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Your Directed Network
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Your Undirected Network
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Quiz Q:

How can a network be constructed from these streets?

Nodes:
e Street blocks
* Intersections
* Roads

Edges: an edge is drawn between two nodes if they are
* adjacent
e directed connected by a segment of street with no intervening

* intersect
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Connectivity Property of Real Networks

Many networks have a unique giant component
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Density Property of Real Networks

Many networks densify over time,
but are still sparse

Autonomous Systems
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Small-World Property of Real Networks

* |n most real networks, there are small distances
between two randomly selected nodes.

Network Name N
Internet 192,244 | 609,066
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Clustering Property of Real Networks

* Many real networks have a much higher clustering
coefficient than expected for a completely random
network of same no. of nodes and links

 High-degree nodes tend to have a smaller clustering
coefficient than low-degree nodes.
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Scale-Free Feature of Real Networks

 Many real networks are scale-free in the sense that the

degree distribution deviates significantly from the Poisson
distribution

Bell Curve Power Law Distribution
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Towards High-Order Degree Distribution

Average Degree < k >=2M / N

Degree Distribution P(k)=n(k)/N <k> = ikP(k)

How many nodes have degree k? What’s the maximum degree?

We need more properties to
characterize a network

Ex. Whom do u contact with?
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Joint Probability Distribution

Average Degree <k>=2M /N

Degree Distribution P(k)=n(k)/N (k)= ikP(k)

Joint Probability Distribution: prob. to find a node with degree j and k at
the two ends of a randomly selected link

P (k) = T (g R, )= T

(110 = MG
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Degree Correlation

kmax

P(j.k)=P(k,j) D Pi;=1  PK=> P(jk)

J,k=Kmin

Excess Degree Dis. P (k): prob. to have a degree k node at the end of a link

p =P(k) g, =PR(k) e, =P(j.k)

pk:< > Z""X: €k :<T>qk

K .

If the network has no degree correlations (neutral):

= (;0,
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Assortativity & Disassortativity

Assortative: Neutral Disassortative:

hubs tend to link to Hubs tend to avoid

each other. linking to each
other.
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Assortativity: Full Statistical Description

Astrophysics co-authorship network Yeast PPI
k ; k
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Assortative Disassortative
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Problem with Full Statistical Description

Constraints

(1) Difficult to extract (2) Requires a large number of
information from a visual elements to inspect:
inspection of a matrix.
: . " " Nr. of
i max ( max _1) | iIndependent
NI N : /7 2 \ mf;X\ elements
; Undirected ngtwork: Ye, -1 e, -,
B Koo X Kax Matrix ik =LK

We need to find a way to reduce the information contained in g,
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Conditional Probability Distribution

P(k', k)
Pn (k)

P (k']K) =

If the network Is neutral:
K'P(k"

(k)

P (K k) SR

50 500 5000
Neighbor's degree

Facebook
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Excess Average Degree
Average Next Neighbor Degree

< ””> _kiik'J < nn>(k)__i< nn>vi

i I kll

(ko (KU Z kP(k"| k) = q—Zk'ekk,

If the network is neutral, k..(K) is iIndependent of k:

k,qqu' I 1 2
Z , K p(k’) <k >
k_(kK)=n. :E K ,:E K =

nn( ) qk - qk - <k> <k>
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Assotativity: Excess Average Degree
(Ko ) (K)

exponent: -.27+-0.03

10
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Astrophysics co-authorship network Yéast PP

Assortative Disassortative
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Dynamical and correlation properties of the Internet

Romualdo Pastor-Satorras.! Alexei Vazquez,? and Alessandro Vespignani®

—= Internet 1998 ]
=—=a Generalized BA y=2.2
+— Fitness model y=2.25 1
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Facebook
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<k.,>(k) is a k-dependent function, hence it has much fewer parameters,
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Pearson-Correlation Coefficient
q = P,(k) e, 2P(j,k)

J
If there are degree correlations, e will differ from g;q,.
The magnitude of the correlation Is captured by

<Jk>_<J><k> :Zk: jk(ejk _qj'qk)

& positive for assortative networks,
@ zero for neutral networks,
€ negative for dissasortative networks

To compare different networks, we should normalize it
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Pearson-Correlation Coefficient
(k)= (i) (k) =D ik(ey —a;4)
J,k
normalize it with its maximum value; the maximum Is
reached for a perfectly assortative network, I.e. e;=0,0;,

y
or =max Y jk(e; —9;a,) =D iK(@5; —0;0,) = D_k°q; —{quk}
jk Jk k k

Zk: Jk(ejk N qjqk) r < () disassortative
_¥ 4
I = . -1<r<1 r=0 neutral

] r=0 assortative
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VOLUME 89, NUMBER 20 PHYSICAL REVIEW LETTERS 11 NOVEMBER 2002

Assortative Mixing in Networks

M. E. J. Newman

Department of Physics, University of Michigan, Ann Arbor, MI 481091120
Santa Fe Institute, 1399 Hvyde Park Road, Santa Fe, New Mexico 87501
(Received 20 May 2002; published 28 October 2002)

A network is said to show assortative mixing if the nodes in the network that have many connections
tend to be connected to other nodes with many connections. Here we measure mixing patterns in a
variety of networks and find that social networks are mostly assortatively mixed, but that technological
and biological networks tend to be disassortative. We propose a model of an assortatively mixed
network, which we study both analytically and numerically. Within this model we find that networks
percolate more easily if they are assortative and that they are also more robust to vertex removal.

the normalized correlation function 1s

(3)

which 1s simply the Pearson correlation coefficient of the
degrees at either ends of an edge and lies in the range
—1 = r = 1 For the practical purpose of evaluating r on

CopyRight © 2



MNetwork H ¥

Physics coauthorship (a) 52909 (.363
S . I Biology coauthorship (a) 1520251 0127
ocCla Mathematics coauthorship (b) 253339 0120
networks Film actor collaborations (¢) 449913 0.208
Company directors (d) 7673 (0.276
are Internet (e) 1067 —()L |89
Rty g LY 2l World-Wide Web () 269 504 —0.0635 Bl | | I
Frotein interactions (g) 2115 —(L 136 0 Og ca !

Meural network (h) 307 —0.163 teCh nOIOg iC al
Marine food web (i) 134 —0.247

Freshwater food web () 92 —(.276 ne’[WOI‘kS alre
Random graph (u) 0 dlsaSSOF'[atlve

Callaway et al (v) a/(l + 28)
Barabdsi and Albert (w) 0
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Summary: Degree Correlation

Joint ProSeu Conditional Probability  Excess Average Degree Assortativity
Distribution Distribution B hicient
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Quiz Q:
Assortativity of a Star Network (N>>1)

Degree Dis P = P(k)
A K
Excess Degree Dis Uy = Pn (k) e
<k >
Joint Prob. Dis €ix = P(j, k)

P(j,k):mg’ﬂk) (j %K)

Z jk(ejk _qjqk)

Assortativity Coefficient , _ K

2
O

CopyRight © 2021 Complex Network and Controﬂ_ab All rights reserved Xiaofan Wang



Quiz Q: Assortativity of a Star Network (N>>1)

for k=1

Degree Dis )=
o fork=N—-1

otherwise

Excess Degree Dis §
for k=N—1
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School integration and friendship segregation in America
RACE M J. Amer. J. of Sociology, 2001

Race:
Left (white) to right (black)
Grade:

Up (junior) to down (senior)

FR=FAE AR R Z M2
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Community Structure in Complex Networks

Communities: groups of nodes between which links are
sparse but within which links are dense.
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Community Structure in Complex Networks

Social networks: People naturally divide into groups
based on interests, age, occupation,...

WWW: subject matters of webpages
Metabolic: functional units
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Community Detection

* Many real networks have a natural community structure

* We want to discover this structure rather than impose a certain
size of community or fix the number of communities

* Without “looking”, can we discover community structure in an
automated way?
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Community Detection: Which one is the best?

* Which is the best algorithm to characterize networks of known
community structure?

Benchmarks

* How to evaluate algorithm performance when the community
structure is unknown?

Quality measures \
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Benchmark Examples

* An real network: * An artificial network:
e Zachary’s Karate Network * Planted |-partition model
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| would lose my community-detection card if | didn’t use this example

rights reserved Xiaofan Wang



Hierarchical Clustering

€ Calculate a “weight” (e.g., no. of node-independent paths) for every pair of
vertices, which represents how closely connected the vertices are

€ Start with all n vertices disconnected, add edges between pairs one by one
in order of decreasing weight

€ Result: nested components, where one can take a ‘slice’ at any level of the
tree
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Betweenness Clustering

Calculate the betweenness for all edges in the network.
Remove the edge with the highest betweenness.

Recalculate betweennesses for all edges affected by the removal.
(very expensive)

4. Repeat from step 2 until no edges remain.

Girvan & Newman, PNAS June 11, 2002 99é12):7821-7826 _ _
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Betweenness clustering algorithm & the karate club data set

bonal

3 29 25 28 33 34 30 24

_ Girvan & Newman, PNAS June 11, 2002 99(12):7821-7826 _
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Modularity

A Qreal _Qnull
=

1
Qreal :EZaij 5(Ci’cj)
]

1
Qnullzazj:pij5(ci1cj) pij :kikj /(ZM)
Compare to a null model with the same degree distribution

A. Clauset, M. E. J. Newman, & C. Moore, Finding community structure in very
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Community Detection based on Modularity Optimization

& Start with all vertices as isolates

& follow a greedy strategy (or simulated annealing...) :

@ successively join clusters with the greatest increase AQ in
modularity

@ stop when the maximum possible AQ <= 0 from joining any
two
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Resolution Limit in Community Detection

2 1

- ]
Qg m(m-1)+2 n
i 2

e =
pai m(m-1)+2 n

Qsingle > Qpairs N m(m —1)+ 2>nN

p=5, m=20. The maximal Q corresponds
to the partition in which the two
smaller cliqgues are merged
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Detecting Community Structure: Challenges
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Detecting Community Structure: Challenges

contraction

— t+1

Evolution, Emergence
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BRI :
[54&1&% Emotion Contagion
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A. D. I. Kramer et al., Experimental evidence of massive-scale
emotional contagion through social networks, PNAS, 111(24), 2014

 We show, via a massive (N = 689,003) experiment on
Facebook, that emotional states can be transferred to

others via emotional contagion, leading people to
experience the same emotions without their awareness.

 We provide experimental evidence that emotional
contagion occurs without direct interaction between
people (exposure to a friend expressing an emotion is
sufficient), and in the complete absence of nonverbal cues.
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How Does Facebook Choose
What To Show In News Feed?

pewiie—1 « PxCx TR

VISIblll t:’ Interest Post Creator Type Recency

Interest Post Creator Type Recency

Interest of the user This post's Performance of past Type of post How new is the post
in the creator performance posts by the content (status, photo,
amongst creator amongst link) user prefers
other users other users
AV TSIV - - R e e

¥ This is a simplified equation. Facebook also looks at roughly 100,000
other high-personalized factors when determining what's shown.
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Thank You!

Xiaofan Wang
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