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Location, location, location.
And soclal networks.
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Put people on a map and We need new tools to model

social ties across space. these networks.
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Distance matters.



Interesting questions...

e Can we discriminate between
users according to their
attitude towards long-range
ties?

e How geographically close are
clusters of friends?

e How is information spreading
across space over social links?

e Can we improve real systems
exploiting geographic
information in social networks?
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Geographic Social Network
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(Geo-social metrics

How close are the neighbors of a given
node to the node itself?

Node locality

N i = k Ze_lz.‘)/ﬂ
Jjer’;

How spatially inter-connected are the
neighbors of a given node?

Geographic clustering coefficient

Aijk — ma‘x(lija lika lkJ)

GC; = Z e~ Dijk/B
k(k J,kGF
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Node locality

How close are the neighbors of a given node to the node itself?
Our aim is to:

eHighlight only extremely short-range social connections.
eNormalize this measure for nodes with various degrees.

e Allow networks at different geographic scales to be compared.

—» Link length

» Network scaling
factor

Node degree Node neighborhood
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Geographic clustering coefficient

How spatially inter-connected are the node’s neighbours?

Our aim is to:
e Generalise the standard clustering coefficient.
eHighlight only extremely short-range social triangles.

e Allow networks at different geographic scales to be compared.

Triangle size
i N\ %Jk max(lz.j, Likes lkj) __—» Triangle link lengths
j ~ )
GC;
Possible
triangles
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Scaling factor

The scaling factor B allows us to compare geo-social metrics across networks

with different scales. For example, by choosing B so that if all lengths are
rescaled, B is also rescaled, geo-social metrics are not affected.

Graph 1 Graph 2
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Dataset collection

Online Social Collection Samolin Location
Network method PiiNg information

brightkfte Public AP Complete GPS

fOUI’ square Public API Snowball crawling GPS

| Public API + |
LIVEJOURNAL HTML scraping Snowball crawling Text-based
Public APl | Snowball crawling| &> ©OF text-

based
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Yahoo Geocoding API

@ YaHoO!
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Problems with geocoding

Hilton Paris Paris Hilton
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Keep only city-level accurate results
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Dataset properties

BrightKite

FourSquare

Livedournal

Twitter
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Social Metrics

B Degree W Clustering
BrightKite 7.88
FourSquare 12.02
Livedournal 29.85
Twitter 447 .45
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Geographic Properties

B Average link length
Average user distance

BrightKite

FourSquare

Livedournal

Twitter
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Social Link Geographic
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(Geo-social Metrics

I Geographic clustering
Clustering

2 Node Locality

I

BrightKite
0.181
FourSquare *
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vedournal *
0.185
Twitter
|
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Node Locality
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Distributions
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Geographic Clustering Distributions

BrightKite FourSquare
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Findings Gowalfa

Passport Spots Trips Friends

Location-based services (LBSs) Details Activity
foster user interaction on
shorter distance.

LBSs have many users with
predominance of local ties
and local triangles.

Twitter does not exhibit this
‘hyperlocal’ behaviour.

In general, users with higher
degrees appear more gIObaI’ FOWERED e'}:{:‘l
(with the exception of Twitter). sl




Conclusions and future works

We have shown how social networks with geographic information can be
studied and represented.

We have defined two new geo-social metrics which take into account both
social connections and geographic distance: node locality and geographic
clustering coefficient.

We have collected 4 large-scale online datasets and applied our metrics to
their structure, highlighting differences between purely location-based social
network services and other online social communities.

In future: information propagation over space on Twitter, combining user

mobility with geo-social metrics, general geographic generative model for
OSNs.
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Thanks!
Questions?

Salvatore Scellato

Email: salvatore.scellato@cl.cam.ac.uk
Web: http://www.cl.cam.ac.uk/~ss824/
Twitter: www.twitter.com/thetarro
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Flickr: sean dreilinger
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