
Lecture 8

Complex Network Analysis

Network Construction

&

Synthetic Networks



Today 'S Topics

•Understanding Social Networks

o. Advanced Network Construction

• Synthetic Networks

• Slice Weighted Networks

Chapters 687



Understanding Social Networks

.
Eqo / Socio centric Nets

° Network properties

o Acquisition of Social Networks

o Signed Networks

o Networks

Collections

° Synthetic Networks



Socials
nodes : individuals ( persons or animals )

edges : significant relationship
between two individuals

directed vs undirected

weighted ( week vs Strong )
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Eqoantricnetworkswikipede
case study : an

etehple of Ego -
network

( subject :

' '

complex Network "

)
We went to understand the

structure
,
function and

composition of connections

around a size individuals

ego : central individual

otter : all the other nodes

I
.

Start with an

end
2

. Explore the alters end

their contacts
-

( scraping and parsing Html files
: sine oftiud APIs

: prying by hand
. . . )



Network properties
-

Load topology :
. structural equivalence

-
. triadic closure
° Bahena theory9.7 89
o#d

Ceutrotities : some actors is

- more important then

others

Degree Distribution : Friendship paradox
-

small World

Network Dynamics :

Terence
of hubs

the richer gets
Neher



Example : Facebook

#Net until 615you could use
-

Below :

my
FB ego network ( Iom )

I 'm not In take picture ( I am

connectedto everyone else )



Socio centric Networks
.

A combination of all the

egg networks

It an be really l@
Dunbar 's number : 150

"

friends
"

Tbutwheveincrediblyskewed distributions

A non - Trivial social network

is

complete
it is not a matter of size

,- -

but the

intern
:

Which are the social theories
that govern
decree distribution

,
antrdities ,

local network Topology ,

community structure
,

network
evolution

. . .



Acquires
It's difficult to get e

Gmplete sn of interest

- huge
- dynamic

Where do we start ?

( many
snowball precedes from

different seeds )

Random seyples are often the key

⇒€ ( 69 )

168,798 nodes

433,118 edgy



Siqnednetwork

Weights an be negotiate !

You an represent
friends and enemies

Structural Balance theories

Collectionsofnetworks
Pre . boiled detents !

SNAP :
the Stanford Large
Network Detests

KONECT : Koblenz Network

Collection



AdvenadrretworkcoustructionoAdjacency and Incidence

Matrices

° Edge Lists and NodeDictionary



AdJeangMetr_Abraham

Lincoln Life 's Graph

Elected
President

FIFE.IO#edrepresentative
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Adjacency Matrix with Weights
.

Abraham Lincoln Life 's Graph
with resurrection

Elected-

jeff
died

weather.tt#etiue !
i i
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continue with
" 06 .

net Construction
"

To learn :

. how to create networks

Matrixfrom

Adjacency
- with

puirepyhn
- with

NumPy_
- withPdandDeterrent• how To manipulateTributewithPeter

• how to create Networks

with

Incidences
.
how To work with

Edits
end

NodeDicI



Synthetics

.
Alternative to real-world date

•
useful to be compared
with empirical networks

. they cen be generated
automatically ( e. q .

,
network × )

or by hand

simple Networks ;

r
•

a 080



Random Models

complex networks Thet are

generated following a given

hypothesis

Erdos- Renyi

:#
Loud"we up

t.MG#
edges

. each edge is assigned
with probability p@: no edges

0€complete qreph )

. short
(
0°

pets
.

towclustering
coefficient

oo -

t



Watts - strozets

more realistic :

ON
nodes in a rinz

. each node connected

with@
ring neighbors

. each edge is " rewired "

randomly with probability

: - o = regular Ereph
p=1 : random qreph

. you an find some p

where you here both

high cc and low distances



rewiring probability p= ,÷= 0.13
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Berekesi -
Albert

start generating there network
with few nodes

-

at the end of the process you

here

Naodeswheu
a new node foius ,

itsIdesare hmork lively
to be attached to higher
degree nodes

Degree Distribution follows e

power
law

"

protect
"



¥⇐e"Tweets



Holme - Kim

WS end BA do not form
communities

Hk is like Bt but

after adding K edges
,

it

else adds Trials with
the probability of P

Clusters aregenerated( more then in red life )



Exercise

Generate many random

graphs
with python
and network X

Visualize them with

Gephi to hiehteht
their characteristics

Make Some meth :

use python to find

. average distances

. degree distribution

;
. .

average clustering aeffient



Famous social Networks

Your Turn :

explore notebook
"

05 - generators
"



Sliceweiqhtednetwovks
In weighted Networks

,
some adzes

ore strong ,
some are week

.
-

Sometimes you cannot keep all

the edz -slideis the
process of

eliminating low
- strength edges

Simplest form : you choose a

cut - off threshold T that

Controls the density of
the resulting network

µedge e ,

Oto

if weight (e) < T

remove e ;



how to select T

@
Select a T beard on edge

weight distribution

02
.

flia the wteovk

!2!
Celwlete some network

properties ( # components
, density,

= . )@if you are unsatisfied with

results
, go back to 1

.

run 06
. Slicing . ipynb

HIT→


