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(last edit in spring '22, pack 22m9b; similar to pack M9b from 21 with
additional slide 2 & edits to the TADs section.)



Unsupervised Mining

Graph Analysis &
Community Detection Approaches



Graph Methods & Community Detection
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Adjacency Matrix & Graphs | : . s
Correlating rows or columns

R = AAT 0001 0101 0111
AT 0001 101 0 011
C=AA 0001 010l I 101

1110 1010 1110

mathworld.wolfram.com/AdjacencyMatrix.html



Network propagation-based prioritization

O Changes in gene rank before & after
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[Mohsen et al. Genome Biol. (‘21)]



Network Propagation in Biomedicine (Label propagation & Diffusion distance)

Map candidates to Map known disease genes Score candidates Set up ranking
interaction network to interaction network by distance/proximity to all  based on score
known disease genes
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e  Starting ~2008

e Limitations in nearest neighbor (B)
and shortest distance measures
(B-D)

e Leverages local and global
network topology
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e Mathematically rigorous

e Early methods: function prediction B §=00115)  © g=o00181 D Y0020
and gene-disease association

e Current methods: gene ranking,
subnetwork detection, gene-drug Koéhler, Bauer, Horn and Robinson (2008)
and TF-target associations, b p—————

patient sample stratification, etc.
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Unsupervised Mining

Community Detection
Application to Hi-C



Network modularity

Dolphin social network Political books
Newman Phy. Rev. E 2013
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Network modularity

degree of node i
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Network modularity
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Identifying TADs in multiple resolutions

network contact map , T '-‘- '
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schematic adapted from ref. [2]

.....Resuming from “Multi-omics pack”
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[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345]



Identifying TADs in multiple resolutions

104 T T L T T L | T T L T T L
10° 3 |
f(d)
10 + : 1
-
o
©
3 10" -
o
L g0 il
Modularity m 5 "
o 1 ‘\.{_H‘ﬂ : =5 -;;_:._:::‘_,
1 107 ¢ E * % . ey |
=— i =k ks f(|T— 7D .
? 2m Z b LI J N S
[2Y) 2| S ] §
10 ZEij — Z Wij; for 1 = 1,2,..N "*-‘_ﬁ - adapted from ref. [2] E
J J ' ‘%
10'3 " " I | " " sooa el " " R | " " TR A | P 3
104 10° 10° 10’ 108 10° =
genomic distance d (bp) E
[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345] "t



