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Information Access

Find information about java?
Find latest movies?
Find new restaurants?
Find publications on AI?

…
Find something I would be interested in?
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Information Access

~~~~~~~~~

~~~~~~~~~

~~~~~~~~~
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A user may have to:
• reformulate queries issued several times

• encounter long or empty lists of results 

• repeat tedious search tasks for new results

• learn search tricks 

Problems
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Information Access

It is difficult to find what you are searching for…
It is difficult to keep up with it…

The truth 

Information overload haunts user searches!
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Information Access

A solution?

maybe !

Shift towards a more user-centred information access paradigm 
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Personalization

Providing an overall customized, individualized user experience
by taking into account the needs, preferences and characteristics
of a user or group of users.
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Personalization

Content Services Presentation Interaction

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

User Profiling

DataUser Models
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Information Filtering

Basic Idea

D

(slowly changing) long-term interests

(streams of ) unstructured or semi-structured data: 
textual information, images, video

U

IF

D
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Information Filtering

System Model
Matching a user profile towards the representations of items of a collection 
resulting in the selection of items which are likely to be of interest to a user

U
Matching D to U

D
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Matching Functions
Information Filtering

Exact-Match

Best-Match

Boolean

Vector-space

Probabilistic
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Matching Functions: Exact-Match
Information Filtering

Sets of keywordsD

U
Boolean

Matching D to U

D
R

NR

Set of retrieved documents

Set of not‐retrieved documents

Boolean
Matching D to U

All documents containing U are retrieved
No distinction between them

U
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Matching Functions: Exact-Match
Information Filtering

java and coffee Boolean
Matching D to U

JAVA COFFEE
…………….
……………..
……………..
……………

……………..
…java……….
……coffee…
……………..
……………

……………
……java…….
……………..
……………..
……………

Bla bla
…………….
……………..
……………..
……………

JAVA COFFEE
…………….
……………..
……………..
……………

……………..
…java…….

……coffee…..
……………..
……………

Bla bla
…………….
……………..
……………..
……………

……………
…java…….
……………..
……………..
……………
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Matching Functions: Exact-Match
Information Filtering

Some documents are more relevant to a need than others

Excluding documents that do not precisely match the profile
results in lower effectiveness
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Matching Functions: Best-Match
Information Filtering

Vectors of keywordsD

Vector-Space
Matching D to U

Computation of similarity between U and D
Use of threshold

U
Vector-Space

Matching D to U

D 1

2

N

…

Ranked list 
order of relevance
Dissemination Threshold

U
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Matching Functions: Best-Match
Information Filtering

(java,1;coffee,1) Vector-Space
Matching D to U

JAVA COFFEE
…………….
……………..
……………..
……………

……………..
…java……….
……coffee…
……………..
……………

……………
……java…….
……………..
……………..
……………

Bla bla
…………….
……………..
……………..
……………

JAVA COFFEE
…………….
……………..
……………..
……………

……………..
…java…….

……coffee…..
……………..
……………
……………
…java…….
……………..
……………..
……………

(java,1;coffee,1) (java,1;coffee,1) (java,1;coffee,0) (java,0;coffee,0) 2

2

1

Bla bla
…………….
……………..
……………..
……………

0

Relevance

(inner product)
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Matching Functions: Best-Match
Information Filtering

Use of tf*idf weightsD

tf (term frequency) : term frequency in a document

idf (inverse document frequency) : term frequency in 
the universe of documents

Extensions: Latent Semantic Indexing (LSI)
Assumption: there is an underlying “latent” structure in the pattern of word 
usage across documents that can be exploited

Result: Reduced dimensional space
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Information Filtering

Comparison to Information Retrieval

IR : collection and organization of texts, 
IF : distribution of texts to groups or individuals. 

IR : selection of texts from a relatively static database,
IF : selection or elimination of texts from a dynamic datastream. 

IR : responding to the user's interaction with texts 
within a single information-seeking episode, 

IF : long-term changes over a series of information-seeking episodes
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Adaptive IF systems
Information Filtering

Learning:

Profiles
Corpus statistics (idf)

Dissemination thresholds
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Systems
Information Filtering

News

E-mail

Documents 

Music

SIFT, NewsWeeder

Sift-Mail, ProcMail

SIFTER, InRoute

Personal DJ



22

Personalization Methods

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

1

Filter Delivery Patterns
Information Filtering

Continuous

Synchronous

Asynchronous
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Information Lifetime
Information Filtering

Minutes: Stock market

Days: News, Events, Mail 

Decades: Technology Reports

Centuries: Entertainment
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Continuous Queries

Basic Idea

D

(slowly changing) long-term interests expressed as queries

(streams of) structured data

Repeated execution of queries over the entire database is inefficient !
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System Model
Continuous Queries

Persistent Query

U
Execution of U New Results

D

…

Execution of U U is executed over the new part of D

U



27

Personalization Methods

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

1

Query Types
Continuous Queries

Change-based

Timer-based

Whenever the price of MM stock drops by more than 5%

Every Monday
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Techniques
Continuous Queries

Group Optimization

Adaptive Query Processing

Online data structures 

U
Execution of U New Results

D

…
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Systems
Continuous Queries

NiagaraCQ

TelegraphCQ

CQL

OpenCQ

Oracle

AdaptiveCQ

Tapestry



30

Personalization Methods

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

1

Applications
Continuous Queries

Financial tickers

Network monitoring and traffic management

Web tracking

Sensor applications

Call detail records in telecommunications
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Continuous Queries

Comparison to Triggers
CQ : consist of millions of continuous queries, 
TR : consist of limited number of triggers. 

CQ : monitor autonomous and heterogeneous Internet sources, 
TR : monitor local databases.

CQ : support change-based and timer-based events, 
TR : support change-based events.
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Recommenders

Basic Idea

selects objects

other objects

related to

system recommends
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Recommenders

Basic Idea
A recommender system is any system that provides 
a recommendation, prediction, opinion, list of items
that assist a user in evaluating items.
(Schafer, Konstan, Riedl, CIKM 2002)
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Types of Recommenders

User       - Items

User       - Users

Hybrid 

Content-based

Collaborative Filtering

Knowledge-based

Demographic

D

Utility-based

Community-based
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Recommenders

Types of Recommenders: Content-based

Find me things like those I have liked in the past

U

Categorization of D
based on U

D

Preferences based on things I have liked in the past

Objects user would like (recommended)

Objects user would not like (ignored)

D Representations as in Information Filtering 

e.g., text categorization,
classification

U
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Recommenders

Types of Recommenders: Knowledge-based

Recommendations are decided based on
quantitative decision support tools or case-based reasoning

D Functional models
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Recommenders

Types of Recommenders: Utility-based

Recommendations are decided by building a utility function for 
each user across all features of the objects under consideration

D Constraints on objects’ features
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Recommenders

Types of Recommenders: Collaborative Filtering
An attempt to facilitate “word of mouth”:
Find (predict) objects like those similar people have liked

Ratings of objects seen in the past by the user

Correlation

D

U

G (linear/non-linear)
Aggregation 

Similar users

D Ids of objects

Objects recommended
(artifact rating or classification)

e.g., linear regression
weighted

e.g., Pearson correlation
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Recommenders

Types of Recommenders: Demographic
It is based on the user’s personal attributes and demographic class
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Recommenders

Types of Recommenders: Community-based
Find and exploit communities of people with same characteristics
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Recommenders

Comparison

Solution: Hybrid Systems

User       - Items

User       - Users

D Require sources of content information

Overspecialization

Do not depend on other users

Any kind of content 
Serendipity

Cold-start problems

Grey-sheep

Sparsity
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Recommenders

Systems
Content-based

Knowledge-based

Utility-based

Demographic

Hybrid 

NewsWeeder, Libra, NewT, Amalthea

Entrée, Wasabi

Tete-Tete

LifestyleFinder

Fab, ProfBuilder, SmartPad, FilterBot

Collaborative Filtering GroupLens, Ringo, Phoaks

Community-based Referral Web, QuickStep
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Recommenders

Meta-Recommenders
A meta-recommender system is a system that presents 
unified and more meaningful recommendations fused
from “recommendation data” from multiple information sources
(Schafer, Konstan, Riedl, CIKM 2002)

E.g. MetaLens
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Information Filtering

Continuous Queries

Recommenders

Personalized Search
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Personalized Search

Basic Idea

Movies
Library

Movies
Library

Movies for this 
weekend?

Movies for this 
weekend?

K-19
The Jaded Scorpion
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Personalized Search

Basic Idea

Movies
Library

Movies
Library

K-19

Adventure W.Allen,
Comedy

The Jaded Scorpion

Different people find different things relevant/interesting
Movies for this 
weekend?

Movies for this 
weekend?
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Personalized Search

Basic Idea

A shift from ‘consensus relevancy’ toward ‘personal relevancy’
(Pitkow et al, Communications of ACM, 45(2))
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Personalized Search

System Model
User Profile

Execution
…

D

Query

U
Matching U to Q

Modification of Q

Personalized Answer

Query 
Personalization
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Personalized Search

A personalized answer should be:
Interesting

Ranked

Self-Explanatory
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Personalized Search

Query Personalization
IR-based

DB-based
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Personalized Search

Query Personalization: IR-based
Vectors of keywordsD

Vectors of keywords

Matching
U to Q Vector-space matching techniques

Modification
of Q

Query augmentation

Query
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Personalized Search

Query Personalization: IR-based

java

java, coffee

ford, car Personalized Queryjava and coffee
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Personalized Search

Query Personalization: DB-based

MGENREMGENRE

MOVIEMOVIE
DIRECTORDIRECTOR

CASTCAST

ACTORACTOR

MIDMID

GENREGENRE

TITLETITLE
DIDDID

YEARYEAR
MIDMID

DIDDID

NAMENAME

AWARDAWARD
MIDMID

ROLEROLE
ACIDACIDACIDACID

NAMENAME

Movies 
database

D
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Query Personalization: DB-based

MGENREMGENRE

MOVIEMOVIE
DIRECTORDIRECTOR

CASTCAST

ACTORACTOR

MIDMID

GENREGENRE

TITLETITLE
DIDDID

YEARYEAR
MIDMID

DIDDID

NAMENAME

AWARDAWARD
MIDMID

ROLEROLE
ACIDACIDACIDACID

NAMENAME

1
0.9

0.7
0.8

1

1

1

0.6

0.9

0.9

0.5

0.9
0.6

W. Allen

A. Miguela

comedy

thriller

N. Kidman

A. Hopkins

User
Profile
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Personalized Search

Query Personalization: DB-based
SELECT MV.title

FROM MOVIE MV

WHERE MV.YEAR=‘2003’
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Personalized Search

Query Personalization: DB-based
Query Personalization Logic

L of the top K preferences

L and K are determined by some criterion
– explicitly given (e.g., 1 of  the top 2)
– related to degree of interest (e.g., …of those with d>0.6)
– related to each other (e.g., half of the top …)

e.g., satisfy my top 3 preferences
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Personalized Search

Query Personalization: DB-based

Selection of top K preferences

Best-first traversal of the personalization graph

Path construction in decreasing order of degree of interest

Matching
U to Q
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Query Personalization: DB-based

MGENREMGENRE

MOVIEMOVIE
DIRECTORDIRECTOR

CASTCAST

MIDMID

GENREGENRE

TITLETITLE
DIDDID

YEARYEAR

DIDDID

NAMENAME

AWARDAWARD
ROLEROLE
ACIDACIDACIDACID

MIDMID

MIDMID

1
0.9

0.7
0.8

1

1

1

0.6

0.9

0.9

0.5

0.9
0.6

W. Allen

A. Miguela

comedy

thriller

ACTORACTOR NAMENAME

N. Kidman

A. Hopkins

MOVIEMOVIE
YEARYEAR

DIRECTORDIRECTOR DIDDID
DIDDID

NAMENAME

W. Allen MIDMID

MIDMID

CASTCAST

ACIDACIDACIDACID

ACTORACTOR

2003

NAMENAME

N. Kidman

MGENREMGENRE
MIDMID

GENREGENRE

comedy

Matching
U to Q
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Personalized Search

Query Personalization: DB-based

MOVIE.did=DIRECTOR.did and DIRECTOR.name=‘W. Allen’

MOVIE.mid=CAST.mid and CAST.aid=ACTOR.aid and
ACTOR.name=‘N. Kidman’

MOVIE.mid=MGENRE.mid andMGENRE.genre=‘comedy’

Matching
U to Q
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Personalized Search

Query Personalization: DB-based
Modification

of Q

SELECTMV.title

FROM MOVIE M, 

CAST C, ACTOR A, MGENRE G, DIRECTOR D

WHERE MV.YEAR=‘2003’ and

(M.MID=G.MID and GENRE=‘Comedy’ ) and

(M.DID=D.DID and D.NAME=‘W.Allen’) and
(M.MID=C.MID and C.ACID=A.ACID and

A. NAME=‘N.Kidman’)

Query Rewriting: Personalized Query
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Personalized Search

Benefits
Personalized vs. Unchanged Queries 

(G. Koutrika, Y. Ioannidis, 2004)

Average degree of difficulty per group

0

0.5

1

1.5

2

2.5

3

3.5

unchanged query personalized query

Av
g.

 D
eg

re
e 

of
 D

iff
ic

ul
ty

experts
users
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Personalized Search

Benefits
Personalized vs. Unchanged Queries 

(Pitkow et al, Communications of ACM, 45(2))
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Personalized Search

Benefits
Personalized vs. Unchanged Queries 

(Pitkow et al, Communications of ACM, 45(2))



65

Personalization Methods

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

1

Personalized Search

Systems
IR-based

DB-based

Outride

Personalized Database System
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A Map 

1

Me Others Query

QueryQuery
X

Context‐free Context‐sensitive

UserUser

XStandardized

Suggested

Recommended

Individualized

Static pages Traditional IR & DB

Top‐N Top‐N

Collaborative Filtering

Information Filtering
Continuous Queries Personalized Search
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Service Properties 

Special Services
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Special Services

Personalized Errands

Personalized Negotiations

Alert services
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Multimedia Presentation 

Content Presentation
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Content Presentation 

Personalized descriptions

Personalized links

Personalized layout

Forms
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Content Presentation 

Web catalogs

Examples

(e.g., SETA)

My Portals

(e.g., myYahoo)
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Multimedia Presentation 

File size

Synchronization

Transcoding

Forms
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Multimedia Presentation 

Example of multimedia presentations
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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Interaction Personalization: 
optimising the way in which users access content and services
based on user preferences as well as capabilities (universal access)
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Navigation Shortcuts

Guided Tours

Entry Points

Web Companions
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Navigation shortcuts

Make frequently-visited destinations easier to find 
based on frequent navigational user patterns
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Guided Tours

Personalized superimposed navigation structures
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Web companions

Embodied conversational characters

www.artificial-language.com
www.extempo.com
www.haptek.com
www.vperson.com

Companies

Teachers

Sales assistants (e.g., MIHU, COSIMA)

Web chauffers

http://www.artificial-language.com/
http://www.extempo.com/
http://www.haptek.com/
http://www.vperson.com/
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A user model  

Personal data
Demographic data
Behavioral data
Preferences

Id, name, …
Age, marital status, …
Behavior patterns, …
Interests, …

Accessibility
Transient Time, platform, connectivity, location

Disabilities, …
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Preferences   
I like W. Allen very much

I like N. Kidman better than J. Roberts

I like adventures only a little

I don’t like thrillers at all

I prefer movies around 2 hours

I like movies without violence

I’m interested in the director of a movie more 
than the cast

…

I like W. Allen very much

I like N. Kidman better than J. Roberts

I like adventures only a little

I don’t like thrillers at all

I prefer movies around 2 hours

I like movies without violence

I’m interested in the director of a movie more 
than the cast

…
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A taxonomy of preferences    

Presence 

Concern

Absence 

Positive 

Negative 

Valence

Indifferent 

Exact 

Elasticity

Elastic 

Conditional 

Context

Unconditional 

Preferences on
Attributes

Relationships
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User Preference Models

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

2

IR‐based

DB‐based
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User Preference Models

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

2

Binary Representation
IR‐based

Positive interest
term vector

Negative interest
term vector
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User Preference Models

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

2

Multi-class Representation
IR‐based

QuickStep
<topic, topic interest value>

<topic, topic interest value>

<topic, topic interest value>

…
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2

Multi-class Representation
IR‐based

Liu, Yu, Meng, CIKM 2002

apple recipe pudding football fifa
1 0.37 0.37 0 0
0 0 0 1 0.7

COOKING
SOCCER

Cat.    

<term, weight>

<term, weight>

CategoryA

…
<term, weight>

<term, weight>

CategoryX

……

term
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Personalization

Interaction
Personalization

2

Qualitative Approaches
DB‐based

I like A better than B

Two frameworks

Chomicki

Kiessling
(Kießling, W. Foundations of preferences in database systems. VLDB 2002 )

Chomicki, J. 
Preference Formulas in Relational Queries. ACM TODS, 28(4), 2003
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2

Qualitative Approaches
DB‐based

Preferences between tuples in the answer to a query 
are specified directly using binary preference relations

Chomicki logical formulas

Relation Book(Title,Vendor,Price).

Preference :
(i, v, p) >C (i’, v’, p’)   ≡ i = i’ ∧ p < p’
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Content
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2

Qualitative Approaches
DB‐based

Preferences between tuples in the answer to a query 
are specified directly using binary preference relations

Kiessling special preference constructors

Preference :    P = (A, <P)
Some constructors
base HIGHEST(A)

{x <P_new y  iff x < y};
base AROUND(A, z)

{x <P_new y  iff abs(x − z) > abs(y − z)};
base POS/NEG(A, POS-set, NEG-set) 

{x <P_new y  iff (x ∈ NEG-set  ∧ y∉ NEG-set)  ∨
(x ∉ NEG-set ∧ x ∉ POS-set  ∧ y ∈ POS-set)}
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2

Qualitative Approaches
DB‐based

Kiessling special preference constructors

Preferences :

POS(transmission, {automatic})

NEG(make, {Ferrari})   

POS/NEG(color, {yellow}; {gray})

POS/POS(category, {cabriolet}; {roadster})

EXP(color, {(green, yellow), (green, red), (yellow, white)})
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Content
Personalization
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Personalization

Interaction
Personalization

2

Qualitative Approaches
DB‐based

Preference relations are embedded into relational query languages
through a relational operator that selects from its input 
the set of the most preferred tuples

Chomicki

Kiessling

winnow

BMO 
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2

Quantitative Approaches
DB‐based

I (do not) like A that much

Two frameworks

(Agrawal, R., Wimmers, E. 
A Framework for Expressing and Combining Preferences. SIGMOD 2000 )

Agrawal, Wimmers

Koutrika, Ioannidis
(Koutrika, G., Ioannidis, Y. 
Personalization of Queries in Database Systems. ICDE 2004 )
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2

Quantitative Approaches
DB‐based

Agrawal, Wimmers

<tuple, score>

score ∈ [0, 1], 

Example
Relation Book(Title,Vendor,Price).

Preference: <*, *, 10, 0.8>
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Quantitative Approaches
DB‐based

Koutrika, Ioannidis

dT(u): presence

qs selection, u values satisfying q

dF(u ): absence

dT(u), dF(u) ∈ [-1,1] 
where [-1,0) negative preference 

0  indifference
(0, 1] positive preference

<qs, dT(u), dF(u)>
…

< q, d >q join

d ∈ [0,1] …
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2

Quantitative Approaches
DB‐based

Koutrika, Ioannidis

< DIRECTOR.name=‘W. Allen’,     0.9, 0 >

< GENRE.genre=‘adventure’,        0.4, 0 >

< GENRE.genre=‘thriller’,             -0.9, 0 >

< THEATRE.region=‘downtown’,   0.7, -0.5 >

<MOVIE.mid=MGENRE.mid,       0.7 >

<MOVIE.did=DIRECTOR.did,       0.9 > 

<DIRECTOR.did=MOVIE.did,  1 >
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Quantitative Approaches
DB‐based

Koutrika, Ioannidis

A preference < q, dT(u), dF(u) > is satisfied if:

q evaluates to true and dT(u) ≥ 0 or

q evaluates to false and dF(u) ≥ 0

< GENRE.genre=‘thriller’,              -0.9, 0 >

Example

< THEATRE.region=‘downtown’,   0.7, -0.5 >

e.g., movies that are not thrillers satisfy this preference

e.g., theatres located downtown satisfy this preference
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DB‐based

Chomicki

Kiessling

Koutrika, Ioannidis

Agrawal et al

Preferences on
Attributes

Relationships

Preferences on
Attributes

Relationships

Preferences on
Attributes

Relationships

Preferences on
Attributes

Relationships
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Unconditional 

Presence 

2

Concern

Absence 

Positive 

Negative 

Valence

Indifferent 

Exact 
Elasticity

Elastic 

Conditional 
Context

DB‐based

Chomicki

Kiessling

Koutrika, Ioannidis

Unconditional 

Presence 
Concern

Absence 

Positive 

Negative 

Valence

Indifferent 

Exact 
Elasticity

Elastic 

Conditional 
Context

Unconditional 

Presence 
Concern

Absence 

Positive 

Negative 

Valence

Indifferent 

Exact 
Elasticity

Elastic 

Conditional 
Context

Unconditional 

Presence 
Concern

Absence 

Positive 

Negative 

Valence

Indifferent 

Exact 
Elasticity

Elastic 

Conditional 
Context

Agrawal et al
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User Preference Models

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

2

Provide an ordering of all the answers

Capture preference intensity

Quantitative models

Qualitative models
Provide an abstract, generic way to talk about priority and importance

Unified Approach?

DB‐based

Quantitative vs. Qualitative Approaches

Can be implemented using SQL3

Hard evaluation of preference queries

More intuitive
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User Preference Models

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

2

DB-based vs. IR-based models

They are domain-independent
They are more expressive 

DB-based models are defined for structured data

IR-based models are defined for unstructured data
They are subject to all limitations stemming 
from unstructured data

On the other hand:

Hybrid Models ?
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User Preference Models

Content
Personalization

Services
Personalization

Presentation
Personalization

Interaction
Personalization

2

Critique on Models 
Diversity

Domain/application-dependence

Low expressivity (IR-based models)

Preference expiration policy

Testing
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Content
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Personalization

2

Specialized research and collaboration between 
different disciplines (*)

Directions

Increased Expressivity

Cross-Application Independence

Declarative expression of preferences  

Multiple profiles per user  

(*) Dagstuhl-Seminar 04271:Preferences: Specification, Inference, Applications
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User Profiling3

Types of Users

anonymous

session

tracked

identified
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User Profiling3

User Feedback
Feedback: Positive or negative

Explicit

Implicit

specifying keywords

reading time

navigation history

printing

selecting

selecting and marking documents
answering questions about their interests
providing ratings

saving

search history

physical activity



105

User Profiling3

User Feedback
Sources of Implicit feedback

ClickStream Analysis

Web Logs

Sensors
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User Profiling3

User Feedback
positive negative explicit implicit

√ √ √ √

√ √

√ √ √

Fab
WebMate
Amalthea

√ √ √NewT
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User Profiling3

User Feedback
Explicit

Users engage in additional activities
beyond their normal searching behavior

High cost to the user

Benefits not always apparent

Out-of-date profiles

Sparse profiles

Easier implementation of profiling 

User control 

On the other hand:
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User Profiling3

User Feedback
Implicit No user burden 

On the other hand:

Lower confidence

Privacy
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User Profiling3

User Feedback
Classification (Oard and Kim)

Minimum Scope

Examine

Retain

Reference

Annotate

Create

Segment Object Class

B
eh

av
io

rC
at

eg
or

y

View Listen
Scroll Find Query

Print 

Copy-Paste
Quote 

Mark up

Type
Edit

Select

Bookmark Save
Delete Purchase

Forward
Link Cite

Rate Publish

Author

Browse

Subscribe

Organize
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User Profiling3

User Feedback
Fundamental questions:
Which observable behaviors can be used as implicit measures of 
interest?

What should the weight of each one be?
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User Profiling3

User Feedback
Studies
Claypool, Le, Waseda, and Brown (IUI2001)
Time spent on a page

Number of mouse clicks 

strong positive correlation 
with the explicit ratings

Amount of scrolling on a page 
(all scrolling measures combined) 

Combination of time and scrolling

Individual scrolling measures 

ineffective in predicting 
explicit ratings
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User Profiling3

QuickStep
topic interest value

Paper browsed 1

Recommendation followed 2

Topic rated interesting 10

Topic rated uninteresting -10

Topic interest = Σ(interest_value(n))/days_old(n)
n

User Feedback
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User Profiling3

Machine Learning 

Mining

User Profiling Techniques 

Relevance Feedback 
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User Profiling3

Basic Idea 

Relevance Feedback

A history over 30 years in Information Retrieval

q1

q2

.

.

.

qN

= P’

Positive feedback

Negative feedback

Relevance Feedback

Emphasize 
relevant terms

De-emphasize 
irrelevant terms

q’1
q’2
.

.

.

q’N

P =
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User Profiling3

Techniques

Relevance Feedback

P’ = P + ΣDi ‐ ΣDi

Vector Processing Methods

Probabilistic Retrieval Methods

relevant   non‐relevant

Ide

P’ = P + βΣDi /n1 ‐ γΣDi/n2
n1 relevant             n2 non‐relevant

Rocchio

P’ = log[pi(1‐ui)/ui(1‐pi)]conventional
pi=P(xi|rel), ui=P(xi|nonrel),
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User Profiling3

Basic Idea 
Building personal profiles 

Machine Learning

Training set of 
positive examples

Training set of 
negative examples

Machine Learning

(Batch/Incremental)
Learning 

P P’
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User Profiling3

Machine Learning

Building personal profiles 

Its form depends on the ML approach applied 
(e.g., rules, predictive model)

E.g. a Bayesian model is used to predict the class of new content
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User Profiling3

Techniques

Neural nets

Decision Trees

Rule learners

Probabilistic Classification

Machine Learning

ARAM

C4.5, ID3

Ripper, HCV, CDL4

Naïve Bayes
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An example (Berthouze, Kato: Querying 
and personalizing the web: a personal 
multimedia assistant)

User Profiling3

Machine Learning
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User Profiling3

Data Mining
Mining

The semi-automatic discovery of

patterns,

classes,

associations,

statistically significant structures



121

User Profiling3

Data Mining Techniques 
Mining

Clustering

Classification

Association Rules
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User Profiling3

Web Mining
Mining

Clustering/
Association 

Rules

User 1

User 2

User 3

User U-N

User 4

User 5

User 6

offline online

User Behaviors
Clusters/rules

Current User’s
Behavior

Classification
personalization

(Web Content/Usage/Structure Mining)
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User Profiling3

Association Rules
Mining

Action Rules
Action1, Action2, … ActionN→ ActionR; confidence= C, support = S

Market Basket Rules
Item1, Item2, … ItemN→ ItemR; confidence= C, support = S

E.g. APriori

Web Mining:
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User Profiling3

Clustering
Mining

(Han and Kamber 2001)

Partioning methods:
create k groups of a given data set, where each group represents a 
cluster. (e.g., PageGather, EM)

Hierarchical methods:
decompose a given data set creating a hierarchical structure of
clusters. (e.g., BIRCH)

Model-based methods:
find the best fit between a given data set and a mathematical model
(e.g., COBWEB, Autoclass, ITERATE)

Web Mining:
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User Profiling3

Handle all preference types 

Directions

Obtain negative examples

Distinguish dislike from indifference

Capture changes in user interests

Distinguish between long-term and short-term preferences 
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User Profiling3

Scalability

Directions

Privacy

Users should be able to inspect their personal profiles

Batch and incremental construction of profiles

Integration of user temporal characteristics 
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Evaluation of Personalization

It is a very reasonable question to
ask whether or not user models
and personalization will actually
improve information access?

A question
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Evaluation of Personalization

• Adding a user model to any system →
more complex, less predictable system

• A personalized configuration may actually be
slower or more error-prone than a conventional 
configuration

• Different configurations make it difficult for
users in a group to cooperate. 

• A common adaptation for user models is
information filtering that seems to be helpful

• On the other hand, eliminating seemingly
irrelevant information can confuse users
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Evaluation of Personalization

• Empirical evaluations to determine which users are
helped or hindered by user-adapted interaction

• Insufficient empirical evaluations, but an encouraging
upward trend.
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Evaluation of Personalization

• The user interface needs to provide a way to explain 
what the system is doing to personalize the experience 
as well as to undo the personalization. 

• Allowing users control the extent of the personalization 
can also help alleviate inaccurate personalization.

Some Hints
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