Background

Analysis of complex interconnected

Comp 599: Network Science, Fall 2021



Announcement:

first assignment out, check the description, and partner up

http://www.reirab.com/Teaching/NS21/Assianment_1.pdf

\Deadlines
o assignment 1 due on|Sep. 20th
o assignment 2 due on Oct. 4th
o assignment 3 due on Oct. 18th
PfOpOSOlS are IndIVIdUO”g o prOJ'ect proposal slides due on Oct. 18th
o project proposal due on Oct. 20th
o Reviews (first round) due on Oct. 27th

After propogcﬂ presentgt]onS, you can o project proposal slides due on Nov. 3rd
) o ) project progress report due on Nov. 5th
decide to join another project and

Reviews (second round) due on Nov. 12th
) project final report slides due on Nov. 29th
continue as a group of two or complete
the project individually

project final report due on Dec. 7th

Reviews (third round) due on Dec. 14th

project revised report and rebuttal due on Dec. 20th
note: dates are tentative, subject to change

o o o o (s} o o
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http://www.reirab.com/Teaching/NS21/Assignment_1.pdf

Qutline

e Learning the vocabulary of Network Science

o Evolution of the field and scale of the data
o Types of Networks: simple, directed, temporal, bipartite, etc

o Adjacency matrix, Laplacian matrix
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Timeline of notable works in network science

o Graph Neural Networks
o Deep Learning for Networks
o High-Order Networks [Benson et al.]

2015~2021
o Info. vs. Social Networks (Twitter) [Kwak et al.]
“a o Signed Networks [Leskovec et al.]
) o Semantic Social Networks [Tang et al ] QO 2010-2014 o Graph Evolution [Leskovec et al.]
o Four Deg. Of Separation [Backstrom et al.] o 3 Deg. Of Influence [Christakis & Fowler] S
o Structural Diversity [Ugander et al.] o Social Influence Analysis [Tang et al.] — §§ 7
o Computational Social Science [Watts] (O 2005-2009 o Six Deg. Of Separation [Leskovec & Horvitz] ®
% o Network Embedding [Perozzi et al.] o Network Heterogeneity [Sun & Han]
‘ ) o Network Embedding [Tang & Liu] !
\ .
M @ lnlusines M [Domngos & [emmoe et cl] 2000~2004 o Computer Social Science [Lazer et al.] ‘
o Community Detection [Girvan & Newman] o
o Network Motifs [Milo et al.] 1998-1999 o Small Worlds [Watts & Strogatz] ot y
o Link Prediction [Liben-Nowell & Kleinberg] o Scale Free [Barabasi & Albert] T T
. P 1997 ok
\\,‘./.\/.'\. o HITS [Kleinberg] o Power Law [Faloutsos x3]
) S/ “N/// o PageRank [Page & Brin] 1992 o Structural Hole [Burt]
. y o Hyperlink Vector Voting [Li] o Dunbar’s Number [Dunbar]
1970s vkt — 3
You mgm o The Strength Of Weak Tie [Granovetter] A /
é_ 0-0-0-0-0-6 o Small Worlds [Migram] 1960s Yo
k 2 3 4 5 3
degrees of scparation S 1950s o Homophily [Lazarsfeld & Merton]
o Random Graph [Erdos, Renyi, Gilbert] )
o Balance Theory [Heider et al.
o Degree Sequence [Tuttle, Havel, Hakami] yl ]
1930s o Sociogram [Moreno]

Based on Slides from Jie Tang
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http://keg.cs.tsinghua.edu.cn/jietang/

Graph Theory & Network Science
Graph theory is older than network science

1735: Euler’s theorem:

e If a graph has more than
two nodes of odd degree,

m \/ & there is no [Eulerian] path.

S S ia s 2
( _;) G

Can one walk e e A=

h ’»?M§
across the seven el Lk, [:j
bridges and never £ T ¥
cross the same Nl ;
bridge twice? oy
[see the video] e

Network science borrows many concepts/theories from graph theory. The
focus, however, is on real world graphs which have specific characteristics, and are
different than random graph families commonly studied in math.

for example, regular graphs (same degree for all nodes), are irrelevant here.
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http://networksciencebook.com/images/ch-02/video-2-1.m4v
https://en.wikipedia.org/wiki/Eulerian_path

Real world graphs are Large Scale

gZ/Alibaba Group
PR
faceboo

« 2 billion MAU « >777 million trans. (alipay)
* 26.4 billion minutes/day » 200 billion on 11/11
] “‘v = \‘l'
twitter) &) inkedD Q m““‘““ M .
« 320 million MAU ursclucl \- ‘ WeChat
« Peak: 143K tweets/s @ E
0 \( -QQ: 860 million MAU
‘(0 Hoor By ¢
(@) Instagram ’face e, » WeChat: 1.1 billion MAU
« 700 million MAU w\the “‘c\d
* 95 million pics/day m@ @uke
{E [ ('/‘ [} \le\p - (\...“)N
Snapchat .
* 300 mllllon MAU Based on Slides from Jie Tang
* 30 minuteS/User/day MAU (Monthly active users)
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http://keg.cs.tsinghua.edu.cn/jietang/

Example benchmark datasets

NETWORK

Internet

wWww

Power Grid

Mobile Phone Calls
Email

Science Collaboration
Actor Network
Citation Network

E. Coli Metabolism

Protein Interactions

NODES

Routers

Webpages

Power plants, transformers
Subscribers

Email addresses

Scientists

Actors

Paper

Metabolites

Proteins

LINKS

Internet connections
Links

Cables

Calls

Emails
Co-authorship
Co-acting

Citations

Chemical reactions

Binding interactions

DIRECTED
UNDIRECTED

Undirected
Directed
Undirected
Directed
Directed
Undirected
Undirected
Directed
Directed
Undirected

192,244
325,729
4,941
36,595
57194
23,133
702,388
449,673
1,039
2,018

You can download these bundled from Barbasi’'s website, for the first assignment

609,066
1497134
6,594
91,826
103,731
93.439
29,397,908
4,689.479
5,802

2,930
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http://networksciencebook.com/translations/en/resources/data.html

Common benchmark repositories

e Stanford Large Network Dataset Collection (SNAP)

paper)

Web graphs : nodes represent webpages and edges are hyperlinks
Amazon networks : nodes represent products and edges link commonly co-purchased products
Internet networks : nodes represent computers and edges communication

Road networks : nodes represent intersections and edges roads connecting the intersections

Social networks : online social networks, edges represent interactions between people

Networks with ground-truth communities : ground-truth network communities in social and information
networks

Communication networks : email communication networks with edges representing communication
Citation networks : nodes represent papers, edges represent citations
Collaboration networks : nodes represent scientists, edges represent collaborations (co-authoring a

e Network Repository (networkrepository)

Data & Network Collections. Find and interactively visuaLiz

and

RE hundreds of network data

N ANIMAL SOCIAL NETWORKS
Q sioLoGICAL NETWORKS

© BRAIN NETWORKS

& COLLABORATION NETWORKS
A CHEMINFORMATICS

99 CITATION NETWORKS

# ccoLoey NETWORKS

$ ECONOMIC NETWORKS

£ emaIL NETWORKS

45 GRAPH 500

€ HETEROGENEOUS NETWORKS

Check the visualization demo here:;_https:

aoee“eeeﬁee

= INTERACTION NETWORKS

A INFRASTRUCTURE NETWORKS
) LABELED NETWORKS

@ MASSIVE NETWORK DATA

&% MISCELLANEOUS NETWORKS
& POWER NETWORKS
PROXIMITY NETWORKS

/5 GENERATED GRAPHS

T RECOMMENDATION NETWORKS
M ROAD NETWORKS

W RETWEET NETWORKS

>
&
&

ecefook

¥} SCIENTIFIC COMPUTING

& SOCIAL NETWORKS

f FacEBOOK NETWORKS

L TECHNOLOGICAL NETWORKS
@ WEB GRAPHS

© DYNAMIC NETWORKS

3G TEMPORAL REACHABILITY
T eHosLis

#1i oimacs

@ piMAcs10

B NON-RELATIONAL ML DATA

networkrepository.com/graphvis.php

3

e The Colorado Index of Complex Networks (ICON)

Entries found: 698 Networks found: 5143

Biological Technological

Informational Social Economic Transportation

e The KONECT Project (KONECT)

Browse

Networks: Karate club ¢+ Slashdot Zoo * Twitter followers * more...

Statistics: Clustering_coefficient « Diameter * Algebraic connectivity ¢ more...
Plots: Degree distribution * Degree assortativity plot * Hop plot ¢ more...

Categories: Online social networks ¢ Citation networks « Hyperlink networks * more...

Gephi, a notable visualization tool:
https://gephi.org/users/tutorial-visualization
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https://snap.stanford.edu/data/
https://icon.colorado.edu/#!/
https://networkrepository.com/
https://networkrepository.com/graphvis.php
http://konect.cc/
https://gephi.org/users/tutorial-visualization/

Interconnected Data as Graphs

e Nodes (or Vertices)
o Proteins, Neurons, People
e FEdges (or Links)

o interactions, friendships

Two vertices are adjacent if they share a common edge
Two adjacent vertices are neighbors

An edge is incident with another edge if they share a vertex
An edge is incident with two vertices

“4——person

~—friendship
L)
“——paper
~»——citation

“——protein

~>——binding
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Adjacency: the default data structure

=W N e

o O,

10
11

Adjacency Matrix

2 3
1 0
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0 0
0 0
0 1
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0 0
0 0
0 0
0 0
0 0
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Adjacency List Edge List

Simple Graph

10 11

0 17 0:{1,2,11} {(0, 1), (0, 2), (0, 11),
0 0 1:{0,2,3} (1,0), (1,2), (1, 3),

0 0 2:{0,1} (2,0).(2, 1),

0 0 3:{1.,4.,5} (3, 1),(3,4),3,5),

0 0 4:{3,5,6} (4.3), (4, 5), (4, 6),

0 0 5:{3,4} (5,3),(5,4),

0 0 6:{4,7,8} (6, 4), (6, 7), (6, 8),

0 0 7:{6,8} (7, 8), (7, 6),

1 0 8:{6,7,10} (8,6),(8,7), (8, 10)

1 1 9:{10,11} 9, 10), (9,11),

0 1 10: {8,911} (10, 8), (10, 9), (10, 11),
1 0 | 11:{0,9,10} (11, 0), (11,9), (11, 10) }

np, E=A{()l,j€ll...n]) NA;j; =1}
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Adjacency: sparse representation

Real world graphs are sparse (lots of zeros) and we use sparse matrix representations to
only store non-zero elements, in a specific format, often:

S{1,2,11}

o LIL (List of lists): similar to adjacency list 22?3:?;”
e COO (Coordinate list): similar to edge list s
« CSR (Compressed Sparse Row) e

store only start index of each row if;ggﬁli}

fast row access and matrix-vector multiplications  u:0.9.10;

COL:[1,2,11,0,2,3,0,1,1,4,5,3,5,6,3,4,4,7,8.,6,8,6,7,10,10,11, 8,9,11, 0,9,10]
ROW:[0,3,6,8,11,14,16,19,21,24,26,29,32]

o CSC (Compressed Sparse Column)

LIL and COO are good for constructing matrices. Once a matrix has been constructed, convert to CSR or CSC format for
fast arithmetic and matrix vector operations

Comp 599: Network Science 1 =


https://docs.scipy.org/doc/scipy/reference/generated/scipy.sparse.lil_matrix.html#scipy.sparse.lil_matrix
https://docs.scipy.org/doc/scipy/reference/generated/scipy.sparse.coo_matrix.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.sparse.csr_matrix.html#scipy.sparse.csr_matrix

Representing Graphs

marginals of A are called degree

di - Z] AU all nodes linking to 1
A117 A127 T AlN inlinks
A= : . . c RV*N
ANl) ANQ, % 5 ANN if unweighted then € {0, 1}/"*¥
Laplacian Matrix outlinks
E RNXN
L diagona-lpgree matrix A d].’ _A127 ) _A].N sums to zero
j : c RNXN
Eigenvalues of Graph laplacian tells us ’ :
about the connectivity of the grap —An1, Bl dy

sums to zero
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Beyond Simple Graphs

e Directions
o E.g.who follows who at Twitter

e Weights

o E.g.friendship strength, or travel cost

e Jime
o E.g.your friendships changes
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Directed Networks Examples

citation networks
foodwebs*

epidemiological

directed acyclic graph

directed graph

WWW
friendship?

flows of goods,
information

economic exchange
dominance
neuronal
transcription

time travelers

From Clauset’s slides
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http://tuvalu.santafe.edu/~aaronc/courses/5352/csci5352_2017_L0.pdf

Adjacency Matrix

o Symmetric if graph is undirected

o Aij= Aji
o Directed, not symmetric
o A #A
ij ji
« Weighted, not binary
o [01]1=R*
e Temporal

o Matrix = Tensor

(=2
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—
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= -0 0o
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o
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Simple and Not Simple

Directed edge
2 Weighted edge

"
"
-

Self-loop

4

Multi-edge 5

Weighted node

From Clauset’s slides
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http://tuvalu.santafe.edu/~aaronc/courses/5352/csci5352_2017_L0.pdf

Example

adjacency matrix

ge

Directed ed
1

y list

adjacenc

-
o~ TN o~~~
111111
S N S S S S
«««««
AN AN AN AT

L o e
TERT T T 7T
<T |~ N o ©
Q.
(@)
o
=h
[TRN
N N\

Weighted node

From Clauset’s slides

\!

17
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http://tuvalu.santafe.edu/~aaronc/courses/5352/csci5352_2017_L0.pdf

Temporal Networks, snapshots or continuous

] ] ]

g P 2R C

1 b b g
. o 4;:
] ] ]
2 12 12 I 2
3 E 3 ! 3 E
t t+1 t+2 t+

any network over time
discrete time (snapshots), edges (i, 7, t)

continuous time, edges (3, j, t,, At)
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Not Simple Graphs Puge
A}\_ 1
N . i = User likes product
e Multigraph: Multiple edges %?;‘,'/77 D — e dsiees provuc
R = 7 User likes seller
o E.g.followership & friendship ¢’ Yo B - - vser dsikesseter
/./. I’ = " Seller sells product
e Heterogeneous Graphs: Different Types e Frends
c | | ' Users Products Sellers
onest, high-quality-safe, {non-molware,
0 .g. people, places, interest f;mu o ’,ogfq‘jmhgm/{: { oot
malware)

e Relation between more than two nodes

o Hypergraphs, E.g. family g

e Relationships in different layers

o Multiplex or multilayer network

Comp 599: Network Science 19
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Multilayer Networks

different sets of
nodes

E.g. wiki pages
layered by subject

Rhogum  Gescan  OCIENCE
Neodymign BT 65 Cancri : \Ryanair
Pramethiom ) &
s oy MRS TG Mistie Thrush S \
S iodic TableAIDSyy 3 s sl : \
Ly, ST Suiq v Mallard ‘ |
Spredafligfg Vi 8 7e) lochard 1 i y
it s T 8 e ] Lufthansa
s Cack || History % il 1 \
o i
SKbiion it Cross et Easylet
e Rapuphc i
it P RDyiAwFum LA
1 L Rugosavia
. Countries
\A regated

Saudi Arabia Vafliaty  Sefbia

Multiplex: same
set of nodes

different types of
connections

E.g. flights layered by
airlines

https://arxiv.org/pdf/170
8.07763.pdf
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https://arxiv.org/pdf/1708.07763.pdf
https://arxiv.org/pdf/1708.07763.pdf

Incidence Matrix

Adjacency Matrix:
o Aij= 1if node iis connected to node j & 0 otherwise

e Incidence Matrix:

- B,=1if node iis incident to edge k &0 otherwise

e If asimple graph G has n nodes and m edges what are the dimensions of A& B ?

e How many non-zero elements are in A & B?

e If simple graph, we have 2 ones in each column
- What is the row marginal of B?

. BB"=A+D

o Can be used for hypergraphs

Comp 599: Network Science
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Incidence Matrix

o Can be used for hypergraphs

hyper-edges with more than one node

o Can be used for bipartite graphs

Two sets of nodes
Edges only between them

V=AUBwhere ANB=g,and V() ) EE((E A AGEB)V ({(i€B)A(EA)

N6

A

® © &

Comp 599: Network Science
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Bipartite Networks

— =
o
P €
N
w
N

authors & papers
actors & movies/scenes
musicians & albums
people & online groups

people & corporate boards

Sw 1

people & locations (checkins)
metabolites & reactions
genes & substrings

words & documents

plants & pollinators

B'B

BB'

No within edges
& Two possible

one-mode projections
Make the graph to show connections
between only one type of node

What are the one-mode
projection of actors &
movies graph?

From Clauset’s slides
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http://tuvalu.santafe.edu/~aaronc/courses/5352/csci5352_2017_L0.pdf

Bipartite Networks example

DISEASOME

Gene network

Goh, Cusick, Valle, Childs, Vidal & Barabasi, PNAS (2007)

GENOME

(BRCAZ |

PHENOME

Orolaryngeal cancer

Li Fraumeni syndrome

Wilms tumor

|Prostate cancer
Colon cancer

Leukemia
f Melnoma
|Fanconi anemia

Pancreatic cancer

Bladder cancer
Breast cancer

Histiocyloma

Lung cancer ]
Polyposis
Hepatic adenoma

Juvenile palyposis

Stomach cancer

Adrenal cortfical carcinoma

Peutz-Jeghers syndrome

Juvenile polyposis Li Fraumeni syndrome

Ofrolaryngeal cancer
Polyposis
KAsiocmm Wilms tumor

Lo Prostate cancer
Peuiz-Jeghers syndrome
Fanconi anemia

Pancreatic cancer

. < | Breast cancer
LAdrenal cortical
carcinoma

Leukemia

‘Bladder cancear

‘Stomach cancer

Colon cancer | Lu;'\g cancer

Histiocytoma

Hepatic adenoma

Disease network

From Barbasi’s slides
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http://networksciencebook.com/

Bipartite Networks example

[ 7S Categories

[ ] “@"" ® ‘ Q G [} fruits

\’ dairy

A Ingredients Flavor compounds B Flavor network @ spices
a alcoholic beverages
(. shimp 1-penten-3-ol , ¢
- - . white 2-hexenal VJ nuts and seeds
§ wine 2-isobutyl thiazole
5 mozzarella 2,3-diethylpyrazine @ seatoods
=] 2,4-nonadienal
E parmoesn; 3-hexen-1-ol . meats
4-hydroxy-5-methyl. W) herb:
8 olive 4-methylpentanolc acid @) nerbs
2 ol acetylpyrazine . plant derivatives
& allyl 2-uroate ® bl
i % alpha-terpineol vegetables
g‘ parsley mu»cym.xmn
£ cis-3-hexenal @ towers
dihydroxyacetone
i B dimethyl succinate @ animal products
ethyl propionate
E hexy! alcohol . plants
isoamyl alcohol
»n " Isobutyl cereal
isobutyl alcohol
Jacric s i ™ Prevalence
@ > limonene (d-,|-, and di-) =
2 . scallion \-malic acid ( \l 50 %
[2] il methyl butyrate /
g . gosame o ‘methyl hexanoate 4
E @ saon methyl propy trsuttide
@ soy nonanoic acid ) 30%
§ . sauce phenethy! aicohol provoloho eheBey’ L o thocde
@ nut peopenyl propy! dieulfide ® mozzarélta cHeese cheddar cheese || ™ B & 10%
@ propionaldehyde 7 @ 1%
3 propyl disulfide creant sheep cheesk  butiarmitk /|| gallhoa sh
pepper p-mentha-1,3-diene > L A ° .
p-menth-1-ene-g-al & ccbBnut ® Shared
® sake tarpinyl acetate o— ™ 7 = i
tetrahydrofurturyl alcohol L wofh ke compounds
@ mussel trans, trans-2,4-hexadienal @ o on —
Srr roastedBazelout péGar——ronste@ipecan 50

Ingredient-Flavor Network

10

From Barbasi’s slides

Y.-Y. Ahn, S. E. Ahnert, J. P. Bagrow, A.-L. Barabdsi Flavor network and the principles of food pairing , Scientific Reports 196, (2011).
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http://networksciencebook.com/

Bipartite Networks example

From Ingredient-Recipe Network

.- - olive ol

. P saltblacqae
Same nodes but edges are dlfferent é- e a o/ 0&: of - i
G~ —smgalic’
& mmo&y * - ‘.,,49.,‘ .’—e; ;*reﬁ'ﬁel -v S o <
b utter orango juice™ ‘hea‘Iyﬂeam e '""EO"CE o {ef auon 255 ) _;y,c.nm .
egg'ﬁ mOl.iULce oq..o! mi:fdredpepﬁrffake % all'.leyk NN
o oo heivyw ‘pngnnm oy b B 1 % we'on. e
oy 3 ey -o-. -0-5.03”0*‘. T mgar ac
W h Ite6 u a r %}ﬁ = m‘srrqer. ml";’i’.'x -*_i':‘tl%“"* m-sm‘ch arme . Cheese

o e Ie" et - s e ;g 'g ah
oamwﬁ%r pineapp e soy s.uce 5, @b " F’Pe’ Shlcke. I’Op @a %
Ba ° % Qutmegak"“d* S ocomaarch < -cu..,.m"‘? | Tembregs msiroom i w%_,%
9 - L—

confectigrers' su a coc‘nugmg.m - e

r«h ppedtopping _s= ”“,

- o =

Rte viegary o ®me

g U ar’*”"‘%‘%.m.yegetable oif ==

'&- ‘pganu.butterc r‘eam dqeg ‘_o_cldev%ar

Eredhon.__

vanilla e

semisweet chocol

—eg il

o
-

egdmmargarine

ho.e)’ o candol Cal On TR cu'nq,
. oL _% “ayennapepper o _.

Gék” S”‘;ﬁﬁ:éﬁ‘ﬁ namon _Water. : = "?c%bﬁim Segre ep_p“er

"Q-‘ Dﬂ n o at@sauce
T wﬁ@:ﬁ{ggn el pepper
arlic

-o- :zeina paste o_uarelg chgese

hga ika chill ch1 | ppwd

0! pel T sauce

powder

e A — ma!‘:;':;g;i,;.,e,g;a:;u_«.fd --onfon
R =

i |eavteef °
—%et‘up 9"'—:-— e y-o-v S
-a" N8 - 5% = ‘53 ‘
¢mm afd.ken Soup
’ mustar oo “tream ormu.room sou|
L i uk)ef

sourc!eam Fewr ~ L S e

salt -

https://studentwork.prattsi.org/infovis/labs/visualizing-ingredient-networks/ browse for visualizarions and project ideas

sharm chacr chose

cb,eddancﬁ’eese

https://arxiv.org/pdf/1111.3919.pdf
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https://arxiv.org/pdf/1111.3919.pdf
https://studentwork.prattsi.org/infovis/labs/visualizing-ingredient-networks/

Subgraphs, cliues and k-cores

e Induced subgraph:

o Edges between a subset of nodes in the Graph

o Cligue: aka. complete subgraphs

o A subgraph where every two nodes are adjacent
« How many 4-vertex cligues?

¢ K-core:

Nabalis

o Maximal subgraph where degree of each node is at least k

(a) 1-core (b) 2-core (¢) 3-core

Comp 599: Network Science
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https://en.wikipedia.org/wiki/Clique_(graph_theory)

Graphlets & Motifs

o Graphlets
o small, connected, and
non-isomorphic induced
subgraphs

e Motifs

o  Statistically over- or
under-represented graphlets

2-node 3-node graphlets 4-node graphlets

Tk T

G G G G,
5-node g graphlets

15 18 22 25 29 41

ﬁ‘s 20 3 2% 30

7® 5 42
19 24 77

9 G]O Gll GI2 13 Gl4 G]S 16 Gl7 GIS Gl9

@z%@@@ 7@'@

G20 GZI G22 G23 G24 G25 G26 G27 GZS G29
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