		1.7769

		NUCB2		-1.1943		-0.96016		-0.71549		-1.1877		-0.70604

		CAMK1		0.33342		0.87499		0.059355		0.062122		0.53605

		BCL2A1		2.2913		3.8479		-0.12343		1.6604		3.3933

		PDCD6IP		0.46362		0.88049		0.20539		0.36177		0.62012






M_example_pubchem.csv

		Metabolite		Sample 1		Sample 2		Sample 3		std_c1		std_c2

		4277439		-0.31099366		-0.279299492		-0.254851662		-0.259874208		-0.25367874

		441		-0.296787214		-0.28959084		-0.267482271		-0.280220872		-0.282878123

		69362		-0.318369197		-0.282853281		-0.272917019		-0.28166765		-0.274321918

		10258		-0.061411595		-0.118046711		-0.12316621		-0.091723313		-0.098830914

		175		-0.264645013		-0.245734095		-0.240731947		-0.235421846		-0.258517945

		71080		-0.178003228		-0.056429964		-0.072542834		-0.06247087		-0.098987389

		6267		-0.249552394		-0.259909708		-0.239003886		-0.233334365		-0.243137319

		247		-0.272269785		-0.242893511		-0.212052126		-0.209543487		-0.228559227

		311		1.391402953		1.645184544		1.717974472		1.753794473		1.680462343

		588		7.284032053		7.229906851		7.449566407		7.335380625		7.42755297

		674		-0.030995584		0.041425643		0.034193603		-0.023923898		0.005435178

		700		-0.025097001		-0.062186453		-0.058172106		0.011859391		-0.067525359

		284		-0.11928048		-0.144599153		-0.175669952		-0.161387694		-0.19983695

		17106		-0.167489165		-0.248769103		-0.208626377		-0.214370408		-0.218961455

		5961		0.079134378		-0.05002853		-0.025077222		-0.058417988		-0.054973762

		750		0.617876247		0.538236357		0.289575856		0.512102482		0.495305525

		464		1.792026592		2.117492518		1.267075721		1.766107235		1.348643239

		6274		0.104002582		0.010761558		-0.109940227		-0.066315957		-0.028807882

		6106		-0.303585815		-0.288823496		-0.267021335		-0.278698769		-0.274031047

		6329		-0.298804178		-0.293743911		-0.27631731		-0.278409586		-0.280677873

		673		-0.312244455		-0.276489978		-0.266344225		-0.275571443		-0.277383259

		7405		-0.121306675		-0.124458973		-0.103670257		-0.136437489		-0.127352558

		1060		-0.313269092		-0.290357242		-0.265857385		-0.282841696		-0.272289663

		1066		-0.246552333		-0.25737512		-0.223631784		-0.232235645		-0.251339296

		5951		-0.191803512		-0.160090549		-0.125169849		-0.141660088		-0.112907901

		1110		-0.25172167		-0.244985111		-0.232989842		-0.248290462		-0.26086315

		6288		-0.237662919		-0.231310389		-0.208158295		-0.210320989		-0.217478303

		5570		0.112628914		0.034665017		-0.083004993		-0.093850621		-0.141656098

		6305		-0.203097591		-0.249724281		-0.242714593		-0.240332752		-0.235135976

		6057		-0.189154227		-0.227661035		-0.231341731		-0.21906486		-0.22939632

		6287		-0.283097701		-0.275451946		-0.261296269		-0.269314194		-0.265497881

		643757		-0.213417804		-0.115039949		-0.099036339		-0.184466872		-0.153395561

		892		-0.260412618		-0.19476318		-0.117792652		-0.19505493		-0.225411488

		444212		-0.299044183		-0.274583389		-0.264025703		-0.249971876		-0.264835502

		64969		-0.248813918		-0.238899088		-0.193733076		-0.210088951		-0.202956849






P_example.csv

		Protein		Sample 1		Sample 2		Sample 3		timepoint4		timepoint5

		P14060		2.06		1.2		1.61		0		-0.03

		P26439		1.8		3.57		2.04		2.49		2.69

		P29372		-0.64		-0.71		-0.21		-0.3		-1.16

		Q96J02		-0.52		-1.34		-0.15		-0.99		-1.97

		P52209		1.35		2.2		1.47		1.16		0.51

		P80370		1.12		0		0.56		1.46		-0.01

		P05112		0.93		-0.93		-3.28		0		-0.4

		Q9BQI3		-0.85		0		-2.07		-0.26		-1.89

		O43318		1.82		-0.21		-0.53		0		-1.16

		O95257		-0.27		-0.65		0.82		-2.07		0

		Q7L7X3		-0.22		0		-0.36		-0.14		0.32

		P22694		-2.01		-0.63		0.65		0.15		-0.97

		Q13105		-0.41		0.95		-1.49		0		-1.41

		Q15329		-0.38		-0.26		-0.27		0.2		-1.56

		P23771		0.75		1.03		0.44		0		1.4

		Q92985		0.13		-0.49		0.36		-0.71		-1.54

		Q15788		1.18		0.94		1.27		1.98		1.53

		Q15413		1.8		3.57		2.04		2.49		2.69







Sparse Partial Least Squares (PLS) regression 
method (Cao 2009, Liquet 2012)

• sPLS is a variable selection and dimensionality reduction method that allows 
integration of heterogeneous omics data from same set of samples

• Robust approximation of Pearson correlation using regression and latent 
(principal) variates

• Multilevel sparse PLS – accounts for repeated measures
• Eg: transcriptome (matrix X) and metabolome (matrix Y) data 

where,
matrix X is an n × p matrix that includes n samples and p metabolites
matrix Y is an n × q matrix that includes n samples and q genes

Objective function
max cov(Xu,Yv)

where 
u1, u2…uH and v1, v2…vH are the loading vectors
H is the number of PLS-DA dimensions

A Lasso based optimization is used to select most relevant variables

X1 X2 - Xn

Y1 0.4 0.9 - 0.3

Y2 0.7 0.1 - 0.5

Y3 0.1 0.6 0.8

Association matrix using
the PLS components
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Community detection
• Community: set of densely connected nodes that have 

more connections with the nodes in the same community 
as compared to nodes in other communities

• Multilevel community detection: a multi-step procedure
1) each node is assigned to a different community
2) each node is moved to a community with which it achieves the 
highest positive contribution to modularity
3) Step 2  is repeated for all nodes until no improvement can be 
achieved
4) Each community after step 3 is now considered a node and step 
2 is repeated until there is a single node left or the modularity can 
no longer be improved
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Centrality analysis
• Centrality: measure of importance of a node in the network
• Common centrality measures

– Eigenvector: based on the number and quality of connections
– Betweenness: based on the extent to which a node lies on the 

path between other nodes
– Degree.count: based on the number of connections
– Degree.weight: based on the magnitude of edges (association 

scores)
– Closeness: based on the closeness of a node to all other nodes

• Differential centrality analysis: delta centrality between two 
conditions (e.g. |centralityexposed – centralitycontrol|

21



xMWAS: https://kuppal.shinyapps.io/xmwas/
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Step 1. Upload data files

https://kuppal.shinyapps.io/xmwas/
(See: Help & Support) 23

https://kuppal.shinyapps.io/xmwas/


Step 2. Data preprocessing and filtering

https://github.com/kuppal2/xMWAS/blob/master/example_manual_tutorial/xMWAS-manual.pdf24



Step 3. Set parameters for integration and 
association analysis 

https://github.com/kuppal2/xMWAS/blob/master/example_manual_tutorial/xMWAS-manual.pdf
25



Step 4. Select method for centrality analysis

• Eigenvector: based on the number and quality of 
connections

• Betweenness: based on the extent to which a node lies 
on 

• the path between other nodes
• Degree.count: based on the number of connections
• Degree.weight: based on the magnitude of edges 

(association
• scores)
• Closeness: based on the closeness of a node to all other 

nodes 26



Step 5. Click on “Start processing”

27



Additional methods

• Additional methods
– MINT and Diablo in mixOmics R packages for 

horizontal and vertical data integration
– Recent review article by Meng et al. in 

Bioinformatics reviewed over 20 dimensionality 
reduction methods for data integration

28



Comparison of 5 methods for assessing pairwise
associations between variables implemented in MetabNet, 

3Omics, xMWAS, and mixOmics

3Omics MetabNet xMWAS mixOmics

Pearson correlation x x x x

PLS (regression) x x

PLS (canonical) x x

Regularized 
canonical correlation 

analysis (RCC)
X

sparse generalized 
canonical correlation 

analysis (sGCCA)
x

29



T cell responses to H1N1v and a longitudinal study 
of seasonal influenza vaccination (TIV) - 2011

(https://www.immport.org/shared/study/SDY112)

• Transcriptomics at day 0: 18,867 genes
• Flow cytometry at day 0: 24 cells
• Antibody at day 0 and 28: 3 antibodies (California, Perth, and 

Brisbane)
• Number of subjects:

– Total: 89
– 85 had matching gene expression, flow cytometry, and antibody 

data at day 0
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A. Pearson Correlation B. PLS – regression mode

C. Regularized canonical correlation
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A. Pearson Correlation B. PLS – regression mode

C. Regularized canonical correlation
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Inflated association
scores using methods A and 
D – interpretation challenges!
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Main approaches for data integration

• Pathway-based integration
– Pathway information from KEGG or other databases
– Datasets are analyzed individually (differentially expressed genes, 

metabolites, proteins) and integration is performed at the pathway 
level

– Examples: MetaboAnalyst, iPEAP, MetScape, MetaCore
• Data-driven integration using meta-dimensional analysis

– Integration is performed globally such that data from multiple omics
layers are combined simultaneously

– Interpretation using pathway analysis tools
– Examples: 3Omics, mixOmics, xMWAS

• Using literature-derived associations for integration
– Using co-occurrence criteria for establishing relationship
– Examples: HiPub, CoPub, ArrowSmith
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Text mining tools for literature-based 
relation discovery biomedical text

Zhiyong Lu, “PubMed and beyond: a survey of web tools for 
searching biomedical literature”, Database Vol. 2011

Association mining based on 
co-occurrence 34



HiPub (Lee 2016): http://hipub.korea.ac.kr/

35



HiPub (Lee 2016): 

36



Case Study: Integrative analysis of platelet metabolome with 
mitochondrial bioenergetics 

N=13 healthy volunteers 
Mitochondrial bioenergetics: 6 energetic parameters (ATP-linked, basal, proton 

leak, maximal, non-mitochondrial, and reserve capacity OCR) 
High-resolution metabolomics: 2,705 metabolic features

Chacko BK, Smith MR, Johnson MS, Benavides G, Culp ML, Pilli 
J, Shiva S, Uppal K, Go YM, Jones DP, Darley-Usmar VM. 
Mitochondria in precision medicine; linking bioenergetics and 
metabolomics in platelets. Redox Biol. 2019

Collaboration between Emory and UAB
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Case Study: Application of xMWAS for integrative network 
analysis of metabolome and metallome datasets from the 

Strong Heart study 

N=145 (12 American Indian communities; free of type-2 diabetes) 
Metallome: urinary concentrations of 12 metals

Metabolome: High-resolution metabolomics data for 8,810 features

Collaboration between Emory and Columbia Universities
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Metallome-metabolome integrative network using xMWAS

Zn: bile acid; prostaglandin; 
leukotriene; glycosphingolipid

Cd: steroid hormone; carnitine 
shuttle

Pb: carnitine shuttle

Se: Glycine, serine, alanine and 
threonine metabolism

Mo: Linoleate 
metabolism

AsBe and Sb: Asp and 
Asn; urea cycle

MMA: Vitamin B3 
(nicotinate and 
nicotinamide) 
metabolism

DMA and W: 
Arg and Pro; 
linoleate; 
Ala and Asp

Metabolites
Metals

Positive correlation
Negative correlation
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Case Study: Integrative network analysis of clinical, 
biomolecular (metabolites, microRNAs, plasma protein 

markers, and cytokines), and environmental exposure data from 
a dataset of 66 service personnel post-deployment 

Collaboration between Emory, Rochester, and 
Department of Defense
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Input data for xMWAS

Subject1 Subject2 - Subject N

Metabolite 
1

199 19 - 100

- - - -

miRNA 1 50 30 - 20

- - - -

Cytokine 1 33 12 - 39

1. Molecular data: metabolites, miRNAs, 
cytokines, and proteins

(3,274 molecular variables x 66 subjects)

42

ICD-9; (49 any cardiopulmonary ICD-9 
codes x 66 subjects)

Subject1 Subject2 - Subject N

Dim 1 199 19 - 100

Dim 2 10 40 90

- - - -

Dim r 50 30 - 20

2. Environmental chemicals
(5 variables x 66 subjects)

Subject1 Subject2 - Subject N

chemical 1 3 2.5 - 13

chemical 2 1 4 - 9

- - - -

chemical s 5 3 - 2

Subject1 Subject2 - Subject N

4019 0 1 - 0

4011 1 1 - 0

- - - - -

49301 1 0 - 0

3. Multiple correspondence analysis 
(8 dimensions x 66 subjects)

(Only dimensions with >5% variance explained were included)
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BPDE

ICD9_Dim1
(Cardiovascular)

ICD9_Dim3
(Respiratory)

ICD9_Dim2
(Rhinitis and 
sinusitis)

Dioxins
(PC2) Dioxins (PC1 and PC3)

Cotinine

|r|>0.3; p<0.05



• Bubble plot showing 
metabolic pathways 
associated with 
clinical
and environmental 
exposures data

• Metabolic pathway 
analysis performed 
using Mummichog
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Current challenges and future work
• Development of hybrid methods

– combined knowledge-based and data-
driven approaches

– incorporation of literature-derived 
associations in xMWAS

• Using co-occurrence criteria for
establishing relationship (PolySearch2.0)

• Improving scalability
– Ability to handle >100,000 variables 
– Performing integrative analysis at
communities, clusters, or eigenvariables
(first PCs) level

Li et al., 2017. Cell 169, 862–877
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Summary
• Various tools and techniques are available for 

integrating and visualization multi –omics data
• Integrative –omics drives systems biology and 

could play a critical role in personalized 
medicine
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Questions?
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Email: kuppal2@emory.edu



Hands-on exercises
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1. HiPub
Go to: http://hipub.korea.ac.kr/
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Steps for installing HiPub

• Install Chrome browser: 
https://www.google.com/chrome/browser/desktop/

• Install the HiPub
plugin:https://chrome.google.com/webstore/detail/hi
pub/jlbmiklekmigmbmcodhjgdpooldjcjam

• Test installation: 
https://www.ncbi.nlm.nih.gov/pubmed/24009732
– You should see an annotated title and abstract 

when you go to the PubMed page above as 
shown on the next slide
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2. xMWAS: Web version

• URL: https://kuppal.shinyapps.io/xmwas/
• Input files: 

https://github.com/kuppal2/xMWAS/upload/
master/example_manual_tutorial
– exh1n1_transcriptome.txt
– exh1n1_metabolome.txt
– exh1n1_cytokine.txt
– exh1n1_classlabels.txt
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https://github.com/kuppal2/xMWAS/upload/master/example_manual_tutorial
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Results
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Download results
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3. xMWAS R package installation
instructions for Windows

• Install R: https://cran.cnr.berkeley.edu/
• Install R dependencies

– R command for installation:
source("https://bioconductor.org/biocLite.R");
biocLite(c("GO.db","graph","RBGL","impute","preprocessCore"),dependencies=TRUE);
install.packages(c("devtools","WGCNA","mixOmics","snow","igraph","plyr","plsgenomics")
,dependencies=TRUE,type="binary", repos="http://cran.r-project.org")

• Install R package xMWAS
– R command for installation:
library(devtools); install_github("kuppal2/xMWAS")

• Test installation:
– R command for loading the package:

library(xMWAS)
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xMWAS R package installation
instructions for Mac OS X

• Install Xquartz: https://www.xquartz.org/
• Install R: https://cran.cnr.berkeley.edu/
• Install R dependencies

– R command for installation:
source("https://bioconductor.org/biocLite.R");
biocLite(c("GO.db","graph","RBGL","impute","preprocessCore"),dependencies=TRUE);
install.packages(c("devtools","WGCNA","mixOmics","snow","igraph","plyr","plsgenomics")
,dependencies=TRUE,type="source", repos="http://cran.r-project.org")

• Install R package xMWAS
– R command for installation:
library(devtools); install_github("kuppal2/xMWAS")

• Test installation:
– R command for loading the package: library(xMWAS)
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R script for xMWAS using the example dataset
(URL: 

https://github.com/kuppal2/xMWAS/blob/master/example_man
ual_tutorial/example_xmwas_runscript_v0.5.R)

#load package
library(xMWAS)

#example dataset that includes metabolome, transcriptome, and cytokine data from the H1N1 mice study (Chandler 2016)
data(exh1n1)
data(classlabels_casecontrol) #example classlabels file for case vs control design
data(classlabels_repeatmeasures) #example classlabels file for repeat measures design
xMat<-exh1n1$metabolome
yMat<-exh1n1$transcrlptome
zMat<-exh1n1$cytokine
classlabels<-exh1n1$classlabels

output<-"/home/kuppal2/xMWASv0.54output/"

#call the run_xmwas() function:
xmwas_res<-run_xmwas(Xome_data=xMat,Yome_data=yMat,Zome_data=zMat,Wome_data=NA,outloc=output, 
classlabels=classlabels,class_fname=NA,xmwasmethod="spls",plsmode="canonical",max_xvar=1000,max_yvar=1000, 
max_zvar=1000,max_wvar=1000,rsd.filt.thresh=1,corthresh=0.7,keepX=100,keepY=100,keepZ=100,keepW=100, 
pairedanalysis=FALSE,optselect=TRUE,rawPthresh=0.05,numcomps=10,net_edge_colors=c("blue","red"), 
net_node_colors=c("orange", "green","cyan","pink"),Xname="X",Yname="Y",Zname="Z",Wname="W", 
net_node_shape=c("rectangle","circle","triangle","star"),all.missing.thresh=0.7,missing.val=0, 
seednum=100,label.cex=0.2,vertex.size=6,graphclustering=TRUE,interactive=FALSE,max_connections=100000, 
centrality_method="eigenvector",use.X.reference=FALSE,removeRda=TRUE,compare.classes=TRUE,class.comparison.allvar=TRUE) 
suppressWarnings(try(sink(file=NULL),silent=TRUE))
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xMWAS output
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Input Parameters
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Description of output: Readme.txt
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Network graphs
A. Colored by data type

Positive correlation
Negative correlation

Cytokines

Metabolites

Genes

B. Colored by community membership
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Community detection and centrality 
analysis
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Pairwise results – X<->Y, X<->Z, Y<->Z
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