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Overview today

Recap
Community detection

Cut-based perspective
Clustering perspective
Dynamical perspective
Inferential perspective
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Recap

Recap
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Recap

Networks
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Recap

Notation

Concept Symbol
Network (graph) G = (V ,E)

Nodes (objects, vertices, …) V
Links (ties, relationships, …) E

Directed — E ⊆ V × V — ”links”
Undirected — ”edges”

Number of nodes — |V | n
Number of edges — |E | m
Degree of node u deg(u)
Distance from node u to v d(u, v)
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Recap

Real-world networks

1 Sparse networks density
2 Fat-tailed power-law degree distribution degree
3 Giant component components
4 Low pairwise node-to-node distances distance
5 Many triangles clustering coefficient

Many examples: communication networks, citation networks,
collaboration networks (Erdös, Kevin Bacon), protein interaction
networks, information networks (Wikipedia), webgraphs, financial
networks (Bitcoin) …
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Recap

Advanced concepts

Assortativity, homophily
Reciprocity
Power law exponent
Planar graphs
Complete graphs
Subgraphs
Trees
Spanning trees
Diameter, eccentricity
Bridges
Graph traversal: DFS, BFS
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Recap

Centrality measures

Figure: Degree, closeness and betweenness centrality

Source: ”Centrality”’ by Claudio Rocchini, Wikipedia File:Centrality.svg
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Recap

Centrality measures: PageRank
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Recap

Centrality measures

Distance/path-based measures:
Degree centrality O(n)
Closeness centrality O(mn)
Betweenness centrality O(mn)
Eccentricity centrality O(mn)

Propagation-based measures:
Hyperlink Induced Topic Search (HITS) O(m)
PageRank O(m)
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Recap

Network projection

→

Image: http://toreopsahl.com
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Recap

Community detection

Figure: Communities: node subsets connected more strongly with each other
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Introduction

Introduction
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Introduction

Karate Club

WW Zachary, J Anthropol Res 33, 452–473, DOI 10.2307/3629752 (1977), M Newman, M Girvan, Phys Rev E 69,
026113, DOI 10.1103/PhysRevE.69.026113 (2004).
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Introduction

Mobile phone network

VD Blondel et al., J Stat Mech 2008, P10008, DOI 10.1088/1742-5468/2008/10/P10008 (2008).
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Introduction

Citation networks

Data Communications

Engineering Research

Clinical Coding

Medieval Iberia

Human Rights

Agroecology

Tardigrade Adaptations

Education

Cervical Cancer

Development Economics

Biodiversity Offsets

Cancer Nanomedicine

Folklore

Palliative Care

Spatial Planning

Lebanon

Referral Communication

Electric Circuits

Counterfeit Drugs

History of Astronomy

Synovial Disorders

Maternal Health

Farm Injuries

Social TV

Clinical Guidelines

Eugenics

Organotin Chemistry

Workspace Environment

Sustainable Urban Development

Casimir Effect

Cultural History

Nighttime Light Data

Water Quality

Curcumin

Petri Nets

Crayfish Invasions

Skew Distributions

Fullerenes

Chiral Separation

Ancient DNA

Wind Energy

Coastal Dynamics

Contraception

Medieval Studies

Neuronal Oscillations

Iterative Algorithms

Wood Science

Education

Brain-Computer Interfaces

Human Evolution

COVID-19 Modeling

Graph Theory

Information Retrieval

Sarcoma

Electrochemical Biosensors

Nursing Research

Heavy Metal Contamination

Gait Analysis

Atrial Fibrillation

Algebraic Geometry

Neurobiology of Addiction

Protein Structure Prediction

Cognitive Control

Robotic Control

Deep Learning

Antioxidants

Geopolymer Technology

Natural Language Processing

Metabolic Syndrome

Holographic Field Theories

Quantum Dot Physics

Language Teaching

Quantum Information

Climate ChangeAdsorption

Asymmetric Catalysis

Population Genetics

Alzheimer's Disease

Work EngagementSoil Carbon Dynamics

Knowledge Management

Tectonic Geochronology

VOSviewer

L Waltman, NJ van Eck, Communications in Information Literacy 63, 2378–2392, DOI 10.1002/asi.22748 (2012),
VA Traag, L Waltman, NJ van Eck, Sci Rep 9, 5233, DOI 10.1038/s41598-019-41695-z (2019).
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Introduction

Citation networks

Epoxy Composites

Plant Physiology

Finsler Geometry

Science Education

Regulation of Speech

Medieval Iberia

Death Studies

Calorimetry

Just War

Palliative Care

Rangeland Management

Religion and Media

Soil Quality

Diterpenoids

Elderly Care

Structural Analysis

Social Sciences in Latin Ameri

Lake Ecosystem

Work Meaning

Healthcare Litigation

Biomedical Science

Cervical Cancer

Marine Ecology

War Impacts

Geopolitics

Health in Aging

Epimedium

Stalking

Cultural History

Stoma Complications

Partial Order Chemistry

Digital Sovereignty

Prurigo Pigmentosa

Chicken Domestication

Economic Development

Sustainable Design

Exposome

Salutogenesis

History of Astronomy

Body Dysmorphic Disorder

Brain Lateralization

Medical Waste Management

Maternal Health

Green Bonds

Sugarcane Genetics

Chemistry Education

Dialogical Self

Dance Science

Energy Internet

Statistics

Counterfeit Drugs

Steroidal Saponins

Space Exploration

Methanotrophy

Hydroinformatics

Chemical Glycobiology

Aromaticity

Gender and War

Water Management
Big Data

Facial Fillers

Nontuberculous Mycobacterial D

Population Ageing

Hernia Repair

Fish Reproduction

Recycled Water Use

Model Theory

Urban Agriculture

Infertility

Qualitative Research

Dioxygen Activation

Icing Mitigation

Cancer Cost

Forest Biomass Estimation

Heterocyclic Medicinal Chemist

Spatial Neglect

Education

Stochastic Thermodynamics

Herbal Medicine Use

Nonlinear Optical Materials

Microbial Fuel Cells

Interacting Particle Systems

Cesarean Section

Gastric Cancer

Comminution

Linguistic Theory

Cancer and COVID-19

Sarcoma

Anomalous Diffusion

Lumbar Disc Degeneration

Particle Detectors

Data Sharing

Water Quality

Biomedical Spectroscopy

Origin of Life

Nutrient Cycling

Wind Energy

Organ Donation

Optical Atomic Clocks

Polypharmacy

Missing Data Analysis

Digital Epidemiology Cultural Studies

Game AI

Healthcare in Brazil

AI in Medicine

Suicidal Behavior

Mesoporous Materials

Palliative Care

Radiocarbon Dating

High-Temperature Superconducti

Ultra-Wideband Communications

Mental Health

Cancer Survivorship

Smart Cities

Optical CDMAGalaxy Formation

Neuropathic Pain

Coral Reef Resilience

Self-Assembly

Stroke

Adsorption

Explainable AI

Air Transportation

Silicon Photonics

Landslide Hazards

Collaborative Governance

Brain Stimulation

Banking and Finance

EMG Signal Analysis

Chemometrics

Melanoma

Traffic Safety

Self-Healing Polymers

COVID-19 Modeling

Aerosol Climate Hydrology

Plant Development

Social Media Addiction

Lithium-ion Batteries

Bibliometric Analysis

MicroRNA

Synaptic Plasticity

Seismicity

Protein Structure Prediction

Drug Discovery

Cognitive Control

Brain-Computer Interfaces

Medical Image Analysis

Emotion Recognition

Hydrogel Biomedical Applicatio

Antenna Design

Metal-Organic Frameworks

Memristor-based Computing

Neuronal Oscillations

Stochastic Gene Networks

Knowledge Management

Gene Networks

Brain Network Analysis

Deep Learning

Complex Networks

Wireless Sensor Networks

VOSviewer

L Waltman, NJ van Eck, Communications in Information Literacy 63, 2378–2392, DOI 10.1002/asi.22748 (2012),
VA Traag, L Waltman, NJ van Eck, Sci Rep 9, 5233, DOI 10.1038/s41598-019-41695-z (2019).
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Introduction

Label propagation algorithm
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UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Introduction

Label propagation algorithm
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UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Label propagation algorithm
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Introduction

Label propagation algorithm
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Introduction

Label propagation algorithm
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UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Introduction

Label propagation algorithm

0

1
2

3

4

56

7

8

9

10

11

Change label 0
Change label 5
Change label 6?

UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Introduction

Label propagation algorithm
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UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Introduction

Label propagation algorithm
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UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Introduction

Label propagation algorithm
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Introduction

Label propagation algorithm
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Introduction

Label propagation algorithm

0

1
2

3

4

56

7

8

9

10

11

Change label 0
Change label 5
Change label 11
Repeat everything.

UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Introduction

Label propagation algorithm
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Everything is maximal

UN Raghavan, R Albert, S Kumara, Phys. Rev. E 76, 036106, DOI 10.1103/PhysRevE.76.036106 (2007).
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Introduction

Community detection approaches

M Rosvall et al., in Advances in Network Clustering and Blockmodeling (John Wiley & Sons, Ltd, 2019), pp. 105–119, DOI
10.1002/9781119483298.ch4.
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Cut-based perspective

Cut-based perspective
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Cut-based perspective

Minimum cut
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Cut-based perspective

Minimum cut

min
{Vi}

1
2
∑

i
E(Vi ,V − Vi)

Easy to solve, min-cut, max-flow.
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Cut-based perspective

Ratio cut

min
{Vi}

1
2
∑

i

E(Vi ,V − Vi)

|Vi |

NP hard
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Cut-based perspective

Ratio cut approximation

min
{Vi}

1
2
∑

i

E(Vi ,V − Vi)

|Vi |
∼ min

x
xᵀLx

Laplacian L = D − A.
xi specific values, exact optimisation (NP Hard).
xi ∈ R, approximation, second eigenvector (Fiedler vector).

U von Luxburg, Stat Comput 17, 395–416, DOI 10.1007/s11222-007-9033-z (2007).
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Cut-based perspective

Cut edge betweenness
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Cut-based perspective

Cut edge betweenness
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Jared-Frey

Dareon

Daryn-Hornwood

Torrhen-Karstark

Dolf

Donal-Noye

Jommo

Ogo

Rhaego

Dywen

Galbart-Glover

Gendry

High-Septon-(fat_one)

Howland-Reed

Jacks

Joss

Marq-Piper

Porther

Raymun-Darry

Tobho-Mott

Tregar

Varly

Wyl-(guard)

Wylla

Fogo

Roose-Bolton

Gared

Will-(prologue)

Oswell-Whent

Todder

Gunthor-son-of-Gurn

Harys-Swyft

Heward

Hobb

Hugh

Jafer-Flowers

Kevan-Lannister
Matthar

Othor

Maege-Mormont

Jonos-Bracken

Jyck

Morrec

Kurleket

Lancel-Lannister

Leo-Lefford

Mace-Tyrell

Lyn-Corbray

Paxter-Redwyne

Maegor-I-Targaryen

Mord

Randyll-Tarly

Timett

Ulf-son-of-Umar

M Girvan, MEJ Newman, Proc Natl Acad Sci USA 99, 7821–6, DOI 10.1073/pnas.122653799 (2002).
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Cut-based perspective

Cut edge betweenness
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Cut-based perspective

Dendrogram cutting

AA Moya-García et al., Genes 13, 1292, DOI 10.3390/genes13071292 (2022).
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Cut-based perspective

Dendrogram cutting

M Newman, M Girvan, Phys Rev E 69, 026113, DOI 10.1103/PhysRevE.69.026113 (2004).
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Clustering perspective

Clustering perspective
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Clustering perspective

Modularity

Find partition that maximises

Q =
1

2m
∑

c

(
ec − 〈ec〉

)
.

ec : Actual number of edges in community c,

〈ec〉: Expected number of edges in community c.
Different “null models” possible:

Erdős-Rényi model: 〈ec〉 = p
(nc

2
)
.

Configuration (Chung-Lu) model: 〈ec〉 = K2
c

2m .
…

M Newman, M Girvan, Phys Rev E 69, 026113, DOI 10.1103/PhysRevE.69.026113 (2004).
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Clustering perspective

Louvain algorithm

Start with partition ci = i of
graph G
Repeat until convergence

For each node v ∈ V (G)

Move node
cv 7→ argmaxc ∆Q(c)

Aggregate G based on c

Complexity inner loop O(m)

Number of loops unknown, estimated complexity O(m logm).

VD Blondel et al., J Stat Mech 2008, P10008, DOI 10.1088/1742-5468/2008/10/P10008 (2008).
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Clustering perspective

Resolution limit

S Fortunato, M Barthélemy, Proc Natl Acad Sci USA 104, 36–41, DOI 10.1073/pnas.0605965104 (2007).
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Clustering perspective

Resolution limit

Possible solution, introduce resolution parameter:∑
c
(ec − γ〈ec〉).

S Fortunato, M Barthélemy, Proc Natl Acad Sci USA 104, 36–41, DOI 10.1073/pnas.0605965104 (2007).
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Clustering perspective

Resolution parameter

0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2
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Clustering perspective

Resolution parameter
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Clustering perspective

Upper resolution limit

Higher γ

G Krings, VD Blondel (2011).
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Clustering perspective

Modularity in non-modular graphs

Modularity as sign of community structure

Modularity −1 ≤ Q ≤ 1.
High modularity ⇒ community structure?
Modularity higher than 0.3 sometimes perceived as “significant”.
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Clustering perspective

Modularity in non-modular graphs

Modularity as sign of community structure

Modularity −1 ≤ Q ≤ 1.
High modularity ⇒ community structure?
Modularity higher than 0.3 sometimes perceived as “significant”.

Many graphs have high modularity,
but no community structure.

J Reichardt, S Bornholdt, Physica D: Nonlinear Phenomena 224, 20–26, DOI 10.1016/j.physd.2006.09.009 (2006).
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Clustering perspective

Modularity without community structure
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Clustering perspective

Modularity without community structure
Q = 0.31
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Clustering perspective

Modularity without community structure
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Clustering perspective

Modularity without community structure
Q = 0.71
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Clustering perspective

Modularity without community structure

TP Peixoto, Elements in the Structure and Dynamics of Complex Networks, DOI 10.1017/9781009118897 (2023).
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Dynamical perspective

Dynamical perspective
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Dynamical perspective

Random walk on network

pt+1 = ptD−1A
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Dynamical perspective

Two approaches

Markov stability

Clustered autocovariance of random walk.
Probability of random walk to stay within a cluster.

Infomap

Compression of random walk.
Good clusters compress better.
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Dynamical perspective

Dynamics vs structure

M Rosvall et al., in Advances in Network Clustering and Blockmodeling (John Wiley & Sons, Ltd, 2019), pp. 105–119, DOI
10.1002/9781119483298.ch4.
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Dynamical perspective

Infomap compression

M Rosvall et al., in Advances in Network Clustering and Blockmodeling (John Wiley & Sons, Ltd, 2019), pp. 105–119, DOI
10.1002/9781119483298.ch4.
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Dynamical perspective
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Dynamical perspective

Field of view limit

MT Schaub et al., PLoS ONE 7, e32210, DOI 10.1371/journal.pone.0032210 (2012).
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Inferential perspective

Inferential perspective
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Inferential perspective

Stochastic Block Model

Aij ∼ Bernoulli(pbi bj )

TP Peixoto, in Advances in Network Clustering and Blockmodeling (John Wiley & Sons, Ltd, 2019), pp. 289–332, DOI
10.1002/9781119483298.ch11.
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Inferential perspective

Stochastic Block Model

Aij ∼ Poisson(ωbi bj )

TP Peixoto, in Advances in Network Clustering and Blockmodeling (John Wiley & Sons, Ltd, 2019), pp. 289–332, DOI
10.1002/9781119483298.ch11.
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Inferential perspective

Stochastic Block Model - Degree Correction

Aij ∼ Poisson(ωbi bj ) Aij ∼ Poisson(θiθjωbi bj )

TP Peixoto, in Advances in Network Clustering and Blockmodeling (John Wiley & Sons, Ltd, 2019), pp. 289–332, DOI
10.1002/9781119483298.ch11.
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Inferential perspective

Generative approach

TP Peixoto, Elements in the Structure and Dynamics of Complex Networks, DOI 10.1017/9781009118897 (2023).
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Inferential perspective

Planted Partition

Aij ∼ Poisson(θiθjωbi bj )

ωrs = ωinδrs + ωout(1 − δrs)

L Zhang, TP Peixoto, Phys Rev Res 2, 043271, DOI 10.1103/PhysRevResearch.2.043271 (2020).
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Inferential perspective

Descriptive vs inferential

TP Peixoto, Elements in the Structure and Dynamics of Complex Networks, DOI 10.1017/9781009118897 (2023).
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Inferential perspective

Descriptive vs inferential

TP Peixoto, Elements in the Structure and Dynamics of Complex Networks, DOI 10.1017/9781009118897 (2023).
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Practicalities

Practicalities
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Practicalities

Projects

Project team match making, stick around!
Choose your topic

Choice opens today, 12:00 at Brightspace
Choice closes Oct 4, 12:00

Presentations are run in parallel tracks
Assignment 1 due this Monday

No class next week.
Enjoy “Leidens ontzet”!
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