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fragments definition

— small subgraphs are building blocks of networks

— subgraphs characterize local network structure

transcription neuron synaptic ecological
network connection network food web
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— fragments = connected subgraphs of networks [EK15]
— motifs = frequent non-induced subgraphs [MSOI*02]
— graphlets = specific induced subgraphs [PCJ04]

see mfinder and orca for implementations
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https://www.weizmann.ac.il/mcb/UriAlon/download/network-motif-software
http://www.biolab.si/supp/orca/
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motifs definition

— fragments characterize network-wise

— motifs are frequent fragments [MSOIT02]
probability of motif appearing in random graph
is <0.01
— (un) motifs consisting of three to five/six/seven
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motifs significance

— motif significance Z with normal distribution N(0. 1)
— 7 is number of motifs i in random graph with variance 57

— n; is number of motifs | in real network

i = n,%(ﬁ,) ni — (n;) > 0.1(n;)
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— n/o estimated by motif preserving randomization [MSOIT02]

Network Nodes _ Edges | Nreal Nrand=SD_ Zscore | Nreal Nrand#SD Zscore | Mreal Nrand #SD_ Zscore
‘Neurons X Feed X ‘Bifan X Bi-
v forward LN parallel
Y I ¥, z
v oo z W N/
M w
Cocleganst 252 509|125 o0x10 37 127 s5s13 53 27 35210 2
Food webs X “Three X B
v chain ZE ‘parallel
Y Y, z
v N
z w
Lite Rock 92 o4 |3219 32050 21 |795 2202210 25
Yihan 8 st s 102020 72 |37 23050 23
StMartin 42 205 | a9 as0xi0  Ns | 3% 130:20 12
Electronic circuits X Feed- XY Bifan 753 B
(forward logic chips) v forward v 2 parallel
Yy loop N
v z W W
z
S15850 1038 14290 [424 222 285 1040 11 1200 40 2x1 335
538584 20717 34204 413 1023 120 1739 6x2 500 T 9x2 30
s38417 2843 3661|612 32 400 2004 1x1 2550 31 2x2 340
World Wide Web Feedback | X Fully X Uplinked
with two connectea | /1 N ‘mutual
mutual | Y triad 1>z dyad
dyads s>
ndeds§ 325729 1466 | 10e5 2e3xie2 800 | 68e6  Sedsded 15000 | 12¢6 teax2e2 5000

3/11 © Lovro Subel



motifs examples

motif Z-scores of class software networks [VS05]
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motif Z-scores of spatio-temporal crime networks [DM15]
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motifs profiles

— motif significance profile SP [MSOI*02] defined as

— Z; is significance of motif i in real network

SPi=fm  Zi=05E iz

— motif abundance/ratio profile RP [MIK*04] defined as

— A is abundance of motif i in real network

A . _ni—(nj) _
Rb: = A7 Ai = ni+(nj)+e; & =4
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motifs families

— directed motif significance profiles [MSOIT02]
— profiles reveal (super)families of real networks
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graphlets definition

— fragments characterize node-wise local structure

— graphlets are specific induced fragments [PCJ04]

— graphlet orbits are automorphisms of graphlets [Prz07]

— (un)directed graphlets consisting of three to five/... nodes
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all 30 undirected two- to five-node graphlets with 73 orbits
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graphlets frequency

— relative graphlet frequency F [PCJ04] defined as
— nj is number of graphlets i in real network

Fi

nj

2o

GrphleFrequencie in Yeast PP ad ER-DD Networks

et PP GEO-2D, GEO3D.

T 0567 8 SIS 6T oA 222426712820 TR A5 67 R S 0TI 4961 802031 2292425367738
Graphiet Gaphiet
SF Newworks

3 tines denser GEO.3D Networks
High Confdence PP Gaph —
Teson Randor

Rindr

TS 678 OIS Ie 1T IR 2212425267128
Gaptler

T3R5 678 SN RS Ten R A BB
Grphlet

graphlet frequency in protein network and random graphs
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graphlets distribution

— i-th orbit graphlet degree distribution p! [Prz07] defined as

— plis degree distribution py of real network

— pj is graphlet degree distribution for i-th orbit
— Pl is scaled graphlet degree distribution for i-th orbit
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11th and 16th orbit graphlet degree distributions of protein network and random graph
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graphlets agreement

— i-th orbit graphlet agreement A; [Prz07] defined as
— Pl is i-th orbit graphlet degree distribution of first network

— qy is i-th orbit graphlet degree distribution of second network

— ~i\2
A= 1—1/35, (log ) — log B}
— arithmetic/geometric graphlet agreement A defined as
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arithmetic/geometric graphlet agreement of protein networks and random graphs
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graphlets measures
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Graphiet Frequencies in Yeast PPL, GEO-2D, GEO-3D, and GEO-4D Netwarks
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relative graphlet frequency [PCJ04]
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graphlet distribution agreement [Prz07]
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graphlet correlation matrix and distance [YMDD™ 14]
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