


LEARNING OUTCOMES

Understand what motifs are
Analyse a network using motifs
Count motifs using different
algorithms
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What do these networks
have in common?



What do these networks A
have incommon?
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Milo et al. Network Motifs: Simple Building Blocks of Complex Networks (2002) - Science
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4 nodes and above (directed)

Quite too many
Difficult to compute

Often No clear explanation



4 nodes and above
(undirected)
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Feed-forward loop
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Neurons Food webs

Gene regulation WWW

Electronic circuits



Terrorism
FAN ~
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Felmlee et al. Social Network Motifs: A Comparison of Building Blocks
across Multiple Social Networks (2017) dais-ita




Motifs profiling

Phasel
Counting




Types of algorithms

Approach Type
Fnumeration “Classical”

Single subgraph
Encapsulation
Analytic Matrix-based

Decomposition



Table 2. Overview of all major exact algorithms.

Year Approach Type k-restriction Orbit Directed Code
MFINDER [121] 2002 Enum. Classical None X v [9]
ESU [193, 196] 2005 Enum. Classical None X v [194]
ITZHACK [71] 2007 Enum. Classical <5 X v X
GROCHOW [56] 2007 Enum. Single-subgraph None X v X
KavosH [78] 2009 Enum. Classical None X v (122]
GTRIES [147, 149] 2010 Enum. Encapsulation None v v (144]
RAGE [102, 103] 2010  Analytic = Decomposition <5 X v (104]
NEMo [85] 2011 Enum. Single-subgraph None X v [155]
NETMODE [92] 2012 Enum. Encapsulation <6 X v [93]
SCMD [185] 2012 Enum. Encapsulation None X X X
Acc-Morrr [110, 111] 2012  Analytic Decomposition <6 X v [109]
ISMAGS [40, 68] 2013 Enum. Single-subgraph None X v [133]
QUATEXELERO [80] 2013 Enum. Encapsulation None X v [81]
FASE [130] 2013 Enum. Encapsulation None X v [145]
ENSA [205] 2014 Enum. Encapsulation None X v X
ORcA [62, 63] 2014  Analytic Matrix-based <5 v X [64]
HasH-ESU [75] 2015 Enum. Encapsulation None X v X
SONG [176] 2015 Enum. Encapsulation None X v X
ORTMANN [127,128] 2016  Analytic Matrix-based <4 v v X
PGD [3, 5] 2016  Analytic Decomposition <4 v X [2]
PAaTcomp [61] 2017 Enum. Encapsulation None X v X
EscAPE [136] 2017  Analytic Decomposition <5 v X [168]
JESSE [112, 114] 2017  Analytic Matrix-based None v X [113]

Ribeiro et al. A Survey on Subgraph Counting: Concepts, Algorithms and Applications to Network
Motifs and Gravhlets (2019)



Classical enumeration algorithms

Mainidea:
1) randomly pick a node



Classical enumeration algorithms

Mainidea:
1) randomly pick a node

2) count all motifs this node forms



Classical enumeration algorithms

Mainidea:
1) randomly pick a node

2) count all motifs this node forms

3) remove the node



Classical enumeration algorithms

Mainidea:
1) randomly pick a node

2) count all motifs this node forms
3) remove the node

4) repeat until no nodes left


















Motifs profiling

Phaselll




Motifs profiling

Phasell
Benchmarking




Random network

Simple to generate
Simple to count motifs on

Not a good representation of real
networks



Z-score

Quantity that compares the
difference between the
observed and the expected
value in units of standard

deviation




Z-score
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Z-score

Motifs count
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Z-score

Motifs count Benchmark average count
X —(X)
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Motifs count Benchmark average count
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Benchmark
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CONFIGURATION MODEL
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Interbank loans

Squartini et al. Early-warning signals of topological collapse in interbank networks (2013) Sci. Rep.



Interbank loans

Er benchmark CM benchmark



Interbank loans

Er benchmark CM benchmark



Interbank loans









Interbank loans

(0



Interbank loans

(0



Interbank loans



Interbank loans









Temporal motifs




Temporal motifs

Fraud detection
Friendship prediction

Vendor identification

Liu et al. Temporal Motifs for Financial Networks: A Study on Mercari, JPMC, and Venmo Platforms (2025)



Temporal motifs




Temporal motifs




Temporal motifs




Temporal motifs




Temporal motifs




Temporal motifs




Past project

Network of passes

Do pass networks change
based on performance?

Do different networks
lead to goals?




Past project

When there’s a shot on goal,
reciprocity was lower




Final discussion

Motifs can tell us more about the system
Expensive to count

Sometimes difficult interpretation



