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Complexity Visualisation

. . S, AR _Barbora Biklova.. {
" ichBBlov Ak . - Hana Peroutkové. Kristjnia Dypa lg;/eromka Gryéova <7 F
, i o] . ‘ ] 1
V. W&eléné i e . 'x;te'ma H°"23 Vxl&%@‘lﬁ‘&ﬂa Roll Lucmka L ulu Machackova Daniel Smllealea{ci)_ui
5 e : ‘ B Petr Kimek N
Stanistay T A Muchalka (ﬁhﬁﬁk’ﬂ Michaela Jakef @¥foboda
eg&g.ékova’ i o’ “ Petra Nm : 'p Pisajjfa Slaba ¥

kova Kos
# JavatMestarKindl omas ZMﬂra"ffw' EOdagstenko

. " B2 Ondfrej Js
. S . X . mmeb:m# EI'H;W'"E‘% ||cka Tereza Kaéirkova “"ﬁge“

oo " ' _,osé@;'g}‘a Goggmﬂﬁfej MC:SD?% Woagi i1 Pasa%e%fé?éal(mc%b\? Jakub Bengs siBargerranck
., = @ s ans )\0\13
. . .._. AR, Ondrej Sp mae:(;thenﬂa CENOVB Barbora Pehiskovs
. « Omstma Spudmf\neta Matm acel;etory'?wek ; Katefina Rodova MG‘M NOV
UV @ eh Nk cirpeiuce AREHRUNON QB 0va. ” LenT iRk Méchtova David Kala o neGabca Smetan
Wendy HlaVé@Qkme Fiid MRk PaVeIC OV, mochikors 0 e="® & Petr Loky Loukota | enks Adameov

Minal Jarok pira L’*"‘P’@tr L ddakaP O(Mra s‘-‘lewerya Py kateina TpskosONra POPEfSMAS ngr( aZemanové\ Miroslav Dvorak
.. wla BUI'I 5% ncova h Honza WW Seds Ja";ﬁ;\i r;d:;adat:dka Bonéova éﬂ bik
Holend e hic oV,
vc.oe n * S ke %c e L e Rozhon ch::jjﬁgmgﬁggolvméa tiéh RaLN;k%fs' Adan; kTalafous
; a/Eashiiec M abkova
va' Petr Hainy syiaxa Horskovs Sarka iRl S oudy Koutecky Agm el PR,

= S | Monika Haviinova
Feimovs Kb Bates s Banmdll zemanova.. £.£pa Hous&glela% Im*sﬂef m,ckbqo PR
Simons Smimisersriro b UCINKA Si@(,ug@@pkova llemova n

sre SERT B:r;ama MW|ekjana HIgyatayaspe wexovscu Lta Maiyuwﬁﬁg&%&s lay |_T ghlfﬁ‘:']‘:; orka Horka Tem Ml
ova Mchasla Kinkovs r o hukas uda o asalis Nikola Mdrasedi@enakova
id Finger T K ﬁ jana Vavro*?é““’ 'b Jan , , Eliska Buresova
g omas orlne = - L Lubor Moravsky Filip Sebera
Jonny Rebet Cech Npcn'aeta Burianovg-ueie HerovaiensiSiavic Jana Hidzdigigae paeaivichal Chraska
Sta Katema Pmn?&a | SeroniEtbmpiik i >
Tgm Zayrl Kudela ey , Jana Rytychova
Annie H R Dominik Nenicka . Nicole Svoncova  peps vesely
Jana Be@akm’ﬁubjh - “ferezette Dankova Honzik Mrazek Toméé Chytka

Eliska Krok skowd 1 s« Prochazka Martina Ivanicova



fm.vse.cz

TED -

Simplifying
complexity

vl

~ Q0000 O 91349~ .=


http://www.ted.com/talks/eric_berlow_how_complexity_leads_to_simplicity
http://www.ted.com/talks/eric_berlow_how_complexity_leads_to_simplicity

2000's

of the Complexity
by Brian C

Y (Phllosophy of (scake-froe
(Effective Complexty) o Sl A e Yity). . Bruno Latour ?5',::,7" w.u). Petworks) mgb l.rll;d

Niklas Luhmann
Seciology)

- Friedrich Hayek
{Economy as

Bart Kosko TP botics, 5
(Rizzy toge) R Sk N (Compotatiana

Thomas Schelling Robert Axelrod
(micromotives/ (Iterative Ga)
Macrobehavior)

http://www.art-sciencefactory.com/complexity-map.htm|



http://www.art-sciencefactory.com/complexity-map.html

fm.vse.cz

Network Typology
Ring Fully Connected
Line Tree Bus

http://en.wikipedia.org/wiki/Network topology
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Possible Domains for Visualisation

FOUR COMMUTERS

http://casualdata.com/senseofpatterns/
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Possible Domains for Visualisation

http://www.moviegalaxies.com/movies/513-The-Lord-of-the-Rings:-The-Return-of-the-King
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Scientometrics
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Business Ecosystems

THE COMMERCIAL GRAPH
An example of visualizing complex business ecosystems
through data.

COMPANY B
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SOURCE PLATFORM THINKING LABS HBR.ORG

https://hbr.org/2015/02/the-rise-of-social-graphs-for-businesses
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Biology

Histological or
imaging data

Functional brain network

Sensorimotor
. Premotor

% L P “ 2\g, Prefrontal
Infenor tempora\ AOrbitofrontal
Temporal pole

Graph theoretical analysis

Nature Reviews | Neuroscience

http://www.nature.com/nrn/journal/v10/n3/full/nrn2575.html
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Gastronomy (1/3)

Categories
() fruits

. alcoholic beverages
) nuts and seeds

‘ seafoods
. meals
‘ herbs

. plant derivatives
. vegetables

’ flowers

. animal products

. plants

) cereal

Prevalence

%

O 30 %

© 1%

@ 1%

Shared
compounds

-— 50

10

http://www.nature.com/srep/2011/111215/srep00196/full/srep00196.html
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Gastronomy (2/3)

A

Shrimp scampi and tomato broil

Seasoned mussels

Ingredients Flavor compounds
. shimp 1-penten-3-of
‘ white 2-hexenal
wine 2-isobutyl thiazole
mozzarella 23-diethylpyrazine
2 4-nonadienal
parmesan 3-hexen-1-ol
4-hydroxy-5-methyl...
olive 4-methylpentanolc acld
oil acetyipyrazine
allyl 2-furoate
alpha-terpineol
parsley oe‘:a-cycmoxmn
cis-3-hexenal
dihydroxyacetone
tomato dimethyl succinate
ethyl propionate
hexyl alcohol
) isoamyl alcohol
garlic isobutyl acetate
Isobutyl alcohol
lauric acid
3 limonene (d- |-, and di-)
. scalion I-malic acid
@ sesameoil methy! butyrate
methyl hexanoate
. starch methyl propyl trisulfide
soy nonanoic acid
. sauce phenethyl alcohol
nut propenyl propy! disulfide
propionaldehyde
blac propyl disulfide
pepper p-mentha-1,3-diene
p-menth-1-ene-9-al
terpinyl acetate
® sake tetrahydrofurfuryl aicohol
)] mussel trans, trans-2,4-hexadienal
0 . 1 5 T T T
N -+ North American
0.12 - 7 hut Western European|
0.09 e o = Southern European
& = | " A\ 5 3 -
| g \jge + Latin American
4 np \ & )
i -+ East Asian
0.06 - X
I} \
i 4
3 5w
0.03 | 4 - :
B .
o '® I, * P pT I
0 10 20 30

Number of ingredients per recipe (s)

B Flavor network

102
10

Frequency, f(r)

S
7

105 [

Prevalence

107 [

30%
1%
Shared compounds
B
| === 30
—_— 1
& T
s S o
North American E
Western European A\ ]
Southern European
+ Latin American -xi. <
East Asian l ]
A el sl b il
10 100 1000
Rank, r
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Gastronomy (3/3)

A North American

mik () 264%

butter O 411 %

vanila © 194%

egg 403%

cane
molasses . 165%

wheat O 398%

‘wheat egg

'O @

vanilla  vanilla

/ butter  vanilla .

€99 molasses

/ %k \ Number of
shared compounds

O

A . 50
. O — 20
cane  wheat 5

wheat butter  egg  butter\

00 ®
0l8 @

milk wheat wheat vanilla

butter butter butter bulter

IAAAI&

vanilla wheat vanilla wheat

wheat vanilla milk wheat milk wheat

C Co-occurrence in recipes

Southern European

cane
molasses |
vanilla— butter

N legg

B East Asian

als . 54.0%
scallion . 47.2%
sesame . 373%
rice O 33.7%

soybean @ 24.9%

ginger 325% ’

cayenne

garlic  scallion scallion

Latin American

garlic garlic garlic

East Asian

(5N
/ sauce:

A
/ scallion oil

0O e @

rice soybean  ginger

soy soy soy sesame

sauce sauce sauce ol  Scalion

garlic  garlic scallion me garlic cayenne

0|I

scallion cayenne

AL.J

scallion sesame sesame soy sesame soy gamc

sauoe oil sauce oil sauce sa
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Economics

United States
$14,231bn = GOF

314.3m persons => FOF

$1,156bn $1,857bn

: & \ .
(zech Republic & | [ China
GDP => $149.75bn o ‘ $4,580bn A GOF
POP => 10.5m persons . / 1,351m persons = FOF
s
o~
Q) t
v -
, 3
% $
% §
$
France , Japan
GDP => $2,250bn $4,721bn - GOF
POP => 65.4m persons o 3 127.5m persons =» POF
2, N
B ! 9
% &
2 (,?
$1,068bn $1,196bn
Germany
$3,075bn - GDP
81.9m persons = FOF

http://viz.ged-project.de/?lang=en
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Dynamics of Organisational Changes

http://www.autodeskresearch.com/projects/orgorgchart

15
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How social networks predict epidemics (Nicholas Christakis)

http://www.ted.com/talks/lang/cs/nicholas christakis how social networks predict epidemics.html

16
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Social network (graph)

* Set of entities
* Relationship between entities
* Non-randomness

— random | complex network

Social Graphs:
The pattern of social relationships between people

Indirect

Direct Relationship

Relationship »&

\ —
. e @

Link """—-...*_
/

/
e @

Person

\ . p=0 : » p=1
. . Increasing randomness

Source: Dion Hincheliffe. hiopofweb? soclalc omputingmagazine.com @ @@
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* Graphs
* undirected x directed
 weighted x unweighted

 Nodes (vertices, sites, actors)
* Edges (links, arcs, bonds, ties, relations)
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Degree centrality

* Anode’s (in-) or (out-)degree is the Hypothetical graph
number of links that lead into or out of 2
the node

* In an undirected graph they are of
course identical

e Often used as measure of a node’s
degree of connectedness and hence
also influence and/or popularity

e Useful in assessing which nodes are
central with respect to spreading
information and influencing others in |
their immediate ‘neighborhood’

Nodes 3 and 5 have the highest degree (4)
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Degree distribution

Most nodes have
the same number of links
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Paths and shortest paths

Shortest path(s)

» A path between two nodes is any
sequence of non-repeating nodes that

connects the two nodes Hypothetical graph
» The shortest path between two nodes is

the path that connects the two nodes O

with the shortest number of edges (also

called the distance between the nodes)

» Inthe example to the right, between
nodes 1 and 4 there are two shortest
paths of length 2: {1,2,4} and {1,3,4}

» Other, longer paths between the two
nodes are {1,2,3,4}, {1,3,2,4}, {1,2,5,3,4}
and {1,3,5,2,4} (the longest paths) \é
» Shorter paths are desirable when speed

of communication or exchange is O

desired (often the case in many studies, but
sometimes not, e.g. in networks that spread
disease)
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Betweenness centrality

4

For a given node v, calculate the
number of shortest paths between
nodes i and j that pass through v, and
divide by all shortest paths between
nodesiand

Sum the above values for all node pairs
IJ

Sometimes normalized such that the
highest value is 1 or that the sum of all

betweenness centralities in the
network is 1

Shows which nodes are more likely to
be in communication paths between
other nodes

Also useful in determining points where
the network would break apart (think
who would be cut off if nodes 3 or 5
would disappear)

Node 5 has higher betweenness centrality than 3

0
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Closeness centrality

« Small World Experiment (Stanley
Milgram)

*  Calculate the mean length of all shortest
paths from a node to all other nodes in
the network (i.e. how many hops on
average it takes to reach every other
node)

*  Take the reciprocal of the above value so
that higher values are ‘better’ (indicate
higher closeness) like in other measures
of centrality

* Itis a measure of reach, i.e. the speed 0.46
with which information can reach other
nodes from a given starting node

0.67

0.46

Nodes 3 and 5 have the highest (i.e. best)
closeness, while node 2 fares almost as well Note: Sometimes closeness is calculated without taking the reciprocal of the

mean shortest path length. Then lower values are ‘better’.



https://www.youtube.com/watch?v=NRWSF1c0Ez0
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Eigenvector centrality

* A node’s eigenvector centrality is
proportional to the sum of the
eigenvector centralities of all nodes
directly connected to it

* In other words, a node with a high
eigenvector centrality is connected
to other nodes with high eigenvector
centrality

*  This is similar to how Google ranks
web pages: links from highly linked-
to pages count more

*  Useful in determining who is

connected to the most connected
nodes

0.49

0.19
0.17

Node 3 has the highest eigenvector centrality,

closely followed by 2 and 5

24
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Interpretation of measures

Centrality measure

» Degree

» Betweenness

» Closeness

» Eigenvector

Interpretation in social networks

How many people can this person reach directly?

How likely is this person to be the most direct
route between two people in the network!?

How fast can this person reach everyone in the
network!?

How well is this person connected to other
well-connected people?

25
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Interpretation application of measures

Centrality measure

» Degree

» Betweenness

» Closeness

» Eigenvector

Other possible interpretations...

In network of music collaborations: how
many people has this person collaborated
with?

In network of spies: who is the spy though
whom most of the confidential information is
likely to flow?

In network of sexual relations: how fast will an
STD spread from this person to the rest of the

network!?
In network of paper citations: who is the author

that is most cited by other well-cited authors!?

26
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Identifying sets of key players

* In the network to the right, node 10
is the most central according to
degree centrality

* But nodes 3 and 5 together will reach
more nodes

°*  Moreover the tie between them is
critical; if severed, the network will
break into two isolated sub-networks

* It follows that other things being
equal, players 3 and 5 together are
more ‘key’ to this network than 10

* Thinking about sets of key players is
helpful!

27
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De n S ity —_— Edge present in network

Possible but not present

* A network’s density is the ratio of the number of
edges in the network over the total number of
possible edges between all pairs of nodes (which is
n(n-1)/2, where n is the number of vertices, for an
undirected graph)

* Inthe example network to the right
density=5/6=0.83 (i.e. it is a fairly dense network;
opposite would be a sparse network)

* Itisa common measure of how well connected a
network is (in other words, how closely knit it is) — a
perfectly connected network is called a clique and
has density=1

* Adirected graph will have half the density of its
undirected equivalent, because there are twice as
many possible edges, i.e. n(n-1) 7

*  Density is useful in comparing networks against
each other, or in doing the same for different
regions within a single network

density = 5/6 = 0.83

density = 5/12 = 0.42
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Clustering

* A node’s clustering coefficient is the number
of closed triplets in the node’s neighborhood

over the total number of triplets in the

) : |
neighborhood. It is also known as
transitivity.

 E.g.,, node 1 to the right has a value of 1
because it is only connected to 2 and 3, and
these nodes are also connected to one
another (i.e. the only triplet in the 0.33
neighborhood of 1 is closed). We say that
nodes 1,2, and 3 form a clique.

*  Clustering algorithms identify clusters or
‘communities’ within networks based on 0.17
network structure and specific clustering

o : ) N/a

criteria (example shown to the right with
two clusters is based on edge betweenness, N/
an equivalent for edges of the betweenness N/a a
centrality presented earlier for nodes)

Network clustering coefficient = 0.375
(3 nodes in each triangle x 2 triangles = 6 closed triplets divided by 16 total)
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Complex Networks Layouting

,Hairball“ problem

,,fOI'CE-diI’ECtEd” Iayouting (http://en.wikipedia.org/wiki/Force-directed graph drawing)

— Attraction (drawing nodes closer together based on their similarity or relatedness)
— Repulsion (unrelated or distantly related nodes further apart from one another)
— Gravity (how nodes are drawn relative to the center of the graph)

— ARF, Force Atlas, Force Atlas 2, Fruchterman-Reingold, OpenOrd, Yifan Hu, ...

tree, circular, radial, geographic, layered, ... layouting

Gephi tutorial
— http://www.slideshare.net/gephi/gephi-tutorial-layouts

30


http://en.wikipedia.org/wiki/Force-directed_graph_drawing
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Social Network Analysis Software

CFinder
Gephi
NetMiner
NetworkX
NodeXL

R
ScioMetrica
Tulip

Data repositories:
— https://github.com/gephi/gephi/wiki/datasets
— http://www-personal.umich.edu/~mejn/netdata/
— http://snap.stanford.edu/data/
— http://networkrepository.com/



http://www-personal.umich.edu/~mejn/netdata/
http://www-personal.umich.edu/~mejn/netdata/
http://snap.stanford.edu/data/
http://networkrepository.com/
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Want to study more?

*  (MOOC — Massive Open Online Course) Coursera.org
—  https://www.coursera.org/course/sna

. Ken Cherven — Mastering Gephi Network Visualization
—  http://www.amazon.com/Mastering-Gephi-Network-Visualization-Cherven/dp/1783987340

Mastering Gephi Network
Visualization

. Introduction to social network methods
— http://faculty.ucr.edu/~hanneman/nettext/

*  Social Network Analysis Instructional Web Site
— http://www.analytictech.com/networks/

. Networks, Crowds, and Markets: Reasoning About a Highly Connected World
— http://www.cs.cornell.edu/home/kleinber/networks-book/

. Journal of Social Structure
—  http://www.cmu.edu/joss/content/articles/volindex.html

32
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