Part |: Web Structure Mining
Chapter 1. Information Retrieval and Web Search

« The Web Challenges

e Crawling the Web

* Indexing and Keyword Sear
e Evaluating Search Quality

e Similarity Search
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The Web Challenges

Tim Berners-Lee, Information Management: A Proposal, CERN¢cMA9809.
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The Web Challenges

18 years later ...

 The recent Web is huge and grows incredibly fast. About ten yiarshe Tim
Berners-Lee proposal the Web was estimated to 150 million nodes)(padek 7
billion edges (links). Now it includes more than 4 billion pages, vothuaa
million added every day.

» Restricted formal semantics - nodes are just web pages andilek§a single type
(e.g. “refer to”). The meaning of the nodes and links is not a péreafieb system,
rather it is left to the web page developers to describe in thecpatgnt what their
web documents mean and what kind of relations they have with the documented

they link to.

« Asthere is no central authority or editors relevance, poputardythority of web
pages are hard to evaluate. Links are also very diverse and mamnyoltiaing to do
with content or authority (e.g. navigation links).
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The Web Challenges

How to turn the web data into web knowledge

« Use the existing Web
— Web Search Engin
— Topic Directories
 Change the Web
— Semantic Web
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Crawling The Web

 To make Web search efficient search engines collect web
documents and index them by the words (terms) they contain.

« For the purposes of indexing web pages are first collected and
stored in a local repository

 Web crawler (also callecspider< or robots) are programs thi
systematically and exhaustively browse the Web and store all
visited pages

o Crawlers follow thenyperlinksin the Web documents

Implementing graph search algorithms ldepth-firstand
breadth-first
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Crawling The Web

first Web crawling limited to depth 3
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Crawling The Web

Breadth-first Web crawling limited to depth 3

£ visualization: websphinx.Crawler
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Crawling The Web

Issues in Web Crawling:

Network latency (multithreading)
Address resolution (DNS caching)
Extracting URLs (use canonical form)
Managing a huge web page reposit
Updating indices

Responding to constantly changing Web
Interaction of Web page developers

Advanced crawling by guided (informed) search (using web
page ranks)
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Indexing and Keyword Search

We need efficient content-based access to Web
documents

 Document representation:
— Term-document matrix (inverted index)

* Relevance ranking:
— Vector space model
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Indexing and Keyword Search

Creating term-document matrix (inverted index)

 Documents are tokenizgaunctuation marks are removed and
the character strings without spaces are considered as tokens)

« All characters are converted to upper or to lower
 Words are reduced to their canonical foste(mming
o Stopwords (@an, the on, in, at, etc.) are removed.

The remaining words, now calléermsare used afeatures
(attributeg in the term-document matrix
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CCSU Departments example
Document statistics

Document 1D Document name Words Terms
d, Anthropology 114 86
d, Art 153 105
d, Biology 123 91
d, Chemistry 87 58
d; Communication 124 88
d, Computer Science 101 77
d, Criminal Justice 85 60
dg Economics 107 76
dy Englist 11€ 80
d, Geography 95 68
dy; History 108 78
d, Mathematics 89 66
d, Modern Languages 110 75
d, Music 137 91
dg Philosophy 85 54
dig Physics 130 100
d Political Science 120 86
dyg Psychology 96 60
dg Sociology 99 66
d,, Theatre 116 80

Total number of words/terms 2195 1545
Number of different words/terms 744 671
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CCSU Departments example
Boolean (Binary) Term Document Matrix

DID lab labor atory programming computer program
d, 0 0 0 0 1
d, 0 0 0 0 1
d, 0 1 0 1 0
d, 0 0 0 1 1
ds 0 0 0 0 0
ds 0 0 1 1 1
d, 0 0 0 0 1
dg 0 0 0 0 1
d, 0 0 0 0 0
d;, 0 0 0 0 0
d, 0 0 0 0 0
d;, 0 0 0 1 0
d;, 0 0 0 0 0
d, 1 0 0 1 1
d;s 0 0 0 0 1
diq 0 0 0 0 1
d- 0 0 0 0 1
dig 0 0 0 0 0
dyg 0 0 0 0 1
d,, 0 0 0 0 0
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CCSU Departments example

Term document matrix with positions

DID lab labor atory programming computer program
d, 0 0 0 0 [71]

d, 0 0 0 0 [7]

d, 0 [65,69] 0 [68] 0

d, 0 0 0 [26] [30,43]
d; 0 0 0 0 0

dg 0 0 [40,42] [1,3,7,13,26,34] [11,18,61]
d, 0 0 0 0 [9,42]
dg 0 0 0 0 [57]

d, 0 0 0 0 0

d;, 0 0 0 0 0

dy, 0 0 0 0 0

d;, 0 0 0 [17] 0

d;, 0 0 0 0 0

d, [42] 0 0 [41] [71]

d;s 0 0 0 0 [37,38]
diq 0 0 0 0 [81]
d- 0 0 0 0 [68]
dig 0 0 0 0 0

d;g 0 0 0 0 [51]
d,, 0 0 0 0 0
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Vector Space Model

Boolean representation

e documentsl,, d,, ..., d

e termsty,t,, ..., t,

* termt; occursn; times in documertd;.
 Boolean representatio

d =(d'd?..d" e
= (94747 1 if n, >0

* For example, if the terms adab, laboratory, programming computerand
program Then the Computer Science document is represemtde
Boolean vector

d,=©0 0 1 1 1
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Term Frequency (TF) representation

Document vectoraj =(d;d;...d")  with componen@ =TF(t,,d,)

0 if n, =0
Using the sum of term counts: TF(t,d.)={_ " it n >0
m JI
2y
k=1
0 if n, =0
Using the maximum of term counts:TF(t,d;) =4 n, £ 50
IT N
max, n !
0 if n; =0

Cornell SMART system: TF(t.,d.) = _
y (t..d;) {1+Iog(1+lognji) if n; >0
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Inverted Document Frequency (IDF)

Document collectiond :Udj . documetts that contain terng: D, :{dj |nij >0}
1

« Simple fraction IDF (t) = M

Dy|
or
. . 1+|D
* Using alog function: IDF (t,) =log D]
D, |
|
Zdravko Markov and Daniel T. Larose, Data Mining Web: Uncovering Patterns in Web Content, Strectand Usage, Wiley, 2007. 16

Slides for Chapter 1: Information Retrieval an W8darch



TFIDF representation

d; =TF(t;,d,)x IDF(t;)

For example, theomputer scienc&F vector

d.=(0 0 0026 0078 0.039

scaled with the IDF of the terms

lab laboratory | Programming computer program
3.04452 | 3.04452 3.04452 1.43508 0.559616

results in

d,=(@0 0 0.079 0.112 0.022
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Relevance Ranking

m
. . - —_ _ . . 2
« UseEuclidean nornof the vector difference Hq — dj H = E (g - d;)
—

Represent the query as a vectpF { computeyprograny

=0 0 0 05 05)

Apply IDF to its components

lab

laboratory

Programming

computer

program

3.04452

3.04452

3.04452

1.43508

0.55961

G=(0 0 0 0.71f 0.2§)

or Cosine similarityequivalent talot productfor normalized vectors)

m

q-aj =2.4q'd,

=1
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Relevance Ranking

Cosinesimilarities and distancesto =(00 00.9320.363 (normalized)

Doc TFIDF Coordinates (normalized) q.dj (rank) ‘q_dj (rank)
d, 0 0 0 0 1 0.363 1.129
d, 0 0 0 0 1 0.363 1.129
d; 0 0.972 0 0.234 0 0.218 1.250
d, 0 0 0 0.783 0.622 0.956 (1) 0.298 (1)
ds 0 0 0 0 1 0.363 1.129
ds 0 0 0.559 0.811 0.172 0.819 (2 0.603 (2)
d, 0 0 0 0 1 0.363 1.129
dg 0 0 0 0 1 0.363 1.129
dy 0 0 0 0 0 0 1

dio 0 0 0 0 0 0 1

d;, 0 0 0 0 0 0 1

d;, 0 0 0 1 0 0.932 0.369
dis 0 0 0 0 0 0 1

di, 0.890 0 0 0.424 0.167 0.456 (3) 1.043 (3)
dis 0 0 0 0 1 0.363 1.129
dis 0 0 0 0 1 0.363 1.129
d,, 0 0 0 0 1 0.363 1.129
dig 0 0 0 0 0 0 1

dig 0 0 0 0 1 0.363 1.129
D, 0 0 0 0 0 0 1
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Relevance Feedback

* The user provides feed back:

» Relevant documentD,
e [rrelevant documentsD_

* The original query vectod s updat&bchio’s method

g=ad+p ). d -y>d,

D. d;0D. d;0D._

e Pseudo-relevance feedback

» Top 10 documents returned by the original query belomy to
* The rest of documents belongo
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Advanced text search

e Using "OR” or “NOT” boolean operators

» Phrase Search
— Statistical methods to extract phrases from text
— Indexing phrases

» Part-of-speech tagging

« Approximate string matching (using n-grams)
— Example: match “program” and “prorgam”
{pr, ro, og, gr, ra, amh {pr, ro, or, rg, ga, am} = {pr, ro, am}
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Using the HTML structure in keyword search

o Titles and metatags
— Use them as tags in indexing
— Modify ranking depending on the context where the term occurs

 Headings and font modifie(prone to spam)

* Anchor text
— Plays an important role in web page indexing and search
— Allows to increase search indices with pages that have never been
crawled
— Allows to index non-textual content (such as images and programs
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Evaluating search quality

 Assume that there is a set of quefeand a set of documenids and
for each querygQ  submitted to the systarhave:
— The response set of documents (retrieved documé&até) D

— The set of relevant documeri, selected manually frombie
collection of documents , i. D, LI D

. |pyNR|
_[p.NRy
e recall=—F———
.
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Precision-recall framework (set-valued)

 Determine the relationship between the set overledocuments, )
and the set of retrieved documen® ()

e lIdeally D, =R,

« Generally D,(1R, 0D,

A very general query leads to recall = 1, but j[anecision

* A very restrictive query leads to precision =1t lowv recall

A good balance is needed to maximize both pretiamd recall
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Precision-recall framework (using ranks)

 With thousands of documents findirny, IS picadly impossible.

* So, let's consider bst R, =(d, d,,...,d,,) of ranked documents
(highest rank first) 1 if d, 0D,

« For eachd. [ compute its relevancemrs
R P " {O otherwist
» Then defingrecision at rank las
k
precision(k) = %Z r
i=1

e Andrecall at rank kas

recall (k) = ‘ ‘
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Precision-recall framework (example)

Relevant documentD, = (d,,dg,d,,)

K Document I | recall (k) precision(k)
index
1 4 1 0.333 1
2 12| 0 0.333 0.5
3 6 1 0.667 0.667
4 14| 1 1 0.75
5 0 1 0.6
6 0 1 0.5
7 0 1 0.429
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Precision-recall framework

Average precisior WZFK x precision(k)
q k=1

« Combines precision and recall and also evaluatesrdent ranking

* The maximal value of 1 is reached when all relédmtuments are
retrieved and ranked before any irrelevant ones.

 Practically to compute the average precision nst §jo over the ranked
documents fron’fRq and then continue with the rest of the documeis fr
D until all relevant documents are included.

Zdravko Markov and Daniel T. Larose, Data Mining Web: Uncovering Patterns in Web Content, Strectand Usage, Wiley, 2007. 27
Slides for Chapter 1: Information Retrieval an W8darch



Similarity Search

 Cluster hypothesim IR: Documents similar to relevant
documents are likely to be relevant too

* Once a relevant document is found a larger collection of
possibly relevant documents may be found by retrievi
similar documents.

e Similarity measure between documents
— Cosine Similarity
— Jaccard Similarity (most popular approach)
— Document Resemblance
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Cosine Similarity

* Given documendl and collectiorD the problem is to find a number (usually
10 or 20) of documents LID , which haveléngest value of cosine
similarity tod.

* No problems with the small query vector, so we as@& more (or all)
dimensions of the vector spi

« How many and which terms to use?
o All terms from the corpus
0 Select the terms that best represent the docurfiedture Selection
— Use highest TF score
— Use highest IDF score
— Combine TF and IDF scores (e.g. TFIDF)
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Jaccard Similarity

» Use Boolean document representation and only the nonzero
coordinates of the vectors (i.e. those that are 1)

« Jaccard Coefficientproportion of coordinates that are 1 in
both documents to those that are 1 in either of the docu

{ild/=10d; =1}

. a,az — _ :
sim(d,,d) {j|d} =10d) =1}
- _[T(dy)NT(dy)
« Set formulation sim(d,,d,) = \T(dl) UT(dz)\
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Computing Jaccard Coefficient

* Problems
— Direct computation is straightforward, but witinga collections it may
lead to inefficient similarity search.
— Finding similar documents at query time is impicadt

« Solution:
— Do most of the computation offline
— Create a list of all document pairs sorted bystihalarity of the
documents in each pair. Then tost similar documents to a given
documend are those that are paired wdin the firstk pairs from the list.
— Eliminate frequent terms
— Pair documents that share at least one term
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Document Resemblance

* The task is finding identical or nearly identicalcdments, or documents that
share phrases, sentences or paragraphs.

» Theset of wordspproach does not work.

» Consider the document as a sequence of wordsxaractefrom this sequence
short subsequences with fixed lencn-grams or shingle:).

* Represent documedtas a set ofv-gramsS(d, w)
« Example:T(d) ={a,b,c,d,e S(d,2) ={ab,bc,cd,dé&
* Note that T(d) =S(d,))  arf{d,|d]) =d

1S(dy, W) N S(d,, W)
1S(d,, W) U S(d,, W)

« Use Jaccard to compute resemblantgd,,d.,) =
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