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2 UOTAOEIC |

[ToI10¢ €ipal eyw:

- Email: tsap@cs.uoi.gr

- 'pageio: B.3

 [TPOTIHWHEVEG WPEC YPAPEIOU: ATTOYEUMATIVES/BPadIVEG.

- [pdayuata pe Ta oTToia £XW aoXoAnBei oTo TTAPEABOV
2X€0I00UOG Kal avaAuon aAyopiBuwy yia ranking XpnoIPOTIOILVTAG
TOUG OUVOEOOUC Tou TTayKOouiou 10Tou (PageRank-like).

AAyopiBuoug yia clustering, avaAuon [BIoAOYIKwWY 0E0OHEVWY,
OnNMacia TWV ATTOTEAECHATWY OAYOPIOUWYV £€0pUENGC DEDOUEVWV.

Web Information Retrieval, koivwvikd diktua, User Generated
Content.

- [pdaypaTa 1ToU YE EVOIaPEPOUV TWPA
Web mining, Social networks, User Generated Content
Mobile applications, Mining of mobile data.



2.uoTaoelC |l

- Noloi eicaoTe £0¢ic:
« 2UMTTANPWOTE TN QOPMA PE TA OTOIXEID OOC YIA TNV
email Aiota Tou yaBnuaroc.
- Meta TnVv sicaywyn 6a KAvouuE Eva €I0aYWYIKO quiz
YVWOEWV.



-
["eVIKEC TTANPOPOPIEC YIa TO HABNUa

AlaAeceic: Tetaptn 1-4 y.p.
- O1 dlagaveiec Ba gival ota ayyAika, aAAG Ba TTpooTTabnow va
Byalw kal JeTAPpaon.

Web: http://www.cs.uoi.gr/~tsap/teaching/cs-072/

- AVOKOIVWOEIG, QOKAOEIC, UAIKO Yia diaBacua d1aPaveleg atrod
TIGC DIOAECEIC

BaBuoAoyia: TBD (To Be Defined)

- Oa £xel TOUAAXIOTOV 3 AOKNOEIG, iIOWG va £XEI Eva project,
IOWC va £XEI TEAIKN €CETAON.
- [TONITIKN yIO KOBUOTEPNMEVEC EPYATIEG:

Mia pépa kaBuaoTépnon -10%, duo pEpeg -20%, TpeIc NEPES -40%,,
TE00EPEIC NEPEC -80%, TTEVTE NEPEC -100%.


http://www.cs.uoi.gr/~tsap/teaching/cs-072/
http://www.cs.uoi.gr/~tsap/teaching/cs-072/
http://www.cs.uoi.gr/~tsap/teaching/cs-072/
http://www.cs.uoi.gr/~tsap/teaching/cs-072/

«l'poatrairtoupeva»

Agv utTdpyYOoUuV TTpoaTTaITouheva aAAd KaAo Ba gival
vVa EXETE KATTOIO AVEDN UE:

- AAyopiBuouc: yvwaon Pacikwy aAyopiBuwy (11.X., sorting), Kai
oxediaonc¢ aAyopiBuwyv (greedy algorithms, dynamic
programming).

- [loAutrhokoTtnTa: NP-hardness, acupTITwTIKA avaAuon
TTOAUTTAOKOTNTAG.

- AopEC DedouevwY: Xpnon Baoikwy douwY OEDOUEVWV.

- [lpoypappatiopog: ypriyopo prototyping yia TREXETE
Teipduara (otroladnTrote YAwooa); matlab

- [TIBavornTeg: 'VWOEIC TTIBAVOTATWV.
« [ papnuora: BAOIKES EVVOIEG YPAPNMATWY
- [ paupikn aAyeppa: Tivakeg, dlavuouara, 1010d1avUouaTa,



2.TOXOI TOU JaBnuaTog

Na KataAaBeTe TO €i00C TWV TTPORANUATWY TTOU PTTOPEITE
va AUCETE XPNOIUOTTOIWVTAG TEXVIKEC data mining.

Na uabete BaoIKEC Evvoleg ToOu data mining, TTou
KOAUTITOUV Kal TO BewpnTIkG uTTOaBpOo, Kal TNV £Qappoyn
oTnV TTPAgn.

Na kataAdBoupue Tn Bewpia TTiow aTTo TOUG AAYOPIBPOUC
KQl TIG TEXVIKEG

Na atToKTAOETE £Eva OUVOAO aTTO £pyaAcia (toolbox) yia
£COPUCN OEOOMNEVWV.

Na TTaigeTe pe TTpaypaTiKG OeQOUEVA Kal VO OEITE KATTOIO
evOla@PEPOVTA TTPAYMATIKA TTPORAAMATA (EATTICW).

Na paBete diaokedadovrac.



-
Mabnpua

H TTapakoAouBnon Kal CUPMETOXN €ival

QATTAPAITNTEC

- Kavete epwtnocic. Karroia mpayuara dgv 6a givai
cekaBapa Kal Ba TTPETTEl va Ta ETTAVOAGRW.

- Av KQTI oTnpieTal o€ TTAAQIOTEPN YVWON TTOU OgV
QupdoTe {NTNOTE VA KAVOUUE pia (OUVTOMN)
ETMIOKOTTNON.

- Av uttapxel TTpoAnua pe ayyAiknn opoAoyia kai Tig
OIAPAVEIEC UTTOPOUUE VO KAVOUUE KATTOIEC PUBUIOEIC.



@¢cpaTa TTou Ba KAAUWOUUE

KATTOI0 UTTOOUVOAO OTTO TA TTAPOKATW

- Frequent itemsets and association rules (OUGXETIOMOI)
- Covering problems

- Definitions and Computation of Similarity

- Clustering (ouoTadioTtroinon), co-clustering, compression
- Classification (katnyoploTroinon)

- Dimensionality Reduction

- Ranking (lepapxnon/Tagivounon)

- Recommendation stystems

- Graph Analysis

- Map-Reduce tools

- Time-series analysis

- Aggregation

- Privacy preserving data mining



-
BiBAloypa@ia (EAANVIKG)

M. Balipyiavvnc kai M. XaAkidn, EEopuén ['vwoncg
arro Baoeic Asdouévwy. TurmoOntw, NoguBpioc 2003

P.-N. Tan, M. Steinbach and V. Kumar, Introduction to
Data Mining Addison Wesley, 2006, B. BepUkio¢ Kai
2. 2oupaBAac, Ekdoaoceic TdoAa (2010).

M. H. Dunham, Data Mining, Eicaywyika kai
[Noonyuéva Ocuara EEopuéng I'vwong ammo Asdouéva.
EmiuéAcia EAAnvikn¢ Ekdoonc: B. Bepukio¢ Kai [.
Ocodwpidnc. Ekdooeic Newv TexvoAoyiwv, 2004.



-
BiBAioypagia (ayyAIKG)

P.-N. Tan, M. Steinbach and V. Kumar, Introduction to
Data Mining, Addison Wesley, 2006

Second Edition

Data Mini ng
Concepts and Techniques '

PANG-NING TAN
MICHAEL STEINBACH
VIPIN KUMAR

J. Han and M. Kamber. Data Mining: Concepts
and Techniques, Morgan Kaufmann, 2006
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-
BiBAloypagia (ayyAIka)

Hand, Mannila, Smyth. Principles of Data Mining

ol iy Kot Wi 26F ADpoles piens

Programming

Collective

Intelligence

i Toby Segaran, Programming Collective
Intelligence. Building Smart Web 2.0 Applications

Anand Rajaraman and Jeff Ullman Mining Massive Datasets.
AiaTtiBeTal dwpedv online.
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e
YAIKO

EKTOC atro BiBAia 6a XpnoIPoTToINcoUpE UAIKO Kal
a1TO ONUOCIEVUEVA apBpa

[0 TIC dla@avelec Ba daveIoTOUPE ATTO TTOAAEC TTNYEC
- E€Opuén dedopévwy, E. Mitpoupd
- Data Mining, E. Terzi

- P.-N. Tan, M. Steinbach and V. Kumar, Introduction to Data
Mining, Addison Wesley, 2006

- J. Han and M. Kamber. Data Mining: Concepts and
Techniques, Morgan Kaufmann, 2006

- Anand Rajaraman and Jeff Ullman Mining Massive Datasets.



http://infolab.stanford.edu/~ullman/mmds.html

-
Quiz

2.UVTOMNO qUizZ JE KATTOIEC BACIKEC EPWTNOEIC
YVWOEWV

- Agv BaBuoAoyeioTe, 0 OTOXOC €ival va pubuiow T0
ETTITTEQO TOU HABAMATOC

- M1TOpEiTE Va TO dWOETE AVWVUUO, av Kal 8a TTpoTiyovoa
vVa CEPW TIC AOUVAUIEC TOU KABEVOC

- 'EXETE OO0 XPOVO XPEIAleQTE.



DATA MINING
LECTURE 1

Introduction




What Is data mining?

- After years of data mining there is still no unique
answer to this question.

M

Data mining is the use of efficient techniques for
the analysis of very large collections of data and the
extraction of useful and possibly unexpected

atterns in data.
P /A‘)

2V

- A tentative definition:



Why do we need data mining?

- Really, really huge amounts of raw data!!
- Moore’s law: more efficient processors, larger memories
- Communications have improved too
- Measurement technologies have improved dramatically
- The web, and mobile devices generate TB of data every minute
- It possible to store and collect lots of raw data

- The data-analysis methods are lagging behind

- Need to analyze the raw data to extract knowledge



The data Is also very complex

Multiple types of data: tables, time series,
Images, graphs, etc

Spatial and temporal aspects

Interconnected data of different types:

- From the mobile phone we can collect, location of the
user, friendship information, check-ins to venues,
opinions through twitter, images though cameras,
gueries to search engines



Example: transaction data

Billions of real-life customers:

- WALMART: 20M transactions per day

- AT&T 300 M calls per day

- Credit card companies: billions of transactions per day.

The point cards allow companies to collect
iInformation about specific users



Example: document data

Web as a document repository: estimated 50 billions
of web pages

Wikipedia: 4 million articles (and counting)
Online collections of scientific articles

Online news portals: steady stream of new articles
every day

Twitter: ~300 million tweets every day



Example: network data
Web: 50 billion pages linked via hyperlinks

Facebook: 500 million users
Twitter: 300 million users
Instant messenger: ~1billion users

Blogs: 250 million blogs worldwide, presidential
candidates run blogs



Example: genomic sequences

http://www.1000genomes.org/page.php

Full sequence of 1000 individuals

3*1079 nucleotides per person - 3*10712
nucleotides

Lots more data in fact: medical history of the
persons, gene expression data


http://www.1000genomes.org/page.php

Example: environmental data

Climate data (just an example)
http://www.ncdc.gov/oa/climate/ghcn-monthly/index.php

“a database of temperature, precipitation and
pressure records managed by the National
Climatic Data Center, Arizona State University
and the Carbon Dioxide Information Analysis
Center”

“6000 temperature stations, 7500 precipitation
stations, 2000 pressure stations”


http://www.ncdc.gov/oa/climate/ghcn-monthly/index.php
http://www.ncdc.gov/oa/climate/ghcn-monthly/index.php
http://www.ncdc.gov/oa/climate/ghcn-monthly/index.php

Behavioral data

Mobile phones today record a large amount of
information about the user behavior

- GPS records position

- Camera produces images

- Communication via phone and SMS

- Text via facebook updates

- Association with entities via check-ins



Online behavioral data

Amazon collects all the items that you browsed,
placed into your basket, read reviews about,
purchased.

Google and Bing record all your browsing activity
via toolbar plugins. They also record the gueries

you asked, the pages you saw and the clicks you
did.



What can you do with the data?

Suppose that you are the owner of a supermarket
and you have collected billions of market basket
data. What information would you extract from it
and how would you use it?

TID Items

1 Bread, Coke, Milk Product placement
2 Beer, Bread

3 Beer, Coke, Diaper, Milk Catalog creation

4 Beer, Bread, Diaper, Milk

5 Coke, Diaper, Milk Recommendations

What If this was an online store?



-
What can you do with the data?

Suppose you are a search engine and you have
a toolbar log consisting of

- pages browsed,

* quUErIES, Ad click prediction
- pages clicked,

- ads clicked

each with a user id and a timestamp. What
iInformation would you like to get our of the data?

Query reformulations



What can you do with the data?

Suppose you are biologist who has microarray
expression data: thousands of genes, and their
expression values over thousands of different
settings (e.g. tissues). What information would you
like to get out of your data?

il

SRR PR et I TS T PR Groups of genes and tissues




What can you do with the data?

Suppose you are a stock broker and you observe
the fluctuations of multiple stocks over time. What
iInformation would you like to get our of your
data?

MSFT Dailw M INTE Dailyv W C Daily W BAC Daily M Clustering Of StOCkS

aMJ" 2.0
Correlation of stocks

f\/ v 7.0

Stock Value predicition
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What can you do with the data?

- You are the owner of a social network, and you
have full access to the social graph, what kind of
iInformation do you want to get out of your graph?




-
Why data mining?

Commercial point of view
- Data has become the key competitive advantage of companies
Examples: Facebook, Google, Amazon
- Being able to extract useful information out of the data is key for
exploiting them commercially.
Scientific point of view

- Scientists are at an unprecedented position where they can collect
TB of information

Examples: Sensor data, astronomy data, social network data, gene data

- We need the tools to analyze such data and get a better
understanding of the world

Scale (in data size and feature dimension)
- Why not use traditional analytic methods?

- The amount and the complexity of data does not allow for manual
processing of the data. We need automated techniques.



-
What is Data Mining again?

“Data mining is the analysis of (often large)
observational data sets to find unsuspected
relationships and to summarize the data in novel
ways that are both understandable and useful to the
data analyst” (Hand, Mannila, Smyth)

“Data mining is the discovery of models for data”
(Rajaraman, Ullman)

- We can have the following types of models
Models that explain the data (e.g., a single function)
Models that predict the future data instances.
Models that summarize the data
Models the exiract the most prominent features of the data.



What can we do with data mining?

- Some examples:
- Frequent itemsets and Association Rules extraction
- Coverage
- Clustering
- Classification
- Ranking
- Exploratory analysis



Freqguent Itemsets and Association Rules

Given a set of records each of which contain some
number of items from a given collection;

- Identify sets of items (itemsets) occurring frequently
together

- Produce dependency rules which will predict
occurrence of an item based on occurrences of other

items.
Itemsets Discovered:
TID Items {Milk,Coke}
1 Bread, Coke, Milk {Diaper, Milk}
2 Beer, Bread
3 Beer, Coke, Diaper, Milk Rules Discovered:
4 Beer, Bread, Diaper, Milk {Milk} --> {Coke}
5 Coke, Diaper, Milk {Diaper, Milk} --> {Beer}

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



Frequent ltemsets: Application

- Text mining: finding associated phrases in text
- There are lots of documents that contain the phrases

7 13

“association rules”, “data mining” and “efficient
algorithm”



-
Association Rule Discovery: Application

Supermarket shelf management.

- Goal: To identify items that are bought together by
sufficiently many customers.

- Approach: Process the point-of-sale data collected
with barcode scanners to find dependencies among

items.

- A classic rule --

If a customer buys diaper and milk, then he is very likely to
buy beer.

So, don’t be surprised if you find six-packs stacked next to
diapers!

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



Clustering Definition

Given a set of data points, each having a set of
attributes, and a similarity measure among them,
find clusters such that

- Data points in one cluster are more similar to one
another.

- Data points in separate clusters are less similar to
one another.

Similarity Measures:
- Euclidean Distance if attributes are continuous.
- Other Problem-specific Measures.

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



lllustrating Clustering

Euclidean Distance Based Clustering in 3-D space.

L

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



-
Clustering: Application 1

Market Segmentation:

- Goal: subdivide a market into distinct subsets of
customers where any subset may conceivably be
selected as a market target to be reached with a
distinct marketing mix.

- Approach:

Collect different attributes of customers based on their
geographical and lifestyle related information.

Find clusters of similar customers.

Measure the clustering quality by observing buying patterns
of customers in same cluster vs. those from different
clusters.

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



-
Clustering: Application 2

Document Clustering:

- Goal: To find groups of documents that are similar to
each other based on the important terms appearing in
them.

- Approach: To identify frequently occurring terms in
each document. Form a similarity measure based on
the frequencies of different terms. Use it to cluster.

- Gain: Information Retrieval can utilize the clusters to
relate a new document or search term to clustered
documents.

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



lllustrating Document Clustering

Clustering Points: 3204 Articles of Los Angeles Times.

Similarity Measure: How many words are common in
these documents (after some word filtering).

Category Total Correctly
Articles Placed

Financial 555 364
Foreign 341 260
National 273 36
Metro 943 746
Sports 738 573
Entertainment 354 278

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



-
Clustering of S&P 500 Stock Data

& Observe Stock Movements every day.
# Clustering points: Stock-{UP/DOWN }
& Similarity Measure: Two points are more similar if the events
described by them frequently happen together on the same day.
& We used association rules to quantify a similarity measure.

Discovered Clusters Industry Group

Applied-Matl-DOW N, Bay-Network-Down,3-COM-DOWN,
1 Cabletron-Sys-DOWN,CISCO-DOWN,HP-DOWN,
DSC-Comm-DOW N,INTEL-DOWN, LSI-Logic-DOWN,
Micron-Tech-DOWN,Texas-Inst-Down, Tellabs-Inc-Down,
Natl-Se miconduct-DOWN, Oracl-DOWN,SGI-DOW N,
Sun-DOW N

Technologyl-DOWN

Fannie-Mae-DOWN,Fed-Ho me-Loan-DOW N,
MBNA-Corp-DOWN,Morgan-Stanley-DOWN FinanciaDOWN

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining




Coverage

Given a set of customers and items and the

transaction relationship between the two, select a

small set of items that “covers” all users.

- For each user there iIs at least one item in the set that
the user has bought.

This formulation can be generalized for any two

types of entities, and it is very useful in practice.

Application:

- Create a catalog to send out that has at least one item
of interest for every customer.



Classification: Definition

Given a collection of records (training set )

- Each record contains a set of attributes, one of the
attributes is the class.

Find a model for class attribute as a function

of the values of other attributes.

Goal: previously unseen records should be
assigned a class as accurately as possible.

- Atest set is used to determine the accuracy of the
model. Usually, the given data set is divided into
training and test sets, with training set used to build
the model and test set used to validate it.




: &
y 6\@@0 oé@go S &\0 C}@%%
Tid Refund Marital Taxable Refund Marital Taxable
Status  Income Cheat Status  Income Cheat
1 |Yes Single 125K No No Single 75K ?
2 [No Married |100K No Yes Married |50K ?
3 |No Single 70K No No Married |150K ?
4 |Yes Married |120K No Yes Divorced |90K ?
5 |No Divorced |95K Yes No Single 40K ? >
6 |No Married | 60K No No Married |80K ? Test
7 |Yes Divorced |220K No el
8 |No Single 85K Yes 1
9 |[No Married | 75K No Learn =II
10 |No Single | 90K Yes Classifier —> -

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



Classification: Application 1

Ad Click Prediction

- Goal: Predict if a user that visits a web page will click
on a displayed ad. Use it to target users with high
click probability.

- Approach:

Collect data for users over a period of time and record who
clicks and who does not. The {click, no click} information
forms the class attribute.

Use the history of the user (web pages browsed, queries
Issued) as the features.

Learn a classifier model and test on new users.



-
Classification: Application 2

Fraud Detection

- Goal: Predict fraudulent cases in credit card
transactions.

- Approach:

Use credit card transactions and the information on its
account-holder as attributes.

* When does a customer buy, what does he buy, how often he pays on
time, etc

Label past transactions as fraud or fair transactions. This
forms the class attribute.

Learn a model for the class of the transactions.

Use this model to detect fraud by observing credit card
transactions on an account.

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



ClaSSIfylng GaIaX|eS Courtesy: http://aps.umn.edu

Early Class: Attributes:

e Stages of Formation e Image features,
e Characteristics of light
waves received, etc.

Intermediate

- %

Data Size:

e 72 million stars, 20 million galaxies
e Object Catalog: 9 GB

e Image Database: 150 GB

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



-
Link Analysis Ranking

Given a collection of web pages that are linked to

each other, rank the pages according to

Importance (authoritativeness) in the graph

- Intuition: A page gains authority if it is linked to by
another page.

Application: When retrieving pages, the
authoritativeness is factored in the ranking.



Exploratory Analysis

Trying to understand the data as a physical

phenomenon, and describe them with simple metrics
- What does the web graph look like?

- How often do people repeat the same query?
- Are friends in facebook also friends in twitter?

The important thing is to find the right metrics and
ask the right guestions

It helps our understanding of the world, and can lead
to models of the phenomena we observe.



Exploratory Analysis: The Web

What is the structure and the properties of the
web?

ouT

-— - — -
o M e ncwdex

~——— Disconnected components



-
Exploratory Analysis: The Web

- What is the distribution of the incoming links?

In-degree (total, remote-only? distr.
le+1A I I I

{e+89 | Total in-degres O -

le+AS $- Remote-only in—-degree + —
le+@? = &
le+B8E
laaaaE
16686
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18

1 | | =
1 18 1868 108888
in—degrees



Connections of Data Mining with other
areas

Draws ideas from machine learning/Al, pattern
recognition, statistics, and database systems

Traditional Techniques
may be unsuitable due to
- Enormity of data

- High dimensionality
of data
- Heterogeneous,

distributed nature
of data

- Emphasis on the use of data

Data Mining

Tan, M. Steinbach and V. Kumar, Introduction to Data Mining



Cultures

Databases: concentrate on large-scale (non-
main-memory) data.

Al (machine-learning): concentrate on complex
methods, small data.
- In today’s world data is more important than algorithms

Statistics: concentrate on models.

CS345A Data Mining on the Web: Anand Rajaraman, Jeff Ullman



Models vs. Analytic Processing

To a database person, data-mining Is an
extreme form of analytic processing — queries
that examine large amounts of data.

- Result is the query answer.

To a statistician, data-mining is the inference of
models.

- Result is the parameters of the model.

CS345A Data Mining on the Web: Anand Rajaraman, Jeff Ullman



(Way too Simple) Example

Given a billion numbers, a DB person would
compute their average and standard deviation.

A statistician might fit the billion points to the best
Gaussian distribution and report the mean and
standard deviation of that distribution.

CS345A Data Mining on the Web: Anand Rajaraman, Jeff Ullman



Data Mining: Confluence of Multiple Disciplines




Data Mining: Confluence of Multiple Disciplines




The data analysis pipeline

- Mining Is not the only step in the analysis process

Data o Result
Data Mining :
Post-processing

Preprocessing

- Preprocessing: real data is noisy, incomplete and inconsistent.
Data cleaning Is required to make sense of the data

- Technigues: Sampling, Dimensionality Reduction, Feature selection.
- A dirty work, but it is often the most important step for the analysis.
- Post-Processing: Make the data actionable and useful to the
user
- Statistical analysis of importance
- Visualization.

- Pre- and Post-processing are often data mining tasks as
well



Meaningfulness of Answers

A big data-mining risk is that you will “discover”
patterns that are meaningless.

Statisticians call it Bonferroni's principle:
(roughly) if you look in more places for
Interesting patterns than your amount of data
will support, you are bound to find crap.

The Rhine Paradox: a great example of how
not to conduct scientific research.

CS345A Data Mining on the Web: Anand Rajaraman, Jeff Ullman



. R
Rhine Paradox — (1)

Joseph Rhine was a parapsychologist in the
1950’s who hypothesized that some people had
Extra-Sensory Perception.

He devised (something like) an experiment where
subjects were asked to guess 10 hidden cards —
red or blue.

He discovered that almost 1 in 1000 had ESP —
they were able to get all 10 right!

CS345A Data Mining on the Web: Anand Rajaraman, Jeff Ullman



Rhine Paradox — (2)

He told these people they had ESP and called
them in for another test of the same type.

Alas, he discovered that almost all of them had
lost their ESP.

What did he conclude?
- Answer on next slide.

CS345A Data Mining on the Web: Anand Rajaraman, Jeff Ullman



Rhine Paradox — (3)

- He concluded that you shouldn’t tell people they
have ESP; it causes them to lose it.

CS345A Data Mining on the Web: Anand Rajaraman, Jeff Ullman



