Growth of the Flickr Social Network




Online soclal networks

¥ Popular way to connect, share conte

¥ Among most visited sites on Web
¥ Users: Orkut (60 M), LiveJournal (5 |

_‘¥ Unlque opportunlty to dynamlcs of




Why study social network growth?

¥ Online social networkshare many structural properties
¥ Signibcant clustering, small diameter, power-law degrees
¥ Similar underlying growth processes?
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This work

¥ Use a measurement-driven approach to
understand growth

¥ Presentlarge-scale measurementfetickr
network growth

¥ ~1 M new users, ~10 M new links
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Contributions

¥ Methodologyto collect large-scale network growth data
¥ Measured both Flickr and YouTube

¥ Makedata available to researchers

¥ Much Iarger scale hlgher granularlty than eX|st|ng data sets
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Rest of the talk

¥ Measuring social network growth

¥ Analyzing growth properties




Crawling social networks

¥ Flickr reluctant to give out data
¥ Cannot enumerate user list
¥ Insteadperformed crawls of usegraph

¥ Picked known seed user
s friends
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Crawling social networks

¥ Flickr reluctant to give out data
¥ Cannot enumerate user list

¥ Insteadperformed crawls of usegraph
%‘
2 & ¥ Picked known seed user
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Observing growth

¥ Crawlssubject to rate-limiting
¥ Discovered appropriate rate

¥ Crawled using cluster of 58 machines
¥ Using Flickr API
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How much were we able to crawl?

¥ Users donOt necessarily
form single WCC

¥ Disconnected users

¥ Estlmate coverage by
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How much were we able to crawl?

¥ Users donOt necessarily
form single WCC

¥ Disconnected users

¥ Estlmate coverage by
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Limitations to growth data

¥ Newly discovered users may have
existing links
¥ DonOt know when existing links wer
Created
¥ Only count links weobserved being
Created
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Limitations to growth data

¥ Newly discovered users may have
existing links 3 p-3
¥ DonOt know when existing links wer

created \3/

¥ Only count links weobserved being f
Created
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Rest of the talk

¥ Measuring-soclalnetwork-growth

¥ Analyzing growth properties




Growth data characteristics

¥ Crawled Flickrdally for over 3 months
¥ Nov. 2 - Dec. 3, 2006 and Feb. 3 - May 18, 2007

¥ Observed ~1 M new users and ~10 M new links
¥ Network grew from 17 M to 33 M links
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Network growth questions

¥ How does growth lead to observed structural properties?
¥ |s growth consistent with a known model?

¥ Networks havehigh symmetry
¥ What causes symmetric links to form?
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How quickly do symmetric links forn




Reciprocity

¥ Users carcreate link In response to
iIncoming link
¥ OOut of courtesyO
¥ Known In sociology

¥ Flickr emails users about new incoming
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Preferential attachment

¥ Model for creating power-law networks

¥ Known as Ocumulative advantageO ot
Orich get richerO
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Is preferential attachment happenin

=
©
s

(D)
T o
e
O3
) X
ENA s
£=
— =
()]
o
N

Links Received
(new links/node/day)




Barabasi-Albert (BA) model

¥ Well-known model for creating power-law
networks
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¥ Usesglobal preferential attachment P (X) = |

¥ Destination selected using global weightec
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Does proximity matter?

/\ Observed




Implications of network growth

¥ Observed growth of a large, complex social network

¥ Found multiple growth processes at work
¥ Reciprocity leads to high symmetry
¥ Preferential attachment leads to power-law degrees

¥ Proximity bias leads to local clustering
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Related work

¥ Growth models
¥ Preferential attachmenscience©99]
¥ Random walk§Phya.AO04]
¥ Common neighbor$Phys.Rev.EO01]




Summary

¥ Presented brst large-scale study of online social network grov

¥ Collected data coveringl M new users, ~10 M new links

¥ Found high-level growth processes at play

¥ Growth via local, rather than global, processes
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Questions?

Data sets available from:




