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Basic approaches

e Multi-relational approach
e Visualization

— Static representations

— Animations
e \/ISONE
e SONIA

 Agent-based statistical models
— SIENA



Multi-Relational Approach

e Each time point is a slice of a
multidimensional actor-by-actor-by-time
matrix
— Just like multiple relations on the same nodes

e Sample datasets
— SAMPSON dataset includes who likes whom at
points in time
e SAMPLK1 SAMPLK2 SAMPLK3

— NEWFRAT dataset includes weekly esteem
rankings for about 13 weeks



Correlations among matrices
(SAMPSON dataset)

SAMPLK1  SAMPLKZ2  SAMPLK3

SAMPLK1 1.000 0.645 0.638
SAMPLK2 0.645 1.000 0.768
SAMPLK3 0.638 0.768 1.000

SAMPLK1

-]
SAMPLK2
SAMPIK3
-]

Multidimensional scaling representation

o After T1, social structure changes little
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Correlations among matrices

(NEWFRAT dataset)

Decline away from T1
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Correlations among matrices
(NEWFRAT dataset)
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e Correlations drop off as time difference increases
e Correlations drop faster at the early time points



Correlations among matrices

(NEWFRAT dataset)
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Multidimensional scaling representation of
correlations among time periods NEWCO
-- arrows added to indicate flow of time .




Correlations among matrices
(NEWFRAT dataset)
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Network representation. A line is drawn between two time
periods if the correlation between them is greater than 0.8

*NEWC1



Visualizing tie-level changes

e Side-by-side
display
— Static
representation

— Nodes don’t
change
positions

 Requires small
networks, few
time periods
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Newcomb data over time
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e Changes in tie strength (and centrality) over time

 Node positions fixed

(animation)



Newcomb data over time

SHCeT e

o N Od e pOS it i O n S IuJ--ut:|.1L|Ifi|'-|I'~.I'I-:'-_-T'.'1I'|.'--'-n~ntI amada-lKawai layout optimum distance: 80.0initial KK energ
change over time

e |ssues with
maintaining the
meaning of the
motion/position link

— Brownian motion of
the spring embedder | _d

e But see visone for
algorithmic
improvement

Anthony Dekker. 200?. Conceptual Distance in
Social Network Analysis. Journal of Social
Structure. (Vol. 6, No. 3)



uses of motion as design element

1968

Case lll

 Nodes maintain
fixed positions,
ties appear and
disappear

— lgnores changes
in centrality etc. .

— Traces help
maintain j
memory but this
is still issue

Moody, James, Daniel A. McFarland and Skye Bender-DeMoll. 2005. "Dynamic
Network Visualization: Methods for Meaning with Longitudinal Network Movies”

American Journal of Sociology 110:1206-1241.
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Supreme Court Data

_ 48 Ginsberg
— Souter

Scalia™ __

RehnquistlEO'Connor
Kennedy

' Stevens

How often judges were together on the majority across all 10 years



Scal96

Supreme Court Data

J Thom96 -- all years, all judges
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Stacked Correspondence analysis



Supreme Court Data

J Thom96 -- all years, selected judges
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Stacked Correspondence analysis




