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Networks Analysis and Visualization

June Lai



Review: Pathway Analysis

First hour:
I Definition: Set-based analysis (non-graphical)
I' Underlying statistical hypotheses: Competitive vs. Self-contained
I Common statistical tests: Hypergeometric / 02 / GSEA (KS)
Recall O-values and multiple testing problem: FDR
Second hour:
I' Common databases: GO / KEGG / MSigDB / STRING / Reactome
I Requirements:

Dataset Gene set (with/without values)
Knowledge Database (hierarchical or not) & TH&#Z 7]

I Demonstration: STRING / STAGEs / WebGestalt
I Afterword: The art of fine-tuning

(00000000 B https://www.nature.com/articles/s41596-018-0103-9
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Outline

First hour:
I' Definition: Graphical analysis (Topological approach)
I' Common terms in graph theory
I' Common network models
I' Network centralities
Second hour:
I' Clustering
I Demonstration: Cytoscape (local/GUI) / igraph (R/python)
I' Visualization: Graphia / Arena3D / Circos
I Afterword: The art of fine-tuning

(oooooooo w
https://www.frontiersin.org/articles/10.3389/fbioe.2020.00034/full
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Common terms in graph theory

node (V) or vertex, entities
edge (E) relationship, directed or undirected, other edge types (e.g.
enhance, inhibit)
graph (G) V+E, connected, complete, weighted, bipartite
distance (d) property between two nodes
(k) node property, B EF/ L ERE,
(in-) EEFH / (out-) MHBEF

2 n
density graph property, IDlmlul = W, edge MIRE

degree

clustering coefficient (C) node property, ](D 1), #ER edge RIRE

average clustering coefficient graph property, |D|
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Common terms in graph theory
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Common terms in graph theory

V=ELvv v, o, v 3
Tl 00, €,.0.4]

o/ W:} _ /EI R PARS <og
ensity — - -
¢ | Craax | 5<4 '
dkd’wfﬂa cq = ﬂ =) = Ccz
voehfreenl 2X)
Cey= 250 oL =y
b4 T(Z % 73
—_— UV‘dTP(JjE—A Cey=Cc=0
— diedeA
\ okt g - \FlroRS o qee
~> o e >

717



Other network centralities

eccentricity node property, f2 &R AVEERE, -
diameter BiRE IRRNI REIEEH
radius 2ERE RG] RTIERH
characteristic path length EIRE MEIGY] R=ERH

i
wo

(I0000 00000 B https://mathworld.wolfram.com/GraphRadius.html
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Other network centralities

closeness graph property, tHFR/NARIN (?), Jﬂ—D

= : DB OEEBILES
betweenness node property, BRR&EEE XD, Scg e
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(00000000 B https://en.wikipedia.org/wiki/Centrality
(0000 DOCCM X https://www.researchgate.net/publication/296194726
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Common network models

Random Small-World Scale-Free
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Fig. 1 Comparison of random, small-world and scale free networks. Topological structure of benchmark
network models. Random and Small-world network topologies do not include hub nodes. In contrast,
scale-free topologies are characterised by the presence of small number of highly connected hub nodes
and a high number of feebly connected nodes. Presence of distinct hubs in scale-free networks make
them more vulnerable to targeted attacks, compared to random and small-world networks

(00000 000 — https://appliednetsci.springeropen.com/articles/10.1007/s41109-017-0053-0
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Outline

First hour:
I' Definition: Graphical analysis
I' Common terms in graph theory
I' Common network models
I' Network centralities
Second hour:
I' Clustering: Key ¥ definition of “distance”
I Demonstration: Cytoscape (local/GUI) / igraph (R/python)
I' Visualization: Graphia / Arena3D / Circos
I Afterword: The art of fine-tuning

(oooooooo w
https://www.frontiersin.org/articles/10.3389/fbioe.2020.00034/full
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J-means clustering

(10000 0O0CM @ https://en.wikipedia.org/wiki/K-means_clustering
J0000IOC ¥ https://en.wikipedia.org/wiki/File:K-means_convergence.gif
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Demonstration / Visualization

STRING v12 (web)
I' Clustering demo

I Export ¥ Cytoscape ¥ further analysis

Cytoscape v3.10.3 (local/GUI)
I Visualization, Layouts, can be manually adjusted
I' Common network statistics / enrichment analysis
I APP storell!
I R/js interfaces (R package: RCy3)

000000000 00000 ¥ https://manual.cytoscape.org/en/stable/
000000000 00O 00000 X https://apps.cytoscape.org/
000000000 © 0000000 X https://cytoscape.org/RCy3/
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Demonstration / Visualization

igraph (R/python)
I' Comprehensive graphical statistics and management

I' Visualization, various layouts, but the output can hardly be manually
adjusted

Arena3D (web shiny app/cytoscape app)

1 Multi-layered 3D for multi-omics or time-course

100000 00000 B https://igraph.org/r/doc/
0000000 ¥ https://pavlopoulos-lab-services.org/shiny/app/arena3d
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HAINEIIE T best practice XD

1. FEEZzREEEFERMVBAL (STRING/Cytoscape)
I' knowledge-based, databases required
I' data-driven, sample size required

BRAD or KBl ¥ E[EE network
2. trimming: node/edge/small subgraph
I pEzEsEsEs
3. &L STRING &% (no more than 3000 entities)

I = &% score sources I cut-offs

I' Best set size is around 300 to 1000
clustering BEERRER AN EANIRMARBESE—H
EESE 24 BEFRE
enrichment analysis G£& null background)

BBECRERENFHRER XD
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