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Recent trends In network science?

Temporal Networks

| Cattuto, C. et al. (2010) PLOS ONE, 5(7), e11596.
‘\ ~ Holme, P., & Saramaki, J. (2012) Phys. Rep. 519(3), 97-125.

Multilayer Networks

S > Kivela, M. et al. (2014) J. Complex Netw. 2(3), 203-271.
. | Boccaletti, S. et al. (2014) Phys. Rep. 544(1), 1-122.
k l /’, «
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What else?
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OVERVIEW OF NETWORK
SCIENCE CONFERENCES
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List of network science conferences

Alnternational School and Conference on Network NGtSCT
Science

OSummer main conference (NetSci) NetSc)
A Winter regional conference (NetSci-X)
(OcConference on Complex Networks W
Alnternational Workshop on Complex Networks and e
Their Applications
SIAM Workshop on
OSIAM Workshop on Network Science Network Science
i, iSunbelt Conference of the INSNA 9 9
Alnternational Conference on Computational Social IC S

Science
AStatPhysSat el |l i te Conf er encemp

AACM Conference on Online Social Networks
AConference on Complex Systems etcé COSN



8/23/2016 13th NetEco Symposium 2016 © H. Sayama

Seeing trends In conference topics

Alnternational School and Conference on Network NGtSCT
Science

A Summer main conference (NetSci) NetSc)
A Winter regional conference (NetSci-X)
AConference on Complex Networks

A

oo
. 3

SIAM Workshop on

ASIAM Workshop on Network Science Network Seience
ASunbelt Conference of the INSNA

2?2
Alnternational Conference on Computational Social IC S
Science

A

2 What do we see In their session/talk titles?
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Similarity of
word vectors
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IT'S NICE TO THE WAY OVER THERE.

JUsT APPUED JusT APPLIED
CHEMISTRY
GE ON TOR

PSYCHOLOGY BIDLOGY,
CHEJ"iLFFE PHysle&TS MATHEMATICIANS

SOCIOLOGISTS  PSYCHOLOGISTS — BIOLOGISTS




8/23/2016 13th NetEco Symposium 2016 © H. Sayama

2015 2016

human
emergence
system
contagion
node
spread
economic
contact
relationship
synchronization epidemic

communication
world



8/23/2016

13th NetEco Symposium 2016 © H. Sayama

2016

con]munication

world

human
human
spread
spread
economic
economic contact
contact
epidemic
epidemic



8/23/2016 13th NetEco Symposium 2016 © H. Sayama

Topics

1. Community detection and multiscale structures
2. Higher-order models

Interaction between dynamics on and of networks
(coevolution)

Network resilience and failure
Applications I: Neuro and brain science
Applications II: Finance and marketing
Network science and education

L

N o o b

Warning: | am not an expert for most of these topics




1.
COMMUNITY DETECTION

AND MULTISCALE
STRUCTURES

18
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More and more data sets

SocioPatterns o B http://sociopatterns.orq/

ABOUT | GALLERY | PUBLICATIONS | NEwS | PRESS | DATA |

WELCOME NEWS
SocioPatterns is an interdisciplinary research collaboration formed in 2008 that adopis a New paper in Nature
data-driven methodology to study social dynamics and human activityg S

Since 2008, we have collected longitudinal data on the physical

contacts of individuals in numerous real-world environments, covery
across several countries: schools, museums, hospitals, etc. We usd
behaviour and to develop agent-based models for the transmission ¢

Index of Com p.| ex Networks NETWORKS ABOUT SUGGES]

We make most of the collected data freely available to the scientific ¢

FEATURED: INFECTIOUS SOCIOPATTER The Colorado Index of Complex Networks (ICON)

ICON is a comprehensive index of research-guality network data sets from all domains of network science,
including social, web, information, biological, ecological, connectome, transportation, and technological
networks.

Each network record in the index is annotated with and searchable or browsable by its graph properties,
description, size, etc., and many records include links to multiple networks. The contents of ICON are
curated by volunteer experts from Prof. Aaron Clauset's research group at the University of Colorado
Boulder.

Click on the NETWORKS tab above to get started.

Entries found: 313 Networks found: 3146
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https://icon.colorado.edu/ “
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Community detection still a big thing

2015 2016
human
. system
Community detection in networks: A user guide
Santo Fortunato®
Center for Complex Networks and Systems Research, School of Informatics and Computing, Indiana Un
Bloomington, USA and economic

Department of Computer Science, Aalto University School of Science, P.O. Box 15400, FI-00076

contact

Darko Hric
Department of Computer Science, Aalto University School of Science, P.O. Box 15400, FI-00076

(Dated: August 2, 2016)

Community detection in networks is one of the most popular topics of modern network science.
Communities, or clusters, are usually groups of vertices having higher probability of being con-
nected to each other than to members of other groups, though other patterns are possible. Identi-
fying communities is an ill-defined problem. There are no universal protocols on the fundamental —
ingredients, like the definition of community itself, nor on other crucial issues, like the validation of

algorithms and the comparison of their performances. This has generated a number of confusions

and misconceptions, which undermine the

e e e Yoo it //arxiv.org/abs/1608.00163

30 Jul 2016
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Classic approach: Modularity

ANewman, M. E. & Girvan, M. (2004) PRE
69(2), 026113.

ABlondel, V. D. et al. (2008). J. Stat. Mech.
2008(10), P10008.
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Generative approach:
Stochastic block models

(b) Disassortative structure

(c) Core-periphery structure (d) Random graph

A Non-degree-corrected (Holland, P. W. et al. (1983) Soc. Netw. 5(2), 109-137)
A Degree-corrected (Karrer, B. & Newman, M. E. (2011) PRE 83(1), 016107)
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Issues with community detection

| LIKED YOU EVEN WHEN

AModul ari ty maxi mi e > S
al ways give you t ’

ADetectability is limited; community
detection doesnot
large networks in general

2016 © Clara Granell

Decelle, A. et al. (2011) PRL 107, 065701. |
Nadakuditi, R. R. & Newman, M. E. (2012) PRL o4 |

1081 188701. 0.2 detectable undetectable
Ghasemian, A. et al. (2016) PRX 6(3), 031005. D e
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Newman never holds back

https://arxiv.orq/abs/1606.02319
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Community detection in networks:
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Modularity optimization and maximum likelihood are equivalent

M. E. J. Newman
Depariment of Physics and Center for the Study of Complex Systems, University of Michigan, Ann Arbor, MI {8109

We demonstrate an exact equivalence between two widely used methods of community detection
in networks, the method of modularity maximization in its generalized form which incorporates a
resolution parameter controlling the size of the communities discovered, and the method of max-
imum likelihood applied to the special case of the stochastic block model known as the planted
partition model, in which all communities in a network are assumed to have statistically similar
properties. Among other things, this equivalence provides a mathematically principled derivation
of the modularity function, clarifies the conditions and assumptions of its use, and gives an explicit
formula for the optimal value of the resolution parameter.

I. INTRODUCTION

Community detection, sometimes called network clus-
tering, is the division of the nodes of an observed network
into groups such that connections are dense within groups
but sparser between them [1]—@] Not all networks support
such divisions, but many do, and the existence of good
divisions is often taken as a hint of underlying semantic
structure or possible mechanisms of network formation,
making community detection a useful tool for interpret-
ing network data.

The development of methods or algorithms to perform
community detection on empirical networks has been a
popular pursuit among researchers in physics, mathe-

maximization.

A. Modularity maximization

Modularity maximization is perhaps the most widely
used method for community detection for networks. It
operates by defining a benefit function, called the modu-
larity, that measures the quality of divisions of a network
into communities. One optimizes this benefit function
over possible divisions of the network of interest to find
the one that gives the highest score, taking this to be the
definitive division of the network. Since the mumber of
ezt Ble divigiarne of a8 netvwork 12 evronentially laros we
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Shift of mindset A 1606.05875.

P Attt .

There is N0 ground truth for community detectio_n:i

DONT TRY TO FIND THE GROUND TRUTH

g

A

INSTEAD... TRY TO REALIZE THERETS NO GROUND TRUTH

Image from Dan Larremore @ SIAM NS16
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How to find multiscale patterns

AHierarchical approach
A Modularity methods

A Stochastic block models
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Hierarchical modularity optimization

AAhN, Y. Y., NetSci 2016 HONS (http://bit.ly/netsci LFEN)
A LinkedIn Economic Graph Challenge
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Nested stochastic
block models -

APeixoto, T. P. Fredges
(2014) PRX o
4(1), 011047.
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Ahttps://graph-tool.skewed.de/

APython module for fast
graph analysis and
visualization (including
hierarchical stochastic
block models)
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Other tools: FlashX

AZheng, D. et al. (2016) http://arxiv.org/abs/1602.01421
Ahttp://flashx.io (API for R available)

QUICK START DOCS ~ BLOG Q

- FlashX
b | : w e

7 FlashGraphi

.f;'ll

.

FlashX is a collection of big data analytics tools.

FlashX performs data analytics in the form of graphs and matrices and utilize solid-state drives (SSDs) to scale to large & Download Now

datasets in a single machine. It has three main components: FlashGraph is a general-purpose graph analysis framework

that allows users to write graph algorithms to analyze billion-node graphs in a single machine; FlashMatrix is a matrix
computation engine with a small set of generalized matrix operations to express varieties of data mining and machine
learning algorithms; FlashR is an extended R programming framework to process datasets at a scale of terabytes in
parallel. All code is released under Apache License v2 and is stored at the Github repository.


http://arxiv.org/abs/1602.01421
http://arxiv.org/abs/1602.01421
http://flashx.io/

2.
HIGHER-ORDER MODELS
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Higher-order models of networks

ATypical network models describe N-node systems in
N I N matrices (adjacency, Laplacian, transition, etc.)

AWhat are absent in such representations?
ACan we <capt urocer denryo iashti rguiheetrur

A NetSci2014 satellite workshop

When Complex Networks meet Complex Data:

kil )24 , e 'anqindels in Network Science
-n-f;.,",.r_:.r'.'l"l" el \ f«f r ?‘u . -
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Higher-order Markov processes

ARosvall, M. et al. (2014) Nature Comm. 5, 4630.

Seattle

Atlanta

San Francisco

New York

First-order Markov

14%
18%

24%

44%

First—order Markov Second-order Markov

New York Seitt'e/) B New York

Seattle

Atlanta Atlanta

San Francisco San Francisco

b Second-order markov

4* ~_83%

—
o
o

Seattle

Atlanta

San Francisco

— 5% M1
— 50% M1
— 100% M1

Fraction of infected nodes (%)

New York

0 5 10 15 20
Scaled time



8/23/2016 13th NetEco Symposium 2016 © H. Sayama

Higher-order temporal network analysis

AScholtes, I. et al. (2014) Nature Comm. 5,
5024.

AScholtes, I. et al. (2016) EPJ-B, 89(3), 1-15.
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Non-Markovian movements with adaptive

memOry De Domenico, M. et al. (2016) http://arxiv.org/abs/1603.05903
(recently published in J. R. Soc. Interface 13(121), 2016.0203.
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