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INTRODUCTION
COMMUNITIES IN NETWORKS
EXAMPLE: FACEBOOK NETWORKS

COMMUNITIES, DYNAMICS, AND
FUNCTION: AWHIRLWIND TOUK

CONCLUSIONS




A NETWORK CONSISTS OF
NODES REPRESENTING
AGENTS CONNECTED BY
EDGES REPRESENTING TI€S

BINARY €DGES: 0 OK 1
WEIGHTED €DGES
DIRECTED €DGES
BIPARIITE NETWORKS
TIME-DEPENDENCE
NMULTIPLEXITY
HYPERGRAPHS

SPATINLLY EMBEDDED
NEeTWORKS




Usbridge T Ickenham

-4

3
Ore o

‘Watford Migh Street
O Bushey =
Il
D Carpenders Park
Edgware
Hatch End -

Oak
Colindaie’

@ sunmore
- Canons Park
- Queensbury
" Kingsbury

Hendon Central

Brent Cross

Ruislip
Gardens

= South
Ruislip

Suﬂbuﬁ Hill 4
B
[R-nepainred

Sudbury Ywn(T
Alperton 4

Greenford
Sty
——

Hanger
Lane
Park Royal 4

North Ealing 4
A & Ealing

Neasden

Goiders Green

Hampstead

Dollis Hilt
Wiliesden Green L

by Road

kS
High Barnet Cockfostars

OCakwoed
Totteridge & Whetstone

Woodside Park.
West Finchlay

Southgate o
Armnos Grove

M Hill Ease

Finc! Central
hley Bounds Green

Weod Green
Tumpike Lane

 East Finchley

Green Lanes

Victoria line closes
from 2200 on Monday
to Thursday evenings
until 20 November 2008

Harringay
South

P Highgate  Crouch
Hil

b Archway

Hampstead O3  Tufnelt Park
Heath : 5

- Balsize Park

Stonebricge Park
Hartesden

Willasden Junction J
! L Kilbu Seuth
- o
() Gueen's Park piiph Road Hamestead

Chatk Farm

Tottenham
Hale @ 4.

Walthamstow
Central &

Waithamstow Snaresbrook o
Queens Road
Leytonstone

Leyton
Micland Road

FCamden Town O)

Kilburn Pack o - N
Edgware
gton Road Street

Great g
Baker Portand  Euston ()
Street

O
Edgware  Marylebone &
Road

F Bayswater

Notting  Lancaster gony
HillGate  G3te  seraet

Square
- bt 20

.’1%

Russell
P Squace  Barbican
Moorgate

o oo emstens

—b

Fenance
rivg

Quaersway Marble
Arch

| High Street

Keesington  'Yde Park

Knightsbridge,

Gloucester
‘Rosd Sloane
Square

Turnham Stamford Ravenscourt
reen  Brook

MAYOR OF LONDON

St Paul's
+
‘Covent Garden A
padatidar-s .
2 Cannon
Street

g

Leicester
S Mansion
*house
‘Charing
deess o

x4

River Thames

Temple

Wast South Victorla
Park  Kensington Kensington A%

TRothermitne = 8

* Owing Coven Wi

A= West Brompton

Parsons Green
Putney Bridge =

River Thames

East Putney

Scuthfields

Wimnbledon Park

oo @ Wimbledon ()

Improvement works may affect your
journey, particularly at weekends.

Check before you travel: look for publicity
at stations, visit tflgov.uk/check

or call 020 7222 1234

o st o e gt 0 = BIOCKIY
N

* Honor Oak Park

Crystal
Palace
Victoria line closes
from 2200 on Monday
to Thursday evenings
until 20 November 2008

1

Bakerloo

Central
o Restricted service

Northern

o Interchange stations
Restricted service

Piccadilly platform to the street

Victoria

== Connections with National Rail

Waterloo & City

Circle
e District
s Hammersmith & City
Unde

s Jubilee

———— Metropolitan
=mmwawn Restricted service

o
London B! See index below

@ Step-free access from the

F Check before you travel.

< Connections with riverboat

services

ctsan

oo Connection with Tramlink
s Replacement

bus service

Location of Airport

Interchange with National R
services to airport

Replacement bus services
o Bicycle parking

Car parks

Toilets on site/nearby

Travel Information Centres

Canada’
Fwater — ¥
:
suerey Quays

W e

Leytonstone
High Read
Wanstead
Park

Woodgrange Park

Dagenham  grg
East P eim Park

Dagenham
Heathway
Becontree
gy Ueney
Barking T 2=

P East Ham

| Canning Town

West
Silvertown

==

Royal Victoria
Qe Custem House
n 8 Tor EaCet
Prince Regent
S Royot Atbert

Ny Beckton Park

‘Hornchurch




Food Web of Smallmouth Bass
Little Rock Lake (Cannibal)

'/
1st Tropic Level ¥

Mostly Phytoplankton 2nd Trophic Level
Many Zooplankton







Mathematical Genealogy Network

S. Myers, P. J. Mucha, and MAP [2011]. *“Mathematical Genealogy &

Department Prestige”, Chaos 21(4): 041104 (Gallery of Nonlinear Images).
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Suburban Bacon Network
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424 different consumers and 79 sorts of bacon
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COMMUNITIES = COHESIVE

GROUPS/MODULES/

MESOSCOPIC STRUCTURES
IN STAT PHYS, ONE TRIES TO

DERIVE MACROSCOPIC
AND MESOSCOPIC INSIGHTS

FROM MICROSCOPIC
INFORMATION

COMMUNITY STRUCTURE
I§ BOTH MODULAR AND
HIERARCHICAL

COMMUNITIES HAVE
LARCGER DENSITY OF
INTERNAL TI€S RELATIVE
TO SOME NULL MODEL
FORR WHAT TI€S ARE
PRESENT AT RANDOM

NMODULARITY
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SURVEY ARTICLE

NAP, ).-P. ONNELA, & P. J. MUCHA [2009], NOTICES
OF THE AMERICAN MATHEMATICAL SOCIETY 56(9):
1082-1097, 1164-1166

TYPES OF METHODS

AGGLOMERATIVE
€.G., LINKAGE CLUSTERING

DAAVARYAVAC
PARTITIONING BY OPTIMIZING MODULARITY

LOCAL METHODS

EDGE-BASED




MINIMIZE:

POTTS HAMILTONIAN
0, = COMMUNITY ASSIGNMENT (SPIN STATE) OF NODE |
i > 0 "> “FERROMAGNETIC” INTERACTION BETWEEN | & )

=>» NODES | AND J TRY TO BE IN THE SAME STATE

Jy <0 = “ANTIFERROMAGNETIC” INTERANCTION BETWEEN |
& ) =» NODES | AND J TRY TO B€ IN DIFFERENT STATES

NMODULAKITY OPTIMIZATION:

Ay = ADJACENCY MATRIX
W = (1/2)ZA; = SUM OF ALL €DGE WEIGHTS
P, = PROB(I CONNECTED TO J) IN NULL MODEL

NEWMAN-GIRVAN: P, = K K,/2W), WHERE K, = ZJAU =
TOTAL €DGE WEIGHT OF NODE |

“RESOLUTION PARAMETER": USE A*P,
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A. L. TRAUD, €. D. KELSIC, PJN, & NAP [2011], SIAN REVIEW, S3(3): 526—543
ALT, C. FROST, PJM, & MAP [2009], CHAOS19(4): 041104 (GALLERY OF NONLINEAR IMAGES)
ALT, PJNM, & NMAP [2012], PHYSICA A 391(16): 4165—4180

EXAMPLE




NODES = INDIVIDUALS
EDGES = SELF-IDENTIFIED FRIENDSHIPS (1 OR 0)
OUR DATA

100 DIFFERENT UNIVERSITIES (FULL NETWORKY)
SINGLE-TIME SNAPSHOT: SEPTEMBER. 2005
FANCEBOOK WAS UNIVERSITY-ONLY

SELF-REPORTED DEMOGRAPHICS

GENDER,, CLASS YEAKR, HIGH SCHOOL, MAJOK,,
DORMITORY/"HOUSE"”

PROVIDED BY ADAM D'ANGELO & FACEBOOK




FULL NETWORKS (SINGLE UNIVERSITY, LARGEST CONNECTED COMPONENT)

Institution | Caltech Oklahoma

Nodes 12195 24110 555 24780
Connected Nodes 9388 17420 6575 18158
Connected Edges 5 425619 892524 293307 766796

Mean Degree 3. 90.7 102.5 89.2 84.5

Institution Nodes (Full, Student, Female, Male) Edges (Full, Student, Female, Male)
Rutgers (24568, 20636, 11803, 10662) (784596, 613950, 209893, 160699)










AVAILABLE METHODS: CLUSTER. MATCHING,
INFORMATION THEORETIC METHODS, PAIR
COUNTING, GENERATIVE MODELS (€.G., ERGN)?

PAIR-COUNTING INDICES: RAND, JNCCARD,
MINKOWSKI, FOWLKES-MALLOWS, GAMMXA,,
ADJUSTED RAND, ...
SIMPLE TO STATE, BUT HAVE VARIOUS PROBLEMATIC
PROPERTIES

WE FIND A\UNIFIED INTERPRETATION BY RECASTING
INDEX VALUES AS§ Z-SCORES RELATIVE TO SHUFFLED
DATA (1.€., USING PERMUTATION TESTS)




RELATED TO OTHER SET DISTANCES, BUT APPLIED TO NODE€ PAIRS

W, = # NODE PAIRS PUT IN THE SAME GROUP IN IT AND ALSO IN
THE SAME GROUP IN 2NP PARTITION

W,, = # NODE PAIRS PUT IN THE SAME GROUP IN IST PARTITION
BUT DIFFERENT GROUPS IN 2N? PARTITION

W AND W, DEFINED ANALOGOUSLY
N = TOTAL NODE PAIRS = 2 W,

(w11 + woo)/M
Sy = wi1/(w11 +wio + wor)

Srm = wit/ v/ (w11 + wio) (w1t + wor)

(w1 + wip)(wyy + wor )(M — (wyy + wig) ) (M — (wyy + woy))

Muwqy — (wll + wip ) ("lt-*ll + woy )




Z-SCORES FOR RAND, ADJUSTED
RAND, FOWLKES-MALLOWS, &
CAMMA INDICES ARE PROVABLY

IDENTICAL

ANALYTICAL FORMULAS €XI1ST FOR
THE ANBOVE INDICES (NEED

PERRMUTATION TESTS FOR JANCCARD
AND MINKOWSKI)

“Observed”
“Random”
ZFM 2T Z] ZM ~R ~AR
“Observed” | 14.6 14.6 18.0 17.1 14.6 14.6
“Random” | 0.343 | 0.343 | 0.322 | 0.329 | 0.343 | 0.343




Georgetown | Oklahoma | Princeton
Inclusion: “Major” 5.885 3.799 15.03
“Dorm /House” ] 148.8 71.00 58.26
“Year” 1543 206.7 1058

“High School” 26.13 18.50 15.62
Pairwise: “Major” 16.00 16.44 9.968

“Dorm/House” 2129 186.9 147.2
“Year” 1837 286.1 1270

“High School” 4.247 22.54 2.888
Listwise: “Major” : 15.23 26.10 10.07
“Dorm/House” 221.5 159.9 116.5
“Year” 1913 251.2 997.3

“High School” 1.228 13.69 2.415

Institution and network Residence Graduation year

Rutgers 89 Full 58.1302 1006.3321
Rutgers 89 Student 46.3295 854.1174
Rutgers 89 Female 16.1881 4880149
Rutgers 89 Male 380.7912




HOUSES ARE IMPORTANT AT CALTECH
(REALITY CHECK FOR METHODOLOQGY)

HIGH SCHOOL TENDS TO B MOKRE

IMPORIANT AT LARGE UNIVERSITIES

CLASS YEAR IS THE MOST IMPORTIANT
FACTORC AT MOST UNIVERSITIES AND
DORM [§ OFTEN A VERY STRONCG
SECONDANRY FACTOKR

MAJOR HAS VARYING IMPORIANCE AT
DIFFERENT UNIVERSITIES




@ w [0,0.1) 63 cases
du[1,2y25cases
du[2, 35 2ca%0s
du[3,4)3cases
d~ 4455 FSUSS
dw[5, 85 3cases
d ~ G250 Toxas 84
d~ 7971 Autum 71
d ~ B85 Texas 80

QOO0 00o ¢ o »

High School (0.18) '




de [00.1) 50 cases
du [1.2): 30 cases
du [2.9):7 canes

du [8.4) 4 cases

dm- 4418 UCF 2

d =~ 5772 Okdahoma 97
Gu [5.7): 3cases

du [7, 8y 2ceses
d- 8885 UF

dm G514 Toxes 84

OO0CCCOo 6 =

Major




DYNAMICS ON NeETWORKS

€.G., HOW DOES NeETWORK STRUCTURE AFFECT
DYNAMICS, MODELS OF SOCIAL INFLUENCE, €TC.

DYNAMICS OF NETWORKS

€.G., COMMUNITIES IN EVOLVING NETWORKS
TEMPORAL DYNAMICS
DYNAMICS WITH RESPECT TO PARAMETERS

DEVELOPING SOME THEORY...

€.G., “NMULTISLICE” NETWORKS, MESOSCOPIC RESPONSE
FUNCTIONS, NeEwW METHODS TO DETECT CORE-PERIPHERY
STRUCTURE, €TC.




A. C. F. LEWIS, NSJ, MAP, & C. M. DEANE, BMC SYSTEMS BIOLOGY 4: 100 (2010)
PROTEIN-PROTEIN INTERACTION NETWORKS

EXAMINE CHANGES IN COMMUNITIES WITH RESPECT TO RESOLUTION PARAMETERS
INVESTIGATE BIOLOGICAL PROPERTIES OF “PERSISTENT” COMMUNITIES

CAN NETWORK PROPERTIES PICK OUT FUNCTIONALLY HOMOGENEOUS COMMUNITIES?

CLUSTERING COEFFICIENT DOES WELL (BEST AMONG 49 TeSTED PROPERTIES), WHICH 1S VERY
NICE GIVEN INCOMPLETENESS OF GENE ONTOLOGY (GO) ANNOTATIONS

1000 | 2000 3000 4000
Proteins




A. C. F. LEWIS, NSJ, MAP, & C. M. DEANE, BMC SYSTEMS BIOLOGY 4: 100 (2010)
PROTEIN-PROTEIN INTERACTION NETWORKS

EXAMINE CHANGES IN COMMUNITIES WITH RESPECT TO RESOLUTION PARAMETERS
INVESTIGATE BIOLOGICAL PROPERTIES OF “PERSISTENT” COMMUNITIES

CAN NETWORK PROPERTIES PICK OUT FUNCTIONALLY HOMOGENEOUS COMMUNITIES?

CLUSTERING COEFFICIENT DOES WELL (BEST AMONG 49 TeSTED PROPERTIES), WHICH 1S VERY
NICE GIVEN INCOMPLETENESS OF GENE ONTOLOGY (GO) ANNOTATIONS
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A. C. F. LEWIS, NSJ, MAP, & C. M. DEANE, BMC SYSTEMS BIOLOGY 4: 100 (2010)
PROTEIN-PROTEIN INTERACTION NETWORKS

EXAMINE CHANGES IN COMMUNITIES WITH RESPECT TO RESOLUTION PARAMETERS
INVESTIGATE BIOLOGICAL PROPERTIES OF “PERSISTENT” COMMUNITIES

CAN NETWORK PROPERTIES PICK OUT FUNCTIONALLY HOMOGENEOUS COMMUNITIES?

CLUSTERING COEFFICIENT DOES WELL (BEST AMONG 49 TeSTED PROPERTIES), WHICH 1S VERY
NICE GIVEN INCOMPLETENESS OF GENE ONTOLOGY (GO) ANNOTATIONS

1000 | 2000 300 4000
Proteins




K. T. MACON, P. .
NMUCHX, & NMAP [2012],
PHYSICA A 391(1-2): 343361

WE EXAMINED VOTING
DATA IN 3 DIFFERENT
WAYS
NETWORK OF AGREEMENTS
I RESOLUTION PARAMETER
NETWORK OF AGREEMENTS

AND DISAGREEMENTS
2 RESOLUTION PARAMETERS

SIGNED BIPARTITE VOTING
NETWORK
2 RESOLUTION PARAMETERS
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D. §. BASSETT, €. T. OWENS, K. €. DANIELS,
& NMAP [2012], PHYS. REV. €., 86(4),
041306.

2D GRANULAR MEDIUM OF
PHOTOELASTIC DISKS
TWO NEeTWORKS

PARTICLE CONNECTIVITY (UNWEIGHTED,
TOPOLOQGY)

FORCES (WEIGHTED, GEOMETRY)

NAESO-SCALE STRUCTURES
(COMMUNITIES) OF BOTH TYPES OF
NETWORKS ARE CRUCIAL FOR
CHARACTERIZING SOUND PROPAGATION,
ILLUSTRATING THAT CONTACT TOPOLOGY
XNLONE IS INSUFFICIENT

CURKRENT WORK (EXPERIMENTS AND
COMPUTATION): GENERALIZE NULL
MODELS TO INCLUDE SPATIAL AND
PHYSICAL INFORMATION

DSB, €T0, MAP, K€D, & M. L.
MANNING, IN PREPARATION




PJN, T. RICHARDSON, KEVIN
MACON, MAP, & JPO [2010],
SCIENCE 328(5980): 876-878

DETECT COMMUNITIES IN
NETWORKYS IN AN GENERAL
SETTING THAT
INCORPORATES TIME-
DEPENDENCE, PARAMETER-
DEPENDENCE, AND
ML RS
NORMAL CONNECTIONS IN
A SINGLE SLICE +
CONNECTIONS BETWEEN
NODE€ ] AND ITSELF IN
DIFFERENT SLICES
“SLICE" (AKX, “LAYER") =
DIFFERENT RESOLUTION,

DIFFERENT TIME, DIFFERENT
TYPE€ OF LINK, €TC.




(using Laplacian dynamics)

MULTISLICE MODULAKITY:

k-sk-s
CQmultislice — A Z { ( ijs Qmj 537’) + 5ijcjsr} 5(Cz'37 er)

Z]ST S

ENCH SLICE HAS OWN RESOLUTION PARAMETER Y,




TIME-DEPENDENT NETWORK
WITH OVER 200 YEARS OF
ROLL CALL VOTES (1789-2008)

WEIGHTED INTRA-SLICE €DGES
BASED ON VOTING SIMILARITY

(COMPUTED SEPARATELY FOR
EACH SLICE)

INTERSLICE EDGES FOR SENATORS
IN CONSECUTIVE 2-YEAR
CONGRESSES

COLORS = COMMUNITIES




DB, N. F. WYMBS, MAP,

PINA, J. M. CARLSON, & §. T.

GRAFTON [2011], PNAS
108(18):7641—7646

FNMRI DATA: NETWORK
FROM CORRELATED TIME
SERIES

EXAMINE ROLE OF
MODULARITY IN HUMAN
LEARNING BY IDENTIFYING
DYNAMIC CHANGES IN
MODULAR ORGANIZATION
OVER. MULTIPLE TIME
SCALES

MAIN RESULT: FLEXIBILITY,
AS MEXNSURED BY
ALLEGIANCE OF NODES TO
COMMUNITIES, IN ONE
SESSION PREDICTS AMOUNT
OF LEARNING IN FUTURE
SESSIONS

B

Functional Network

Large scale

2040 60 80 100
Brain regions
Functional Connectivity

time

Complete Experiment (3.45hr)

Intermediatescale [ [ [ 1]

Small scale

Session 1 (69min) Session 2 (69mm) Session 3 (69mm)

[T T

Twenty-Five Intra-Session Windows, Each ~3.45mm Long




“Flexibility”"=>Motor Learning

fMRI data: network
from correlated time
series

Examine role of
modularity in human
learning by identifying
dynamic changes in
modular organization
over mulfiple time
scales

Main result: flexibility,
as measured by
allegiance of nodes to
communities, in one
session predicts
amount of learning in
future sessions

>

Change in Flexibility

o Prediction 1->2
» Prediction 2—>3

Session 1-2 Session 2-3

Prediction 1->2



DSB, NFW, M. Puck
Rombach, MAP, PJM, &
STG [2013], “Core-
Periphery Organization of
Human Brain Dynamics”,
arXiv: 1210.35585

brain region

Flexible regions are the
ones in a structural
“periphery” and stiff
regions are the ones in @
stfructural “core”

Periphery

izf Null
M
0

. 0.1
flexibility

MA’W’W’M{um e series %
L'_II_,_ll—l—ll—,—l win dow
core-periphery organizati
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NFW, DSB, PJM, MAP, & STG [2012],
“Differential Recruitment of the
Sensorimotor Putamen and Frontoparietal
Cortex During Motor Chunking in Human™,
Neuron, 74(5), 936—946
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YOURE TRYING TO PREDICT THE BEHAVIOR
OF <CoMPUcATED SYSTEMD? JUST MOPEL
ITAS A <SHMPLE OFTECT> AND THEN ADD
SOME SECONDARY TERMS To ACCOUNT RR
CONCLUSIONS IN LIMERICK FORM*: <COMPLICATIONS T JUST THOUGHT OF >,

\

WHEN DETECTING A NETWORK’S COMMUNITIES, EASY, RIGHT?
TRY NOT TO DO IT WITH IMPUNITY. )
FOR.IT IS NOT ENOUGH S0 WHY DOES <ou= FIELD > NEED

TO STOP WITH THAT STUFF. A WHOLE JToURNAL, ANYWAY?
B€ SURE TO THINK ABOUT FUNCTIONALITY.

IN OTHER. WORDS...

NMOST RESEARCH ON COMMUNITY
STRUCTURE:
FINDS COMMUNITIES, POSSIBLY PRESENTS
A NEW METHOD, AND STOPS.
ANOTHER IMPORIANT CONSIDERATION:
VALIDATING AND/OR STUDYING THE

PROPERTIES OF COMMUNITIES ONCE WE
HAVE THEM

*THE ANUDIENCE AT \UNIVERSITY OF
LIMERICK WAS FAR LESS AMUSED BY THIS

THAN | THOUGHT THEY’D BE. LIBERAL-ARTS MATORS MAY BE ANNOYING SOMETIMES,
BUT THERES NOTH/NG MORE OBNOXIOUS THAN
A PHYSICIST FIRST ENCOUNTERING A NEW SUBJECT.




