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Questions

• Are we witnessing a monopolization of 
the Web by an oligarchy of sites?

• Can we quantify popularity bias from 
empirical evidence?

• Can we predict popularity bias with a 
simple model of searching?



 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

  

 

 

 

Popularity and 
PageRank

“long tail”
“scale-free”

“rich-get-richer”

Pr[k] ∼ k−2.1

Broder & al. 2000

PageRank

p(i) =
α

N
+ (1 − α)

∑

j:j→i

p(j)

|" : j → "|

Brin & Page 1998
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1.  traffic ~ P(click)

2.  P(click) ~ f(rank)

3.  rank ~ f(PageRank)

4.  PageRank ~ f(indegree)

Modeling search engine bias 
from the relationship 

between indegree and traffic
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3. rank(PageRank)
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2. P(click|rank)
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Chaining together the 
scaling relationships

t∼r−1.6

∼(p−1.1)−1.6

∼(k−1.1)−1.6

∼k1.6×1.1

∼k1.8

t ∼ p ∼ k

Without search
(surfing only)

Googlearchy
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Surfing without search engines: popularity 
reflects rich-get-richer bias of the Web

back



Googlearchy: search engines amplify 
rich-get-richer bias of the Web

back
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Empirical measurements
• Indegree

• Google service
• Yahoo service
• Repeated a few 

months apart
• Traffic

• Alexa service
• Page views in 3 

months
• Domains vs. sites 

vs. pages
• 28,164 sites

• about 2,000 
popular

• the rest random 
sample



Data vs. Models
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B surfing model: t ~ k
searching model: 

t ~ k1.8÷2.2



What are we missing?

t ∼ r−1.6
q

rg ∼ k−1.1

R=1
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Revised model

Pr(R, r, N, n, h)=pR−1
r−1 pN−R

n−r h

=hn(1 − h)N−n
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t(R, r, N, n, h) =
r−α

∑n
m=1 m−α Pr(R, r, N, n, h)



Revised model

t(R, N, h) = h F (Rh)A(N)

F (Rh) ∼






const if h ≤ Rh ≤ 1

(Rh)−αif Rh ≥ 1

t(R, N, h) =
N∑

n=1

n∑

r=1

r−α
∑n

m=1 m−αhn(1 − h)N−n ·
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Effect of hit set size

The fewer the hits, 
the flatter the 

scaling between 
traffic and indegree

Idea: with few hits, established popular sites 
are less likely to be included and get a boost



Convoluting the curves

tS(R, N) =

∫ hM

hm
S(h, N)t(R, N, h)dh

tS(R, N) =

∫ hM

1/N
S(h, N)h A(N)F (Rh)dh
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Integrating the curves by 
simulating the process

tS(R, N) =
A(N)B(N)

N2−δ

∫ hM N

1
z1−δ F

(
R

N
z

)
dz

S(h, N) = B(N)h−δ
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Data vs. “Semantically 
Correct” Model
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Empirical data: search mitigates 
rich-get-richer bias of the Web



• The use of search engines partially 
mitigates the rich-get-richer nature of 
the Web, giving new sites an increased 
chance of being discovered (compared 
to surfing alone), as long as they are 
about specific topics that match the 
interests of users.

• The combination of (i) how search 
engines index and rank results, 
(ii) what queries users submit, and 
(iii) how users view the results, leads to 
an egalitarian effect (“Googlocracy”).

Conclusions





How do search engines affect Web growth?



Web growth by searching
• Let’s model the evolution of the Web by 

assuming that pages are discovered mainly 
by searching

• Contrast current models:

• Assume people link new pages to most popular 
ones (preferential attachment)

• Must know degree

• Only undirected networks

• Only works if P(link) exactly proportional to 
degree

• Disregard user interest topics, page content, etc.



General network growth model

• Sort page by “prestige,” e.g., 
age, degree, PageRank, 
relevance, etc.

• No need to know values of 
original “prestige” measure

• R: rank (1, 2, ...)
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Limited information
• What if new nodes do not know global 

ranks, but only local ranks within a 
selected subset of all existing nodes?

• Preferential attachment ‘breaks’...

• Two cases:

1. Each node is selected with fixed 
probability, h (independent of N): 
degree distribution still scale-free!

2. Different nodes may have different 
knowledge: a bit more complicated...



2. Each node is selected with probability 
h distributed as:

General model: 

• uniform distribution 
for β=0

• exponential for β→∞

p(h) ∼ h−β ⇒ p(k) ∼ k−f(α,β)
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Web as special case!

α = 1.6
β = 1.1

γa = 1 +
1

2 − β
" 2.1



Rank based growth model
• Works with many prestige measures

• No need to know degree or other 
prestige values, only ranks 

• Works with broad class of power 
functions for P(link)

• Works with directed networks

• Works with limited information

• Strong stability against variation in the 
parameters

• Web search as special case: close 
prediction of Web graph’s topological 
features



Thanks
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