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Scientic Interest in Dynamic Social Networks'

How do networks change over time?

How do we identify patterns?
How do we make predictions?

Examples:

Babboon Fissions
Antarctic Researt Stations
Terrorist Networks

Elepharts
- /




4 Scientic Questions{Babb oonsI )

Oncein alifetime ( 10 years) babboonswill permanertly ssion from one group into two.

Beforethe nal ssion babboonsrepeatedly split into \test" groups. After a few hours or
days apart they comebadk together. Sometime later they (temporarily) split again.

\ What doesthis changing social structure tell us about how babboons make decisions? /




4 Scientic Questions{An tarctic Researchers' A

How could one build cohesivenessin an Antarctic researd station?

What early characteristics of the group will lead to \p erfect" clustering, cliques, loners?
Can theseaspects of the social structure be predicted or changedby studying its dynamics?

\ What is the e ect of having a few charismatic personalities, or someoneeverybody hates?/




4 Scientic Questions{T errorists I

How will the structure of Al Qaedalook in the future?
What could dynamic data tell us about characteristics of the network?

How would the elimination of key individuals in the network a ect the ewlution of the
\ network?
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Scientic Questions{Elephan ts'

How do changing resourcesa ect elephart social structure (Wet Seasorv. Dry Season)?

Do elepharts changetheir preferencesover time? How might this a ect the social structure?

What e ect might an elephart's death have on the group structure?
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Social Network Mo dels. A

Holland and Leinhardt (1981) p; model
- Assumesindependenceof dyads

- Modelsthe ties as functions of individual relational attributes
(expansivenessattractiv eness)as well as featuresof the graph
(density, overall tendencytoward reciprocity)

Wassermanand Pattison (1986) p model

- Modelsthe probabilities of ties conditional on all other ties in
the network.

- Explanatory variables are the di erences in the network
statistics (...) If atie x; wereto changefrom 1to O.

Ho, Raftery, and Handcack (2002)
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Ho, Raftery , and Handco ck Social Space Mo del I

Similar to the model | use for elephants!

Senderand receiver random e ects, as well as positionsin a

latent social space,accoun for the dependencebetweendyads.

logit(pjj )= o+ Si+rj+ aXjj jz Zj
- Commonintercept g, a baselineprobability
- Sendersaciability or \expansiveness's; random e ect

- Receier \attractiv eness"r; random e ect
- Vector of dyad-speci ¢ (obsenable) covariates X;;

The distance betweeni and | in \Social Space"a ects the
probability of atie fromi1 ! |.

{ Actors closetogetherin sccial spaceare more likely to form ties.

~




Latent Social Space'

Sccial Spaceis a latent variable. It Is a useful proxy for that
which we cannot measure.

There may be thousandsof reasonswhy two peoplewould form
a friendship (political a liation, fondnessfor basketball, mutual

Interest in shoppingfor shoes). A 2-dimensionalsccial spaceuses

only the two \principle" factors.

If we had data on individual attributes we could include them In

the model.

J
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Social Space Example I

2 \most important" directions of compatibility

Attitude towards money: Frugal Extravagart
Sleepsdiedule: Early bird I Night owl
Combine both to createa 2D Sccial Space

The closertwo peopleare in this sccial spaceexample,the more likely they
are to have a good marriage.




Agent-Based Mo dels I

Imposea few simple rules on agerts, then study the aggregate
e ects of the resulting interactions.

Complex sacial phenomenacan be generatedby individual
agens acting accordingto the simplerules.

Evaluate each new rule.

Sugarscap (Epstein and Axtell 1996)is a classicexample.




4 Sugarscap e Example I

Agens collect sugaraccordingto \vision" rulesand burn it at
an individual rate called\metab olism".

The Sugarscap hasrules for whereand how fast sugarregrows.

Patterns of migration and skewed distributions of wealth emerge|

? New rules produce new phenomena:

Rules Implications

Vision, Metabolism, Regravth rates | Migration, Wealth distribution

Sex, Reproduction Evolution, Inheritance
Spice Trade, Price equilibria
Cultural traits Tribes,War, Migration




4 Our Approac h{Bac kground I

Students arrive at a boarding sdool having no friends and not knowing anyone.

Each student occupiesa position in Social Space.

Studen ts make friends at each time step according to a specied set of simple
\_ rules which mimic the Ho model.
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4 Student Social Space I A

Initial Locations in Social Space for Model 1b
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Sacial Spaceis a useful proxy for that which we cannot measure.

Key idea: Studerts move towards their friendsin Sccial Space.
\_ Studerts changetheir habits and intereststo be more similar to their friends)




Simulation of Mo del 1'




4 Mo del 1. )

? p-Mo del 1:
logt(pj) = o Jz 7z
logit (p;j ) is the deg ee of friendship betweenagerts i and j .
o Is the baselinedegreeof friendship betweenany two agerts.

i=1;:::; 20: | = 1,..., 20. The degreeof friendship betweenan agert and itself, logit (p;i ),

IS unde ned.

z; is the position of agert i in two-dimensional Sccial Space. jz;  zj is the distance
betweenagerts i and |.

? Rules for Agent Mo del 1:

Rule 0. Twenty agens start randomly at time=1 ona (20 20) grid in
2-dimensionalSccial Space.

Rule 1. At ewery time step ead agert | pro ers a friendship to all ageris
] 6 1, and thesepro ers are acceptedwith probability p; .

Rule 2. After new friendshipsare created, agens move a \ move.fraction
\_ towards the averageof their friends’ locationsin Sccial Space. )




Evaluation of Rules I A

How do changes in the set of rules change the results?

Comparestatistics of the network generatedby di erent setsof
rules

- Averagenumber of friends

- Number of clusters

- Number of completedtriads

- Number of opposite sexfriends

- Net distancemoved by all agerts in Sacial Space
- Time until \p erfect” clustering
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Initial Locations in Social Space for Model 1

Rule 0: Model 1 and 1b|

Initial Locations in Social Space for Model 1b
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logt(pij) = o Jz 3z
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Evaluation of Rules 0 and 1'

Average number of Friends Model 1a
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Rule 0. Size of Social Space

Rule 1. logt(pj)= o jz Zj




Further Evaluation of Rule 1: Mo del 1aI

Average number of Triads Model 1a
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Further Evaluation of Rule 1: Mo del 1b.

Average number of Triads Model 1b
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? p-Mo del 2:
logt (pij) = ot 1 1(Sex = SEXJ') | (Sex; = SEXJ') 1Zi ij

o is the baselinedegreeof friendship betweenany two agerts.

| (Sex; = Sex;) is an indicator whether agerts i and j are of the sameSex. This dyadic
covariate is certered about its meanto retain the interpretation of the baselinedegreeof

friendship .
? Rules for Agent Mo del 2:

Rule 0. Twenty agerts start randomly at time=1 on a (20 20) grid in 2-dimensional
Scacial Space.

pro ers are acceptedwith probability pj .

Rule 2. After new friendships are created, agerts move a \ move.fraction " towards the

averageof their friends' locations in Scocial Space.

Rule 3. Agens are split evenly betweenthe sexes. ; Is the sensitivity of
\_ friendshipsto sameSex.

4 Gender is Added to Agent Mo del 2' N

Rule 1. At every time step ead agert i pro ers a friendship to all agerts j 6 i, and these

J




Friends
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Evaluation of Rules: Mo del 2.

Average number of Friends Model 2

Average Opposite Sex Friends Model 2

Opposite Sex Friends
2
|

Timein10's Timein10's
logt(p;) = 0+ 1 1(Sexi = Sex;) 1(Sexi = Sex;) 12z Z]
Rule 3. 1 iIs the sensitivit y of friendships to same Sex.
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Triads

Clusters

Evaluation of Rules: Mo del 2
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Simulation of Mo del 2'




4 Evaluation of Rules: Mo del 2. )

As long as move.fraction > 0, all the agens will evertually move together
to form one perfect cluster. But it could be practially impossiblebasedon
o; 1, and the sizeof Sccial Space.

Often oneagen (starting in a cornerof Sacial Space)will fail to make friends
early and becomeisolated (nearly forewer).

Evenwhen ; waslarge, clustersof opposite sexesemergedin Sccial Space.
Studerts in the samelocation in Sccial Spaceare not necessarilyfriends.

In general,the larger ; in absolutevalue, the higher the averagenumber of
friends.

Adding sexinto the equation drastically changesthe dynamic behavior of the
system. No longer do we obsene one perfect cluster of ageris at the end of
\_ the run. Sub-clustersin Sccial Spaceform and persist. )
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Agent Mo del 2 Example I

Sacial Spaceafter 1098iterations | = 2 (preferencefor samesex):

Final Location t =1098
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Six clusters of studerts emerge: A big cluster of 7 males, a cluster of 4
females,a smaller cluster of 2 females,two mixed clustersof 1 male and 2
females,and one lone male who never made any friends.

.




4 Charisma is Added to Agent Mo del 3'

? p-Mo del 3:
logt(pj) = ot 15ex; + s(si+s) Jz Zj

s Is the sensitivity of friendshipsto Charisma .

equally weighted when making friendships.

? Rules for Agent Mo del 3:

Rule 0. Twernty agerts start randomly at time=1 on a (20 20) grid in 2-dimensional
Scacial Space.

pro ers are acceptedwith probability pj .

Rule 2. After new friendships are created, agerts move a \ move.fraction " towards the
averageof their friends' locations in Social Space.

Rule 3. Agents are split evenly betweenthe sexes. ; is the sensitivity of friendships to
sameSex.

\_ Rule 4. The Charisma s; N(0O; 1) of ea agen is addedto the model.

Charisma s; N(O;1). Both the senderand the receiver have Charisma and both are

Rule 1. At every time step ead agernt i pro ers a friendship to all agerts j 6 i, and these

J




Simulation of Mo del 3'




4 Evaluation of Rules: Mo del 3' A

Average number of Friends Model 3 Opposite Sex Friends Model 3
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logt(p;j) = O+ 1Sex; + <(si+s) jz zj

Rule 4. ¢ is the sensitivit y of friendships to Charisma.
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Evaluation of Rules: Mo del 3

Average number of Triads Model 3
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4 Implications of Rules: Mo del 3'

logt(pj) = o+ 1Sexj; + ssi+ (1 |z Z]

logt(pj) = 0+ 1Sex; + s(si+s) jz z]

undirected. What if there are di erential senderand receier e ects?
They might even bring everbody together into a perfect cluster.

model.

\_ What resultswhenCharisma ¢ and Sex  both vary?

Charisma of the senders; and the receiver r; = s; are equally important in
making friendshipssincethe coe cien ts areequal( s = ;) and the ties are

Studerts with high Charisma make lots of friends and live in large clusters.

The distribution of Charisma might make a di erence in the behavior of the

J




Varying Charisma and Sex in Mo del 3

Avg # Friends, d1=0
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4 Varying Charisma and Sex in Mo del 3' N

logt(pj) = 0+ 1Sex; + <(Si+S) jz zj

1. Only when ; = 10is there a noticeabledi erence in Av erage Num ber
of Friends for di erent valuesof ..

2. For all valuesof ; (sensitivity to Sex), Averagefriends increaseswith an
Increasein ..

3. Averagenumber of Opp osite Sex Friends seemsvery high for all values
of ; when ¢ = 10. For most valuesof ;, opposite sexfriends increaseswith
an increasein .

4. The average nal location is not a perfect cluster for any valuesof the
parameters. Sccial Spaceseemso be big enoughto get stable sub-clusters.
Agerts start far enoughapart to have a high probability of remaining apart.

5. The Num ber of Triads is the samefor all valuesof ; (except slightly
when | = 10). There is a clear monotonic relationship betweennumber of
triads and s (for a given ).

6. The Num ber of Clusters is alsolargely una ected by ; and the
\_relationship betweenclustersand s is fairly strong. )




4 New Rules I A

New rules could be imposedto add complexity to the model.

Introduce enmity or hatred betweenthe studerts (a repulsive force)

Add jealousyto the model

Make movemen in sccial spacelesslikely astime goeson
Imposea minimum distancein social space

Model 4 basesmovemern in social spaceon all the probabiities
of friendship p; rather than on 0/1 friends.

- Given the random assignmenh of gendersand charisma, the model become$
deterministic.

Could changethe interpretation of social spacefrom a distance
model to Peter Ho 's inner product scocial space,or could allow
studerts to belongto speci c \classes". y

.




Statistical Challenges'

Su cient statistics for the social network
Which summary statistics to usefor the network?
How doesone summarizea story?

Evaluating models and rules without data




