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The Internet is for...
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Clicky

http://steinbeck.ucs.indiana.edu/~mmeiss/clickbrowser/index.cgi
http://steinbeck.ucs.indiana.edu/~mmeiss/clickbrowser/index.cgi


Clicky

http://steinbeck.ucs.indiana.edu/~mmeiss/clickbrowser/index.cgi
http://steinbeck.ucs.indiana.edu/~mmeiss/clickbrowser/index.cgi


... But seriously... 
Outline

• Data collection

• Structural properties

• Behavioral patterns

• Temporal patterns

• PageRank validation
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Host graphs
• Directed, weighted networks

• 26 Sep 2006 – 19 May 2007

• ~60 M HTTP requests per day

• ~7 GB/day

• ~13 B requests, ~8 M hosts, 
~38 M edges

• ~14 requests per human click
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Pajek

• HUMAN:  ~1 B requests, 
~4 M hosts, ~11 M edges



Structural properties: degree
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Structural properties: degree
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Structural properties: strength 
(site traffic)
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Structural properties: weights
(link traffic)
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Behavioral patterns 
(HUMAN)

Empty referrer
14.5%

Search
21.2%

62.7%
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54.1%
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40.4%

Proportion of total 
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Proportion of total 
out-strength



Ratios are stable
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Does search mitigate the 
rich-get-richer dynamics?
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Temporal patterns

• How predictable are traffic patterns?

• Cache refreshing (e.g. proxies)

• Capacity allocation (e.g. provisioning for 
spikes)

• Site design (e.g. expose content based on 
time of day context)



Temporal patterns
• Predict future host graph (clicks) from 

current one, as a function of delay 

• Generalize temporal precision and recall: 

P (δ) =
T∑

t=δ

(∑
ij min[wij(t), wij(t− δ)]

∑
ij wij(t− δ)

)

R(δ) =
T∑

t=δ

(∑
ij min[wij(t), wij(t− δ)]

∑
ij wij(t)

)
.



HUMAN host graph 
(FULL is about 10% more predictable)
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PageRank

• PR as a model of  Web navigation: stationary 
distribution of visit frequency by a modified 
random walk (with jumps) on the Web graph  

• Compare with actual site traffic (in-strength)

• From an application perspective, we care 
about the resulting ranking of sites rather 
than the actual values



Kendall’s rank correlation
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PageRank assumptions
1. Equal probability of teleporting 

from each of the nodes

2. Equal probability of teleporting 
to each of the nodes

3. Equal probability of following 
each link from any given node 

PRW (j) =
α

N
+ (1− α)

∑

i:wij !=0

wij

sout(i)
PRW (i)



Kendall’s rank correlation
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Local link heterogeneity
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Local link heterogeneity
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Teleportation source 
heterogeneity
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Teleportation target 
heterogeneity
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Summary
• Heterogeneity: incoming and outgoing site 

traffic, link traffic

• Less than half of traffic is from clicks

• Only 5% directly from search engines

• Temporal regularity

• PageRank is a poor predictor of traffic: 
random walk and random teleportation 
assumptions violated



Next

• Sampling bias and search bias

• Modeling traffic: Beyond random walk?

• From host graph to page graph

• ClickRank



Thanks?
Mark Meiss

Filippo Menczer

Santo Fortunato

Alessandro Vespignani

Alessandro Flammini CNLL


