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What are cohesive subgroups?

e Loosely speaking, network “clumps”
— Regions of high density and low distance




Cohesion family
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Why we care

 They exist!
— Real networks often clumpy. Clumps are subgroups

 They affect (social) processes we care about.

—  Groups are powerful influencers of members
. Create homogeneity

—  Output is group membership variable (eg segments)
 Need for data reduction
— Can analyze each group separately

— Can aggregate subgroups into “supernodes”
. Build simplified model of complex network



Two approaches

 Mathematical ethnography

— Take squishy sociological ideas like “primary
group” and translate into formal|mathematical
language

— Theoretically informed models

 Methodological

— Define algorithms that will cluster dyadic
cohesion matrix to find clumps

e Data mining, clustering, neural nets
— Atheoretical clusters



Johnson’s Hierarchical Clustering

e Output Is a set of nested partitions, starting with
identity partition and ending with the complete
partition

— Partition represented as vector that associates each
node with one and only one “group” (mutually
exclusive)

 Different flavors based on how distance from a
cluster to outside point/node is defined

— Single linkage; connectedness; minimum

— Complete linkage; diameter; maximum

— Average, median, etc.
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Applying HiClus to Network Data

Distances

Geodesic
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Hierarchical Clustering
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Newman-Girvan

Calculate edge-betweenness for graph

Remove edge with highest edge
betweenness

If number of components increases,
record partition

Recalculate edge betweenness & repeat
until all nodes are isolates or maximum
number of clusters reached/exceeded



Clique

A maximal complete subgraph
— Everyone Is adjacent to everyone else
— Distance & Diameter is 1 N
—Density is 1 /
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e Limitations
— Undirected
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Factions

e Computationally arrange nodes into
mutually exclusive groups such that some
predefined criteria is optimized

— For example, make groups that maximize
density of internal ties and minimize density of
external ties



Campnet Example

Group Assignments:

1: HOLLY MICHAEL BILL DON HARRY

2: CAROL PAM PAT JENNIE PAULINE ANN

3: BRAZEY LEE JOHN GERY STEVE BERT RUSS

111 11 1111 BILL
10249 468753 1325678 X
HBDHM PJAPPC LJBGSBR DON

1 HOLLY | 1 1 | 1 1 I HARRY
10 BILL | 1111 | | |
12 DON | 1 111 | | |
14 HARRY | 1 111 | | |
9 MICHAEL | 1 111 | | | MICHAEL " HOLLY
4 PAM | 1111 | I ‘
6 JENNIE | ]111 1 | |
8 ANN | | 1111 | | PAT
7 PAULINE | | 1 111 | |
5 PAT | 1 | 1 11 | | LEE GERY
3 CAROL | | 1 111 | STEVE PAM JENNI
11 LEE | | 1 1 11 |
13 JOHN | | 1 | 1 1 1]
2 BRAZEY | | |1 1 11 | { B CAROL
15 GERY | 1] I 11 1| @ERAZEY RUSS__,gJoHN PAULINE
16  STEVE | | | 1 111 | BERT
17 BERT | | | 1 111 | ANN
18 RUSS | | | 1111 |



GROUP level of analysis

Core/Periphery Structures

o Core/Periphery

— Network consists of single group (a cor
together with hangers-on (a periphery),

« Core connects to all
» Periphery connects only to the core

— Short distances, good for transmitting
Information, practices

— ldentification with group as whole
— E.qg., structure of physics

e Clique structure
— Multiple subgroups or factions
— ldentity with subgroup
— Diversity of norms, belief
— E.g., structure of social science

)

C/P

Cligue



On Innovation and Network
Structure

“T would never have conceived my theory, let alone have
made a great effort to verify it, if I had been more
familiar with major developments in physics that were
taking place. Moreover, my initial ignorance of the
powerful, false objections that were raised against my
ideas protected those ideas from being nipped in the bud.”

- Michael Polanyi (1963), on a major contribution to physics

15 May 2008 29

Borgatti



Case Study: Johnson’s study of
morale at the South Pole

m Study by Jeff Johnson of a South
Pole scientific team over 8 months

m C/P structure seems to affect
morale

Caution.
“N” of 1

15 May 2008 23



Finding Core/Periphery Structures

 Two ways to deal with it...

— One Is a special case of factions, which
maximizes density of core-to-core relations
and minimizes all others (categorical)

— Another I1s a continuous model that calculates
a “coreness” which is how much this node
looks like a core node (continuous)
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