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Announcement

 Music and Image Retrieval Lecture on 
12 December 2019 

 Usual time and place
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Material covered

 Manning Book 

- Chapter 19: Web Search Basics

- Chapter 20: Web Crawling and Indexing

- Chapter 21: Link Analysis

 Manning Book slides have been widely used
and adapted for this lecture

 F. Silvestri, Mining Query Logs: Turning 
Search Usage Data into Knowledge,
now Publishers, 2009
http://ferryas.lecturer.pens.ac.id/Others/PA/web%20search%20mining.pdf

http://ferryas.lecturer.pens.ac.id/Others/PA/web%20search%20mining.pdf
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Outline

① The Web: What makes it Unique?

② Indexing the Web

③ Ranking on the Web

④ Query Log Analysis
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Internet Today

6

4.5 billion people are connected

http://www.internetworldstats.com/stats.htm

http://www.internetworldstats.com/stats.htm
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The changing web

 The Web is in practice unbounded

 Dynamic pages are unbounded

 Static pages over 20 billion?

 Each year 20% of sites die, but …

 … 110% increase so you don’t see it
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Not Managed or Curated 
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Trends in Content and Metadata (2007)

Raghu Ramakrishnan and Andrew Tomkins, 

Toward a PeopleWeb, IEEE Computer, 2007
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Structure of the Web: Bow Tie Model

Broder et al., WWW2000
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 Very different to standard information retrieval tasks

 Broder’s (2002) taxonomy of needs 

 Informational (want to learn something)

 Navigational (want to go to that page)

 Transactional (want to do something)

 Access a service (e.g. Regensburg weather)

 Download something

 Buy something (e.g. Digital Camera)

 Grey areas - find a good source e.g. car rental Paris

 Exploratory search (what’s out there?)

Why do people search the web?
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1 Million Dollar Website
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Adversarial IR

 Adversarial IR is related to strategies for working 
with a data source where some portion of it has 
been manipulated maliciously 

 It aims to combat Spamdexing, which is the 
deliberate manipulation of search engine indexes

 Search Engine Optimisation (SEO) is getting your 
web page to rank highly in a web search engine 
result list

- SEO can be done in both a “good” and a “bad” way

 Constant battle between Search Engines and 
web page providers
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Some Spamdexing/SEO 
Techniques

 Hidden or invisible text (very early approach): 
- Early web search engines relied heavily on tf.idf to rank 

results

- Repeating words gave a pages a higher ranking (e.g. 
Repeating “maui resort” a few 100 times in white on a 
white background)

- This usually no longer works! 

 Link spam – take advantage of search engines doing 
link analysis
- Link farms – communities of pages referencing each other

- Spam blogs – link to websites from low-quality blogs

 Cloaking – serve up a different page to web crawlers 
than to a human user
- Can also be used in a positive way (e.g. provide humans 

with content that web crawlers can’t parse)
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Content generation

 Basic plan:

- Analyse trending keywords and topics

- Place articles or videos on these topics online (with lots 
of ads) so that they are found by search engines 

 How are the articles generated?

- Pay people to write articles or create videos from 
scratch

- Article spinning

• Pay people to rewrite existing articles on the trending 
topics

• Use automated techniques to replace words in existing 
articles with synonyms
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Example: DemandMedia

http://www.demandmedia.com/

http://contentsolutions.demandstudios.com

http://www.demandmedia.com/
http://contentsolutions.demandstudios.com/
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 MUCH larger

 Nobody curating (issues of quality)

 Structured (links, anchor text, layered)

 Dynamic and constantly changing

 People are trying to cheat

 Lots of people contributing 

 We can take advantage of this (long tail)

A Summary of the Differences: Web IR vs. IR
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Outline

① The Web: What makes it Unique?

② Crawling and Indexing the Web

③ Ranking on the Web

④ Query Log Analysis
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❶ What makes the web unique?

❷ Indexing the web

❸ Ranking on the web

❹ Discussion

The Web as an Engineering Challenge
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Overview
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Basic crawler operation

 Begin with known “seed” URLs

 Fetch and parse them

- Extract URLs they point to

- Place the extracted URLs on a queue (the Frontier)

 Fetch each URL on the queue and repeat

Sec. 20.2
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Crawling picture

Web

URLs frontier

Unseen Web

Seed

pages

URLs crawled

and parsed

Sec. 20.2
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Simple picture – complications

 Web crawling isn’t feasible with one machine
- All of the above steps distributed

 Malicious pages
- Spam pages 

- Spider traps – including dynamically generated

 Even non-malicious pages pose challenges
- Latency/bandwidth to remote servers vary

- Webmasters’ stipulations
• How “deep” should you crawl a site’s URL hierarchy?

- Site mirrors and duplicate pages

 Politeness – don’t hit a server too often

Sec. 20.1.1
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What any crawler must do

 Be Polite: Respect implicit and explicit 

politeness considerations:
- Explicit politeness: specifications from webmasters on 

what portions of site can be crawled

• robots.txt

- Implicit politeness: even with no specification, avoid 
hitting any site too often

 Be Robust: Be immune to spider traps and 

other malicious behavior from web servers

Sec. 20.1.1
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Robots.txt

 Protocol for giving spiders (“robots”) limited 

access to a website, originally from 1994

- http://www.robotstxt.org

 Website announces its request on what 

can(not) be crawled

- For a server, create a file /robots.txt

- This file specifies access restrictions

Sec. 20.2.1

http://www.robotstxt.org/
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Robots.txt example

 No robot should visit any URL starting with 
"/yoursite/temp/", except the robot called 
“searchengine": 

User-agent: *

Disallow: /yoursite/temp/ 

User-agent: searchengine

Disallow:

Sec. 20.2.1
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What any crawler should do

 Be capable of distributed operation: 

designed to run on multiple distributed 

machines

 Be scalable: designed to increase the crawl 

rate by adding more machines

 Performance/efficiency: permit full use of 

available processing and network resources

Sec. 20.1.1
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What any crawler should do

 Fetch pages of “higher quality” first

 Continuous operation: Continue fetching fresh 

copies of a previously fetched page

 Extensible: Adapt to new data formats, 

protocols

Sec. 20.1.1
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Updated crawling picture

URLs crawled

and parsed

Unseen Web

Seed

Pages

URL frontier

Crawling thread

Sec. 20.1.1
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URL frontier

 Contains URLs yet to be fetched in the current 

crawl (or re-fetched for continuous crawling)

 Can include multiple pages from the same host

 Must avoid trying to fetch them all at the same 

time

 Must try to keep all crawling threads busy

Sec. 20.2
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URL frontier: two main 
considerations

 Politeness: do not hit a web server too frequently

 Freshness: crawl some pages more often than 
others

- E.g., pages (such as News sites) whose 
content changes often

Conflict Goals

(E.g., simple priority queue fails – many links out of 
a page go to its own site, creating a burst of 
accesses to that site.)

Sec. 20.2.3
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Processing steps in crawling

 Pick a URL from the frontier

 Fetch the document at the URL

 Parse the document

- Extract links from it to other docs (URLs)

 Check if URL has content already seen

- If not, add to indexes

 For each extracted URL

- Ensure it passes certain URL filter tests

- Check if it is already in the frontier (duplicate URL 
elimination)

E.g., only crawl .edu, 

obey robots.txt, etc.

Which one?

Sec. 20.2.1
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Implementation

 Run multiple crawl threads, under different 
processes – potentially at different nodes

- Geographically distributed nodes

 The Mercator Crawler approach is described in 
Manning, Chapter 20.2

 Apache Nutch is a widely-used open source web 
crawler

 But there are many more available: http://bigdata-

madesimple.com/top-50-open-source-web-crawlers-for-data-mining/

http://bigdata-madesimple.com/top-50-open-source-web-crawlers-for-data-mining/
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The web as a directed graph

 Assumption 1: A hyperlink is a quality signal.

 The hyperlink   d1 → d2 indicates that d1‘s  author deems d2

high-quality and relevant.

 Assumption 2: The anchor text describes the content of d2.

 We use anchor text somewhat loosely here for: the text 

surrounding the hyperlink 

 Example: “You can find  cheap cars  ˂a href =http://…˃here ˂/a ˃. ”

 Anchor text: “You can find cheap cars here”
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[text of d2] only vs. 

[text of d2] + [anchor text → d2]

 Searching  on  [text of d2] + [anchor text → d2] is often

more effective  than searching on [text of d2] only.

 Example: Query IBM

 Matches IBM’s copyright page 

 Matches many spam pages

 Matches IBM wikipedia article

 May not match IBM home page!

 … if IBM home page is mostly graphics

 Searching  on [anchor text → d2] is better for the query IBM.

 In  this representation, the page with most occurrences of IBM is

www.ibm.com
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Anchor  text “IBM”  pointing  to ibm.com
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Other useful anchor text

Big blue

http://www.ibm.com

IBM computers

Very common nickname for IBM
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Indexing  anchor  text

 Thus: Anchor text is often a better description of a page’s 
content than the page itself.

 Anchor text can be weighted more highly than document 
text.

 (based on Assumption 1&2)
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Exercise: Testing our Assumptions

 Assumption 1: A link on the web is a quality signal –
the author of the link thinks that the linked-to page is 
high-quality.

 Assumption 2: The anchor text describes the content 
of the linked-to page.

 Is assumption 1 true in general?

 Is assumption 2 true in general?
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Origins of PageRank:  Citation analysis

 Citation frequency can be used to measure the impact
of an article 

 Simplest measure: Each article gets one vote 

 On the web: citation frequency = inlink count

 A high inlink count does not necessarily mean high 
quality  Link spam!

 Better measure: weighted citation frequency or 
citation rank  

 An article’s vote 
is weighted 
according to its 
citation impact
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 Better measure:  weighted citation frequency  or 
citation rank.

 This is the idea behind PageRank.

 PageRank was invented in the context of citation 
analysis by Pinsker and Narin in the 1960s.

 Citation analysis is a big deal:  The hiring decisions and 
funding of university staff are often highly influenced 
by the impact of their publications!

Origins of PageRank:  Citation analysis
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 We can use the same formal representation for 

 Citing scientific literature 

 Citing web links

 Appropriately weighted citation frequency is a 
measure of quality ...

 ... both for web pages and for scientific 
publications. 

 Next: PageRank algorithm for computing weighted 
citation frequency on the web

Origins of PageRank:  Summary
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PageRank Model:  Random walk

 Imagine a web surfer doing a random walk on the web

 Start at a random page  

 At each step, go out of the current page along one 
of the links on that page, with equal probability  

 In the steady state, each page has a long-term visit 
rate.

 This long-term visit rate is the page’s PageRank.

 PageRank  = long-term visit rate = steady state 
probability
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Formalizing random walk:  Markov chains

 A Markov chain consists of N states, plus an  N ×N 
transition probability matrix P

 state = page

 At each step, we are on exactly one of the pages.

 For 1 ≤ i, j ≤ N, the matrix entry Pij tells us the probability 
of j being the next page, given we are currently on page  i

 Clearly, for all i, = Row sum is 11
1

 

N

j ijP
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Example web graph
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d0 d1 d2 d3 d4 d5 d6

d0 d0 0 0 1 0 0 0 0

d1 d1 0 1 1 0 0 0 0

d2 d2 1 0 1 1 0 0 0

d3 d3 0 0 0 1 1 0 0

d4 d4 0 0 0 0 0 0 1

d5 d5 0 0 0 0 0 1 1

d6 d6 0 0 0 1 1 0 1

Example: Link (Adjacency) Matrix
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Example: Link (Adjacency) Matrix

d0 d1 d2 d3 d4 d5 d6

d0 d0 0 0 1 0 0 0 0

d1 d1 0 1 1 0 0 0 0

d2 d2 1 0 1 1 0 0 0

d3 d3 0 0 0 1 1 0 0

d4 d4 0 0 0 0 0 0 1

d5 d5 0 0 0 0 0 1 1

d6 d6 0 0 0 1 1 0 1

Where I am!
Where I am going!
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Example: Transition probability matrix P

d0 d1 d2 d3 d4 d5 d6

d0 0.00 0.00 1.00 0.00 0.00 0.00 0.00

d1 0.00 0.50 0.50 0.00 0.00 0.00 0.00

d2 0.33 0.00 0.33 0.33 0.00 0.00 0.00

d3 0.00 0.00 0.00 0.50 0.50 0.00 0.00

d4 0.00 0.00 0.00 0.00 0.00 0.00 1.00

d5 0.00 0.00 0.00 0.00 0.00 0.50 0.50

d6 0.00 0.00 0.00 0.33 0.33 0.00 0.33

1
1

 

N

j ijPUse:
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Long-term visit rate

 PageRank = long-term visit rate.

 Long-term visit rate of page d is the probability that a 
web surfer is at page d at a given point in time.

 Next: what properties must hold of the web graph for 
the long-term visit rate to be well defined?

 First a special case: The web graph must not contain 
dead ends
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Dead ends

 The web is full of dead ends

 Random walk can get stuck in 
dead ends

 If there are dead ends, long-term 
visit rates are not well-defined
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Teleporting – Escaping dead ends

 At a dead end, jump to random web page with prob. 1/ N 

 At a non-dead end, with probability 10%, jump to a 
random web page (to each with a probability of 0.1/N ).

 With remaining probability (90%), go out on a random 
hyperlink.
 For example, if the page has 4 outgoing links: randomly choose one with 

probability (1-0.10)/4=0.225

 10% is a parameter, the teleportation rate α.

 Note:  “jumping” from dead end is independent of 
teleportation rate
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Example: Transition probability matrix P

d0 d1 d2 d3 d4 d5 d6

d0 0.00 0.00 1.00 0.00 0.00 0.00 0.00

d1 0.00 0.50 0.50 0.00 0.00 0.00 0.00

d2 0.33 0.00 0.33 0.33 0.00 0.00 0.00

d3 0.00 0.00 0.00 0.50 0.50 0.00 0.00

d4 0.00 0.00 0.00 0.00 0.00 0.00 1.00

d5 0.00 0.00 0.00 0.00 0.00 0.50 0.50

d6 0.00 0.00 0.00 0.33 0.33 0.00 0.33

Add teleportation to this matrix… a=0.1
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Adding Teleportation

 If a row has no 1’s, then replace each element 
by 1/N

 For all other rows: Divide each 1 by the number 
of 1’s in its row. Thus, if there is a row with 
three 1’s, then each of them is replaced by 1/3

 Multiply the resulting matrix by 1 − a

 Add a/N to every entry of the resulting matrix
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Example: Transition probability matrix P

d0 d1 d2 d3 d4 d5 d6

d0 0.017 0.017 0.917 0.017 0.017 0.017 0.017

d1 0.017 0.467 0.467 0.017 0.017 0.017 0.017

d2 0.317 0.017 0.317 0.317 0.017 0.017 0.017

d3 0.017 0.017 0.017 0.467 0.467 0.017 0.017

d4 0.017 0.017 0.017 0.017 0.017 0.017 0.917

d5 0.017 0.017 0.017 0.017 0.017 0.467 0.467

d6 0.017 0.017 0.017 0.317 0.317 0.017 0.317

Matrix with teleportation (a=0.1) (and rounding errors)
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Result  of  teleporting

 Avoids getting stuck in a dead end

 But even without dead ends, a graph may not have 
well-defined long-term visit rates

 More generally, we require that the Markov chain be 
ergodic
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Ergodic Markov  chains

 A Markov chain is ergodic if it is irreducible and aperiodic

 Irreducibility. Roughly: there is a path from any other page

 Aperiodicity. Roughly: The pages cannot be partitioned 
such that the random walker visits the partitions 
sequentially

 A non-ergodic Markov chain:



. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

Ergodic Markov  chains

 Theorem: For any ergodic Markov chain, there  is a unique 
long-term visit rate for each state

 This is the steady-state probability distribution

 Over a long time period, we visit each state in proportion 
to this rate

 Does not matter where we start

 Teleporting makes the web graph ergodic

Web-graph + teleporting has steady-state probability 
distribution

Each page in the web-graph + teleporting has PageRank




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Formalization of “visit”: Prob. vector

 A probability (row) vector x = (x1 , ..., xN) tells us where 
the random walk is at any point

 Example:

 More generally: the random walk is on the page i with 
probability xi

 Example:

( 0 0 0 … 1 … 0 0 0 )

1 2 3 … i … N-2 N-1 N

( 0.05 0.01 0.0 … 0.2 … 0.01 0.05 0.03 )

1 2 3 … i … N-2 N-1 N


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Formalization of “visit”: Prob. vector

 A probability (row) vector x = (x1 , ..., xN) tells us where 
the random walk is at any point

 Example:

 More generally: the random walk is on the page i with 
probability xi

 Example:

 S xi = 1

( 0 0 0 … 1 … 0 0 0 )

1 2 3 … i … N-2 N-1 N

( 0.05 0.01 0.0 … 0.2 … 0.01 0.05 0.03 )

1 2 3 … i … N-2 N-1 N


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Change  in  probability  vector

 If the probability vector is x = (x1 , ..., xN), at this step, what 
is it at the next step?

 Recall that row i of the transition probability matrix P tells 
us where we go next from state i

 So from x, our next state is distributed as x P

 … and then (x P)P = xP2

 … and then ((x P)P)P ) = xP3

 … and so on … = xP∞

 Known as Power Iteration














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Steady state in vector notation

 The steady state in vector notation is simply a vector

 p = (p1, p2, …, pN) of probabilities

 (We use p to distinguish it from the notation for the 
probability vector x)

 p is the long-term visit rate (or PageRank) of page i

 So we can think of PageRank as a very long vector – one 
entry per page






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Power method: Example

 What is the PageRank / steady state in this example?
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Computing PageRank: Power Example

x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 = xP

t1 = xP2

t2 = xP3

t3 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22










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Computing PageRank: Power Example

x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 = xP2

t2 = xP3

t3 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22










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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 = xP2

t2 = xP3

t3 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 = xP3

t3 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 = xP3

t3 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 0.252 0.748 = xP3

t3 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 0.252 0.748 = xP3

t3 0.252 0.748 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 0.252 0.748 = xP3

t3 0.252 0.748 0.2496 0.7504 = xP4

. . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 0.252 0.748 = xP3

t3 0.252 0.748 0.2496 0.7504 = xP4

. . . . . .

t∞ = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 0.252 0.748 = xP3

t3 0.252 0.748 0.2496 0.7504 = xP4

. . . . . .

t∞ 0.25 0.75 = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 0.252 0.748 = xP3

t3 0.252 0.748 0.2496 0.7504 = xP4

. . . . . .

t∞ 0.25 0.75 0.25 0.75 = xP∞

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22











Computing PageRank: Power Example
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x1

Pt(d1)

x2

Pt(d2)

P11 = 0.1

P21 = 0.3

P12 = 0.9

P22 = 0.7

t0 0 1 0.3 0.7 = xP

t1 0.3 0.7 0.24 0.76 = xP2

t2 0.24 0.76 0.252 0.748 = xP3

t3 0.252 0.748 0.2496 0.7504 = xP4

. . . . . .

t∞ 0.25 0.75 0.25 0.75 = xP∞

PageRank vector = p = (p1, p2) = (0.25, 0.75)

Pt(d1) = Pt-1(d1) * P11 + Pt-1(d2) * P21

Pt(d2) = Pt-1(d1) * P12 + Pt-1(d2) * P22













Computing PageRank: Power Example
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Power method: Example

 What is the PageRank / steady state in this example?

 The steady state distribution (= the PageRanks) in this 
example are 0.25 for d1 and 0.75 for d2
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PageRank summary

 Preprocessing

 Given graph of links, build matrix P

 Apply teleportation

 From modified matrix, compute p

 pi is the PageRank of page i.

 Query processing 

 Retrieve pages satisfying the query

 Rank them by their PageRank

 Return reranked list to the user



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PageRank issues

 Real surfers are not random surfers

 Examples of nonrandom surfing: back button, 
short vs. long paths, bookmarks, directories – and 
search!

 → Markov model is not a good model of surfing

 But it’s good enough as a model for our purposes
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 Simple PageRank ranking produces bad results for 
many pages

 Consider the query [video service]

 The Yahoo home page (i) has a very high PageRank 
and (ii) contains both video and service

 If we rank all Boolean hits according to PageRank, 
then the Yahoo home page would be top-ranked

 Clearly not desirable

PageRank issues
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 Frequent claim: PageRank is the most important 
component of web ranking

 The reality:

 There are several components that are at least as 
important: e.g., anchor text, phrases, proximity

 PageRank in his original form (as presented here) 
now has a negligible impact on ranking!

 However, variants of a page’s PageRank are still an 
essential part of ranking

 Addressing link spam is difficult and crucial

How important is PageRank?
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 Ranking as a machine learning problem

 Supervised learning 

 Training and Testing sets created

 Lots of features, page-ranking, anchor text terms, etc.

 Ranking algorithm’s job is to find weights for those 
features that maximise performance

 Evaluated on the test set using methods similar to 
those we have seen already

Learning to Rank
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Outline

① The Web: What makes it Unique?

② Indexing the Web

③ Ranking on the Web

④ Query Log Analysis



. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

Query Log Analysis

“Query log mining[/analysis] is concerned with all 
those techniques aimed at discovering interesting 
patterns from query logs of web search engines 
with the purpose of enhancing either effectiveness 
or efficiency of an online service provided through 
the web”

Fabrizio Silvestri

FNTIR Vol. 4, Nos. 1-2, 2010

 Also for enhancing users’ search experience, 
search-based advertisement and web marketing 
in general
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Query Log Example

 AOL query log, released in 2006

Twenty million search 

keywords for over 

650,000 users over a 

3-month period
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AOL query log word cloud

From: Silvestri, FNTIR



. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

AOL User 

#427326
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AOL User 

#4417749

Thelma Arnold
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Privacy

 Unless you work for a search company, you’re 
unlikely to get access to a good query log

 Therefore, published results on search log 
analysis tend to be on:

- Old query logs (university researchers)

- Query logs that are not available (search company 
researchers)
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Nature of web queries

 Short (unlikely to contain more than 3 terms)

 Search operators rarely used (e.g. “”, +, -)

 Some queries more popular – the distribution of 
query popularity follows a power law – the most 
popular queries account for a very small fraction 
of the total number of unique queries
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From: Silvestri, FNTIR

Excite (1997-2001) Altavista (1998)

Likely due 

to “More 

Like This” 

function
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Power Law

 y = Kx-a

- K – constant corresponding to the query with the 
highest popularity

- x – popularity rank

 a – real parameter measuring how popularity decreases 
against the rank

 log(y) = -alog(x) + log (K)

- Power law distributions have the form of a straight line 
when plotted on a log-log scale.
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From: Silvestri, FNTIR
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From: Silvestri, FNTIR
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User Intent

 Queries can be classified as:

- Informational – Users looking for information on a 
particular topic (e.g. San Francisco or normocytic 
anemia)

- Navigational – Mostly users looking for the URL of a 
particular page (e.g. Greyhound Bus, American airlines 
home, Don Knuth)

- Transactional – Users looking for websites that enable 
the buying of goods (e.g. online music, online flower 
delivery service)

 Almost even distribution across categories

• Survey of Altavista users 

on their intent through 

pop-up windows

• Manual estimation from 

1000 randomly selected 

query log entriesA. Z. Broder, “A taxonomy of web search,” SIGIR Forum, vol. 36, 

no. 2, pp. 3–10, 2002.
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Search Sessions

 A series of queries that are part of a single, 
information seeking activity

 Show how users interact with the search engine 
and how they modify queries depending on the 
results obtained
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Observations

 Users, in the vast majority of cases, look at the 
first page of results only. If they do go to the 
second page, the likelihood of looking at further 
pages is high.

T. Fagni, R. Perego, F. Silvestri, and S. Orlando, “Boosting the 

performance of web search engines: Caching and prefetching query 

results by exploiting historical usage data,” ACM Transactions on 

Information Systems, vol. 24, no. 1, pp. 51–78, 2006.
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T. Fagni, R. Perego, F. Silvestri, and S. Orlando, “Boosting the 

performance of web search engines: Caching and prefetching query 

results by exploiting historical usage data,” ACM Transactions on 

Information Systems, vol. 24, no. 1, pp. 51–78, 2006.
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Observations (2)

 Users re-submit the same queries over and over

 Studies have found that repeated queries by the 
same user are between 24% and 50% of the 
total number of queries

J. Teevan, E. Adar, R. Jones, and M. A. S. Potts, “Information 

re-retrieval: Repeat queries in yahoo’s logs,” in SIGIR ’07: 

Proceedings of the 30th Annual International ACM SIGIR 

Conference on Research and Development in Information 

Retrieval, pp. 151–158, New York, NY, USA: ACM, 2007.

M. Sanderson and S. T. Dumais, 

“Examining repetition in user search 

behavior,” in ECIR, pp. 597–604, 2007.
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Query Log Analysis for Enhancing 
Effectiveness of Search Systems

 Query Expansion – expand a query with terms 
that previous users have specified to improve 
the query
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Query Log Analysis for Enhancing 
Effectiveness of Search Systems

 Query Suggestion – use search log information 
to propose a list of queries related to the current 
query

Bing

Google
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 Personalised Query Results –
Delivering query results ranked 
according to the particular 
tastes of a precise user (or class 
of users). 

- Usually done by re-ranking search 
results according to a specific user 
profile built automatically

- Alternatively, one can ask a user to 
give information about him/herself

TRIP Database



Google example (not logged in)Not logged in



Google Example (logged in) Logged in
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 Learning to Rank – Use query logs as training 
data for learning to rank algorithms

 Query Spelling Correction – Use query logs to 
build spelling correction models that are based 
on actual usage of a language and not (only) on 
a pre-built vocabulary of terms
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Drawbacks of Query Log Analysis

 Clicks…

- Clicks can be taken as a proxy for the relevance of a 
document

- However, users do not only click on documents that are 
relevant to the query

 People may not always want results that 
correspond to their profile…
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Query Log Analysis for Enhancing 
Efficiency of Search Systems

 Usage patterns in web search engine logs can be 
exploited to design effective methods for 
enhancing efficiency

 Caching – exploit past usage information to 
build cache replacement policies suitable for 
search engine workloads

 Data Partitioning – design strategies to 
improve placement of data within a distributed 
web search engine.
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Web Search Advertisement

“The best minds 
of my generation 
are thinking 
about how to 
make people 
click ads. That 
sucks.”

Jeff Hammerbacher
Cloudera
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Summary

 Crawling should be done efficiently but politely

 PageRank is important, but not a crucial 
component of web search

 Many insights can be gained from query log 
analysis


