Note to other teachers and users of these slides: We would be delighted if you found this our
material useful in giving your own lectures. Feel free to use these slides verbatim, or to modify
them to fit your own needs. If you make use of a significant portion of these slides in your own
lecture, please include this message, or a link to our web site:

Analysis of Large Graphs:
TrustRank and WebSpam
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Example: PageRank Scores
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PageRank: The Complete Algorithm
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If the graph has no dead-
ends then the amount of
leaked PageRank is 1- . But
since we have dead-ends the
amount of leaked PageRank
may be larger. We have to
explicitly account for it by

computing S.
%



Some Problems with PageRank



Topic-Specific PageRank
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Node | Iteration
0 1 2 ... Stable
1 0.25 0.4 0.28 0.294
2 0.25 0.1 0.16 0.118
3 0.25 0.3 0.32 0.327
4 0.25 0.2 0.24 0.261
S={1,2,3,4}, =0.8:
r=[0.13, 0.10, 0.39, 0.36]
S={1}, =0.90: S={1,2,3}, =0.8:
r=[0.17, 0.07, 0.40, 0.36] r=[0.17, 0.13, 0.38, 0.30]
S={1}, =0.8: S={1,2}, =0.8:
r=[0.29, 0.11, 0.32, 0.26] r=[0.26, 0.20, 0.29, 0.23]
S={1}, =0.70: S={1}, =0.8:
r=[0.39, 0.14, 0.27,0.19] =

0.29, 0.11, 0.32, 0.26]
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Millions of
farm pages



N...# pages on the web
M...# of pages spammer
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N...# pages on the web
M...# of pages spammer
owns
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B $ ( NYT: 10
O Ebay: 3
< " $ /
Yahoo: 3
( ' ' |
< / CNN: 8

( 1 A WSJ: 9
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Each page starts With hub
score 1. Authorities collect
their votes

(Note this is idealized example. In reality graph is not bipartite and
each page has both the hub and authority score)
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\ Sum of hub

scores of nodes
pointing to NYT.

Each page starts With hub
score 1. Authorities collect
their votes

(Note this is idealized example. In reality graph is not bipartite and
each page has both the hub and authority score)
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Sum of authority
scores of nodes that

the node points to.\

Hubs collect authority scores

(Note this is idealized example. In reality graph is not bipartite and
each page has both the hub and authority score)
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Authorities again collect
the hub scores

(Note this is idealized example. In reality graph is not bipartite and
each page has both the hub and authority score)
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