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Introduction

Information overload: too much information to sift/browse
through in order to find desired information

— Most information on Web is actually irrelevant to a particular user

This Is what motivated interest in techniques for \Web
personalization

As they surf a website, users leave a wealth of historic

data about what pages they have viewed, choices they
have made, etc

Web Usage Mining: A branch of Web Mining (itself a
branch of data mining) that aims to discover interesting
patterns from Web usage data (typically Web Log
data/clickstreams) (Yan et al. 1996, Cooley et al. 1997,
Shahabi, 1997; Zaiane et al. 1998, Spiliopoulou &
Faulstich, 1999, Nasraoui et al. 1999, Borges & Levene,
1999, Srivastava et al. 2000, Mobasher et al. 2000;
Eirinaki & Vazirgiannis, 2003)
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Introduction

 Web Personalization: Aims to adapt the Website according
to the user’s activity or interests (Perkowitz & Etzioni, 1997,
Breeze et al. 1998, Pazzani, 1999, Schafer et al. 1999,
Mulvenna, 2000; Mobasher et al. 2001, Burke. 2002,
Joachims, 2002; Adomavicius &. Tuzhilin, 2005)

 Intelligent Web Personalization: often relies on Web Usage
Mining (for user modeling)

« Recommender Systems: recommend items of interest to the

users depending on their interest (Adomavicius & Tuzhilin,
2005)

— Content-based filtering: recommend items similar to the items liked
by current user (Balabanovic & Shoham, 1997)
* No notion of community of users (specialize only to one user)

— Collaborative filtering: recommend items liked by “similar” users
(Konstan et al., 1997; Sarwar et al., 1998; Schafer, 1999)

« Combine history of a community of users: explicit (ratings) or implicit

(clickstreams)
. . Focus of our
— Hybrids: combine above (and others) research /) 9
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: Z Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,

Some Challenges in WUM and
Personalization

Ambiguity: the level at which clicks are analyzed (URL A, B, or C as basic
identifier) is very shallow, almost no meaning

— Dynamic URLs: meaningless URLs =» even more ambiguity

— Semantic Web Usage Mining: (Oberle et al., 2003)
Scalability: Massive Web Log data that cannot fit in main memory requires
techniques that are scalable (stream data mining) (Nasraoui et al.: WebKDD
2003, ICDM 2003)
Handling Evolution: Usage data that changes with time

— Mining & Validation in dynamic environments: largely unexplored area...except
in: (Mitchell et al. 1994; Widmer, 1996; Maloof & Michalski, 2000)

— In the Web usage domain: (Desikan & Srivastava, 2004; Nasraoui et al.:
WebKDD 2003, ICDM 2003, KDD 2005, Computer Networks 2006, CIKM 2006)

From Clicks to Concepts: few efforts exist based on laborious manual
construction of concepts, website ontology or taxonomy

— How to do this automatically? (Berendt et al., 2002; Oberle et al., 2003; Dai &
Mobasher, 2002; Eirinaki et al., 2003)

Implementing recommender systems can be slow, costly and a bottle
neck especially

— for researchers who need to perform tests on a variety of websites
,— For website owners that cannot afford expensive or complicated solutions

and Ambiguous Environments



Different Steps Of our Web Personalization

System
>TEE L OFFLINE STEP 2: ACTIVE RECOMMENDATION
PROFILE DISCOVERY '
<&
ite Fi »Post Processing S _
Site Files
l Derivation of , | Recommendation —
User Profiles Engine %
X User profiles/ T
Preprocessing Wser Model . i
A Sesslan N Eo oINS EIENS
Server i Data Mining:
Logs Transaction Clustering
_ Association Rule Discovery
User Sessions Pattern Discovery
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Challenges & Questions in Web Usage Mining

STEP 1: OFFLINE
PROFILE DISCOVERY
ACTIVE RECOMMENDATION

Post Processin
Site Files l g @ Recommendation

y

Derivation of

i Engine }
User Profiles
. X User profiles/ T %

Preprocessing Wser Model

v

Active Session Recommendations

Server i Data} Mining: -
Logs Transaction Clustering

_ Association Rule Discovery
SR S 3 Pattern Discovery

7

Dealing with Ambiguity: Semantics?
 Implicit taxonomy? (Nasraoui, Krishnapuram, Joshi. 1999)

*\Website hierarchy (can help disambiguation, but limited)
 Explicit taxonomy? (Nasraoui, Soliman, Badia, 2005)

*From DB associated w/ dynamic URLs

«Content taxonomy or ontology (can help disambiguation, powerful)
» Concept hierarchy generalization / URL compression / concept
abstraction: (Saka & Nasraoui, 2006)
*How does abstraction affect quality of user models?




Challenges & Questions in Web Usage Mining

STEP 1: OFFLINE
PROFILE DISCOVERY

ACTIVE RECOMMENDATION

Site Files »Post F_’roc-essmg S
l Derivation of >
User Profiles _
7y +User profiles/
Preprocessing Wser Model
Server i Date} Mining: -
Logs Transaction Clustering

Pattern Discovery

_ Association Rule Discovery
User Sessions

User Profile Post-processing Criteria? (Saka & Nasraoul, 2
» Aggregated profiles (frequency average)?

* Robust profiles (discount noise data)?
* How do they really perform?

*How to validate? (Nasraoui & Goswami, SDM 2006)
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Challenges & Questions in Web Usage Mining

STEP 1: OFFLINE

PROFILE DISCOVERY
! ACTIVE RECOMMENDATION
ite Fi »Post Processing S _
Site Files
l Derivation of , | Recommendation —
User Profiles Engine %
X User profiles/ T
Preprocessing Wser Model . i
| Active Session —~ecommendations
Sore i Data Mining:
Logs = Transaction Clustering /

_ Association Rule Discovery
SR SRR Pattern Discovery

Evolution: (Nasraoui, Cerwinske, Rojas, Gonzalez. CIKM 2006)
Detecting & characterizing
profile evolution & change?
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Challenges & Questions in Web Personalization

STEP 1: OFFLINE
PROFILE DISCOVERY

ACTIVE RECOMMENDATION

— ()
Site Files l Post Processing G@

Derivation of Recommendation —¢

i Engine
User Profiles
. 5 User profiles/ T / %

y

v

Preprocessin Wser Model :
P J Recommendations

Active Sessidn

Server i Data} Mining: -
Logs Transaction Clustering

_ Association Rule Discovery
SR SRR Pattern Discovery

X

In case of massive.evolving data streams:
*Need stream data mining (Nasraoui et al. ICD¥’'03, WebKDD 2003)
*Need stream-based recommender systems? (Nasraoui et al. CIKM 2006)
*How do stream-based recommender systems perform under evolution?
*How to validate above? (Nasraoui et al. CIKM 2006)
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Challenges & Questions in Web Personalization

STEP 1: OFFLINE
PROFILE DISCOVERY

ACTIVE RECOMMENDATION

Post Processing g@

Site Files > _

l Derivation of > ReCOfEf:geirrl]Ciatlon —
User Profiles

. 3 User profiles/ T %

Preprocessin Wser Model :
P J Recommendations

Active $éssion

Server i Date} Mining: -
Logs Transaction Clustering

_ Association Rule Discovery
SR SRR Pattern Discovery

Implementing Recommender Systems:

*Fast, easy, scalable, cheap, free?

*At least to help support research...

*But Grand advantage: help the little guy...

(Nasraoui, Zhang, Saka, SIGIR-OSIR 2006)
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Web Usage
Mining:
- Ambiguity:

- Implicit
Semantics:
website
hierarchy

- Explicit
Semantics: DB

w/ taxonomy of
dynamic URLs

- What is effect of
generalization /
URL
compression /
concept
abstraction

- Noise:

- Detecting and
characterizing
evolution in
dynamic
environments

-Recommender
Systems in
dynamic
environments

- Fast, Easy, Free

Implementation *

- Mining Conceptual
Web
Clickstreams

What's in a click?

Access log: Record of URLs accessed on Website

Log entry: access date, time, IP address, URL viewed,
...etc.

Modeling User Sessions: set of clicks, pages, URLs (Cooley
et al. 1997)

— Map URLs on site to indices

— User session vector s(i): temporally compact sequence of Web
accesses by a user (consecutive requests within time
threshold: e.g. 45 minutes)

URLS:
— Orthogonal? (Traditional approach)

— Exploit some implicit concept hierarchy: website hierarchy
(easy to infer from URLS) (Nasraoui, Krishnapuram, Joshi.
1999)

— Dynamic URLs: Exploit some explicit concept hierarchy:
encoded in Web item database (Nasraoui, Soliman, Badia,
2005)

How to take above into account?

— Integrate into the similarity measure while clustering

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
and Ambiguous Environments




Similarity Measure
(Nasraoui, Krishnapuram, Joshi. 1999)

 Map N, URLs on site to indices
e User session vector s : temporally compact

sequence of Web s(‘)—{l if user accessed j"URL

accesses by a user = .
0 otherwise

oIf site structure ignored=>» cosine similarity /

kI 3Ny g0gh / \
2 K) 5Ny <
JZ 503Ny 5D

*Taking site structure into account =» relate distinct URLS:
e p.: path from root to ™ URL'’s node

o /‘pifl\pj‘ N
Su (I’ J) B mln[l, max(l,maxq Pi > j‘)_ 1)

O Nasraoui and R. Krishnapuram, and A. Joshi. Mining Web Access Logs Using a Relational Clustering Algorithm
Based on a Robust Estimator, 8th International World Wide Web Conference, Toronto, pp. 40-41, 1999.




Web Session Similarity Measure: variant of
cosine that takes into account item relatedness

Ny 5 g(h / \
“<'_J 2o (K) 5Ny () /\
> sty
Z ZNU S(k)S(I)S (i J)
s S(k)ZNU 0

*Final Web Session Similarity = Sy, = maX(Sl,k.,Sz,m)

Taking site structure into account:

S2,k|

*Concept Hierarchies: helpful in many data mining contexts:
(E.g. In association rule mining: Srikant &. Agrawal, 1995, In
text: Chakrabarti etal.,, 1997, in Web usage mining: Berendt,
, 2003)
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Web Usage | W - ) .
Mining: Role of Similarity Measure: Adding
- Ambiguity: .
- Implicit semantics
Semantics:
ey « Problem: Dynamic URLs, such as
- Explicit universal.aspx?id=56:
stﬂgf(‘gﬂ‘;% D_Ef — hard to recognize based only on their URL =» affects
dvnamic URLS prefslentatlon & interpretation of discovered user
- What is effect of profiles!
generalization / — hard to relate (among each other) based only on their
URL URL = affects Web usage minin
compression / ge mining!
concept. « Solution: Use available external data that
e maps dynamic URLSs to hierarchically related
- Detecting and and more meaningful descriptions
Cha{ac_tefizing => Explicit taxonomy: parent item - child item /
S;S,;rﬂf)cn . =>» transform URL into regular looking URL: /
- Recommender =» handle this URL using previous implicit website hierarch
Systems in approach: inferred by tokenizing the URL string
dynamie _ « Ultimately, both implicit and explicit taxonomy information

_ : are seamlessly incorporated into the data mining
Implementation : . . . SN
- Minin algorithm (clustering) via the Web session similarity
g
Conceptual measure

W_eb Olfa Nasraoui, Maha Soliman, and Antonio Badia, Mining Evolving User Profiles and More —
Clickstreams A Rreal Life Case Study, In Proc. Data Mining meets Marketing workshop, New York, NY, 2005.




Mapping Dynamic URLs to Semantic URLSs
(Nasraoul, Soliman, Badia, 2005)

 Problem: Dynamic URLSs, such as universal.aspx?id=56, are

* hard to recognize based only on their URL = affects presentation of profiles!

* hard to relate (among each other) based only on their URL = affects Web usage mining!.

» Solution: We resorted to available external data, provided by
the website designers, that maps dynamic URLS to
hierarchically related and more meaningful descriptions.

Taxonomy Data Provided by the website designers

menus_id item_name item_level | parent_item | sequence | Resource/url
56 | Regulations and Laws 1 4939 1 | universal.aspx
—
4939 | NST Center&reg;<— | 0 1 | Nst

Example: Dynamic URL: universal.aspx?id=56 =
Semantic URL: NST Center&reg / Regulations and Laws

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
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Mapping Dynamic URLs to Semantic
URLSs (another example)

e universal.aspx?id=6770 = ?
e since item #6770 has as parent: item #56

item_ | parent_
menus_id | item_name level item | sequence | url
Air Quality and
6770 Emission Standards 2 56 1 | universal.aspx

 Recall: Item 56 = (NST Center&reg / Regulations and Laws )

 Hence, universal.aspx?id=6770 =>»

— NST Center&reg / Regulations and Laws / Air Quality and Emission
Standards

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
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Concept
Generalization/Abstraction /

e Generalize

lower/specific concepts /\
to higher concepts

e Mechanism:
—IF Sim (URL,;, URL) > /\

Threshold THEN merge /\ /
/\

URLS

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
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Concept
Generalization/Abstraction /

* Generalize lower/specific
concepts to higher concepts /\

e Mechanism:

— IF Sim (URL;, URL) >
Threshold THEN merge URLs

o Effects: /\
— Helps in disambiguation /\ /
/\

— URL compression

» Easily reach compression
rates in 80% range
depending on merging
threshold

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
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Concept
Generalization/Abstraction

* Generalize lower/specific
concepts to higher concepts

e Mechanism:

— IF Sim (URL,, URLJ-) >
Threshold THEN merge URLS ™™~ /\ """"""""
— Effects: /

— Helps in disambiguation /<\
- Easily reach compression rates /\
In 90% range depending on
merging threshold /0

— URL compression
Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
and Ambiguous Environments




Aggressive Concept
Generalization/Abstraction

 Generalize even more
lower/specific concepts to
higher concepts

e Mechanism:

— IF Sim (URL;, URL)) > Even-
bigger-Threshold 'f‘HEN
merge URLS

e More drastic effects:
— Helps in disambiguation

— URL compression

» Easily reach compression rates
In 90% range depending on
merging threshold

A

A
A
A
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Web Usage

Mining:
- Ambiguity: "
 implc Effect of Compression
Sema_mtics:
}’]Vl(é?;r'f%y * First, the mining + validation methodology:
- Explicit  Perform Web Usage Mining:
Semantics: DB — Pre-process Web log data (includes URL

w/ taxonomy of
dynamic URLS

- What is effect of
generalization /

transformations taking into account implicit or explicit
concept hierarchy)

URL — Cluster user sessions into optimal number of user
CompretSSIOH/ profiles using HUNC (Hierarchical Unsupervised Niche
ggrs]fr%?:t' Clustering)

on

* Localized Error-Tolerant profiles

- Noise: . :
* maximize a measure of soft transaction support

- Detecting and

characterizing « with dynamically optimized error-tolerance o
evolution in
dynamic — Optional Post-processing: (Later...)

. : |
SHVITOTITENTS - Frequency Averaging: compute frequency of each URL

' Reé:oSthlénmeSnidner in each cluster = profile
dgjnamic  Robust Profiles: ignore noisy user sessions when
environments computing the above

- Implementation

- Mining « Validate discovered profiles against Web sessions
Conceptual
Web Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,

Clickstreams and Ambiguous Environments



Validation in an Information Retrieval
Context (Nasraoui & Goswami, 2005)

Profiles are patterns that summarize the input transaction data

Quality of discovered profiles as a summary of the input transactions:

— Precision (the profile’s items are all correct or included in an original input
transaction/session, i.e. no extra items)

— Coverage/recall (a profile’s items are complete compared to an transaction or
session, i.e. no missed items)

Interestingness measure: Given T2 ={t;|Q,; >Q,,..}, define Q =T |/|T|
When Q; = Cov;, we call Q the Cumulative Coverage of Transactions, and
It answers the Question

— Is the data set completely summarized/represented by the mined profiles? .
When Q; = Prec;, we call Q the Cumulative Precision of Transactions, and
it answers the Question:

— Is the data set faithfully/accurately summarized/represented by the mined

profiles?

These measures guantify the quality of mined profiles from the point of
view of providing an accurate summary of the input data.

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
and Ambiguous Environments




Quality
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Coverage Quality
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Observations

 Compression decreases Quality (as expected ...)

« However, level of compression (or abstraction) Is
not an important factor

— What seemed to matter most is “whether” any
compression is made or not?

 Compression =» distortion of original data (hence
reduced quality)

e But let’s not forget...

« Compression =» reduced sparsity of the session
matrix (hence may help clustering results)

e« Compression = drastic reduction in # items
(hence speed up the mining...)

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
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Web Usage

 Mining Handling Noise: Effect of Robustifying the
- AMDIGUILY. .
- Impﬁcit y Profiles
_ sxeprﬁg?“cs; (Nasraoui & Krishnapuram, SDM 2002)
Semantics:

- What is effect of ¢ Perform Web Usage Mining:

generalization / — Pre-process Web log data (includes URL transformations

URL At . =< = )
compression? taking into account implicit or explicit concept hierarchy)

_ Noise: Effect of — Cluster user sessions into optimal number of user profiles
post- using HUNC (Hierarchical Unsupervised Niche Clustering)
processing: * Localized Error-Tolerant profiles

- Robust profiles * maximize a measure of soft transaction support
- Frequency - with dynamically optimized error-tolerance o
averaging

— Post-process profiles:

o Simple Means: Compute (URL-frequency) means/centroid
for each cluster

- Detecting and
characterizing
evolution in

dynamic
environments * Robust Means:
- Recommender — Robust weight of a session into a profile (varies between
Systems in 0 and 1):
dynamic » w; = e(-(1-Simy)?/ o)

SRR E — user sessions with w; < w,,., are ignored when averaging

- Recommender the URL frequencies in their cluster
iImplementation

- Mining : : : : :
Conceptual « Validate discovered profiles against Web sessions
Web Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,

Clickstreams and Ambiguous Environments



Precision Quality for various
robustness levels w_,
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Coverage Quality for various
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F1 Quality for various robustness
levels w,_;.
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Observations

e Post-processing decreases Precision
 However, It Improves coverage

 Computing the URL frequency means of all
sessions in each profile/cluster brings up to
the surface some URLSs that did not make it
through the optimization process resulting
In the raw profiles

— More URLs improve coverage, however, hurt
precision
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Web Usage Mining:

Arlnmbpl)ﬁ;{téemantlcs TraCkIng EVOIVIng PrOfIIeS
- Explicit Semantics: (Nasraoui, Soliman, Badia, 2005)

- What is effect of
generalization /

URL Mine user sessions Iin several batches (for

compression? each period)
- Noise: Effect of

post-processing: ~ Automated comparison between new profiles

- Robust profiles . . : :
 Frequency and all the old profiles discovered in previous

averaging batches.

- Detecting and : : ! i
Sreratia Fi Each profile p; iIs discovered along with an

voama " automatically determined measure of scale .

environments )
- Recommender =» boundary around each profile
Systems in
dynamic

SR EE This allows us to automatically determine

- Recommender

implementation ~ Whether two profiles are compatible based

Ve SONeePE on their distance compared to

Clickst - ' '
crsteams their respective boundaries
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Tracking Evolving Access Patterns

e Four events can be detected from the
comparison:

— Persistence: New profiles are compatible with the old
profiles.

— Birth: New profiles are Incompatible with any
previous profile.

— Death: Old profile finds no compatible profile from the
new batch.

— Atavism: Old profile that disappears, and then
reappears (i.e. via compatibility) again in a later batch
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Profile Events

/ Persistence

Atavism

\'

time
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Tracking Evolving Access Patterns:
Example of Atavism

Here is one profile in
June

The same profile
disappears in first 2
weeks of August

his profile
reappears
again in last
2 weeks of
August

June 04 | July 04
/Write Up Display.A

spx/Navy
Community/Navy

[ApprovedInterio

rCoatings&Write
Ups |d/BilgePr

eservation

/Write Up Display.A
spx/Navy

Community/Navy/Ap
proved
InteriorCoatings
&Write Ups 1d/B

Aug 04-
Partl

Aug 04-Part2

/Write Up Display.Aspx/

Sep 04

Write Up Display.Asp

NavyCommunity/Nav

v/Approved Interior
Coatings&Write Ups

Id/Bilge
Preservation

/Write Up Display.Aspx/
Write Ups Id/Project

x/NavyCommunity/
Navy/Approved
Interior
Coatings&Write U
ps Id/Bilge
Preservation

/Write Up Display.Asp

: MSC Non-Skid

/Write Up Display.Aspx/
NavyCommunity/Nav
yv/Approval Of

x/NavyCommunity/
Navy/Approved
Exterior
Coatings&Write U
ps Id/Non-Skid

and Ambiguous Environments

allast Tanks Coatings For Navy Walk
Use (Roadmap)
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Why track Evolving Profiles?

e Form long term evolution patterns for interesting profiles

— Predict seasonality

— Support marketing efforts (if marketing campaigns are performed
during these periods)

— Forecast profile re-emergence to improve downstream
personalization process via a caching process

* Frequent atavism =» profile should be cached

e Help improve scalability of Web usage mining algorithm

— Process Web usage data in batches

— Integrate tracking evolving profiles within mining algorithm

— Maintain previously discovered profiles

— Eliminate a majority of the new sessions from analysis (if similar to
existing profiles)

— Focus on typically smaller data consisting of sessions from truly
emerging user profiles
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W . .
image Recommender Systems in Dynamic
R Usage Environments
Semantics: « For massive Data streams, must use a stream mining
: Esxepriiga e framework
\What is effect of  * Furthermore must be able to continuously mine evolving
generalization / data streams
URL

compression? * TECNO-Streams: Tracking Evolving Clusters in Noisy
- Noise: Effect of Streams

Bfosé'essmg: — Inspired by the immune system
- Robust profiles — Immune system: interaction between external agents
- Frequency (antigens) and immune memory (B-cells)

averaging

_ — Artificial iIimmune system:
- Detecting and . Ant _ data st
characterizing ntigens = data stream
evolution in » B-cells = cluster/profile stream synopsis = evolving memory

g%\r/]ﬁg]rlmcﬁnents « B-cells have an age (since their creation)
L PEEG T e » Gradual forgetting of older B-cells
Systems in  B-cells compete to survive by cloning multiple copies of
dynamic themselves
. envwonmdents « Cloning is proportional to the B-cell stimulation
: el(r:T?p?l]emmeennt;ion * B-cell stimulation: defined as density criterion of data around a
- Mining profile (this is what is being optimized!)
Conceptu al O. Nasraoui, C. Cardona, C. Rojas, and F. Gonzalez. Mining Evolving User Profiles in Noisy
Web Web Clickstream Data with a Scalable Immune System Clustering Algorithm, in Proc. of

Clickstreams WebKDD 2003, Washington DC, Aug. 2003, 71-81.



The Immune Network =» Memory

Skern al_ anti Stimulation breeds
Survival

Even after
external antigen
disappears:

B-cells co-
stimulate each
other = thus
sustaining each
other = Memory!
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General Architecture of TECNO-
Streams Approach

Evolving data =
] il i > >

Evolving Immune
Network
(compressed Iinto
subnetworks)

1-Pass Adaptive
Immune
Learning

Immune network
information system

Stimulation (competition
& memoryg

Age (old vs. new)

Outliers (based on
activatio
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Initialize ImmuNet and MaxLimit

i

Trap Initial Data

A A

Compress ImmuNet into K subNet’s DR S ];‘

Membry
Constraints

3

Present NEW antigen data

< < <m0 <l

-

<

Identify neirest subNet*

Compute soft activations in subNet*

v

Update subNet* B-cells’ Influence range /scale

Yes

Domain

"

Update subNet* B-cells’ stimulations

Activates
ImmuNet?

Knowledgej >
Constraints

"

Clone and Mutate B-cells

.

Clone antigen

Kill lethal B-cells

mmuNet

Stat’s &
Visualizatio

—

Kill extra B-cells (based on
age/stimulation strategy) ,

increase acuteness of competition OR
Move oldest patterns to aux. storage

Compress ImmuNet <

Outlier?,

Secondary
storage




Adherence to Requirements for Clustering
Data Streams (Barbara’ 02)

« Compactness of representation
— Network of B-cells: each cell can recognize several antigens
— B-cells compressed into clusters/sub-networks

e Fastincremental processing of new data points
— New antigen influences only activated sub-network
— Activated cells updated incrementally
— Proposed approach learns in 1 pass.

e (Clear and fast identification of “outliers”

— New antigen that does not activate any subnetwork is a potential
outlier =» create new B-cell to recognize it

— This new B-cell could grow into a subnetwork (if it is stimulated by a

new trend) or die/move to disk (if outlier)
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Validation Methodology in Dynamic
Environments

« Limit Working Capacity (memory) for Profile Synopsis in
TECNO-Streams (or Instance Base for K-NN) to 30

cells/instances

e Perform 1 pass mining + validation
— First present all combination subset(s) of a real ground-truth session

to recommender,
» Determine closest neighborhood of profiles from TECNO-Stream’s
synopsis (or instances for KNN)
e Accumulate URLSs in neighborhood
» Sort and select top N URLs = Recommendations

— Then Validate against ground-truth/complete session (precision,
coverage, F1),
— Finally present complete session to TECNO-Streams (and K-NN)
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Validation Methodology in Dynamic

Environments

« Scenario D (Drastic changes):

— We partitioned real Web sessions into 20 distinct sets of sessions,
each one assigned to one of 20 previously discovered and validated
profiles.

— Then we presented these sessions to the immune clustering +
recommendation + validation algorithm one profile at a time. That is,
we first present the sessions assigned to ground truth profile/trend O,
then the sessions assigned to profile 1, ..., etc.
« Scenario M (Mild changes): present Web sessions In
chronological order exactly as they were received in real time

by the web server

« Scenario (Repeating Drastic changes). Same as Scenario
D, but presented profiles 1,2,3,4,5,1,2,3,4,5 (Repetition).
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Dendogram of the 20 profile (vectors)
1.7K sessions, 343 URLs

1F

0.9+

IR=N

07

06+

05k

04

[ ]

215 1 3 4 0 & 12 13 14 B N ?1018199161?

Memory capacity limited to 30 nodes in TECNO-
Streams’ synopsis, 30 KNN-instances
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Drastic Changes: F1 versus session number (vertical
lines: environment changes),1.7K sessions

Moving Average (15) of F1 using N =5, T = 0.0, and SS = 2, Cos similarity, with session order ascend
1 T T T T T T

Method = TECNO (91.2%) _ .
ool Method = KNN  (88.7%) Rf_imp up. both
' - B o o deteriorate equally as

environment changes

- With sustained
environment,
climbs (intense
memorization of
Immediate past)

- On the other hand
TECNO-Streams forms
- SRR o D a “compressed”

summary via
0.1 . . .
optimization =» lossy
compression

0.2

Session index
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F1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

Mild Changes: F1 versus session number, 1.7K sessions

Moving Average (15) of F1 using N =5, T = 0.0, SS = 2, Cos similarity, with session order natural

TECNO-Streams higher

& M WW\}” "
.i, 4 ! ’
AN U

(noisy, naturally occurring
Mithod = KN (53.9%) | | but unexpected fluctuation
call for more intelligent
optimization?)

The real
challenge is
that here, ALL
20 usage
trends are
presented
1 simultaneously
as opposed to
one at atime

400

. . . . . . (scenario M)!
600 800 1000 1200 1400 1600
Session index
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F1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

Repeating Drastic Changes: F1 versus session number (vertical
lines: environment changes), 1.7K sessions

(same as

Moving Average (15) of F1 using N =5, T = 0.0, and SS = 2, Cos similarity, with session order ascend

' ' T 1 ' ! ——— drastic; intense
Method = TECNO (97.7%) - —

Method = KNN (96.@)//_

memorization of
Immediate past)

However, the 2"d time
that a past environment
re-occurs:

-TECNO-Stream’s
performance improves
significantly compared to
the 1st time (longer term
memory, 2"day immune
- - response known to be

‘ ‘ D | | - stronger)

| | I | ] | | | | | - performance

1011 remains identical to the

Session index
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Dendogram of the 93 profile (vectors)
Bigger Data Set (~ 30K sessions, 30K URLS):

2829 013A BB 1IN R0163BEH 03 2 6 712453986 64 XRHS7/7rBASHGHO08S AP P22 O0P212AA819



Memory capacity limited to 150 nodes in TECNO-
Streams’ synopsis, 150 KNN-instances
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F1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

Bigger Data Set (~ 30K sessions, ~18K items): Drastic
Changes: F1 versus session number (vertical lines:

environment changes) Ramp-up: both
deteriorate equally as

Moving Average (15) of F1 using N =5, T = 0.0, and SS = 2, Cos similarity, with session order ascend

T T T T T TTm

environment changes

Method = TECNO (65.1%)
Method = KNN  (78.9%)

Either one of or
TECNO-Streams seem
: : o to perform better
I o ’ depending on profile

i i |
\( E Overall, both recommenders'’
‘ Y s L A performances are very poor
i f | J | % |/ for “some” usage trends!!!
| ' (Note the dimensionality
- 0O St 1B Pﬁ Al e 4 and sparsity is much higher

for the big data!)

\ B R aE) ——— 7 These trends are
i g g V . 71 contaminated by too many

noise sessions (close to

| I.I I 11l iI_III (NI 1 Il I. I. I

29876 50%)!

Session index
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Bigger Data Set (~ 30K sessions): Mild Changes: F1
Versus session number

Moving Average (15) of F1 using N =5, T = 0.0, SS = 2, Cos similarity, with session order natural
1 T T T T T
Method = TECNO (65.2%)

Method = KNN (68.8%)
0.9F .

0.8 —
0.7 _
06f - slightly higher ?

0.5f -

F1

0.4 —
0.3f _

0.2[idg |

0.1f _

0 0.5 1 1.5 2 25
Session index X 104
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Bigger Data Set (~ 30K sessions): Repeating Drastic Changes: F1
versus session number (vertical lines: environment changes)

slightly
Moving Average (15) of F1 using N =5, T = 0.0, and SS = 2, Cos similarity, with session order ascend . -
1 . T . S (same as drastic: intense
| SR Method = TECNO (68.8%) | - . .
0ol | e Method = KNN_(99.2%) _/ memor_lzatlon of
' g ; Immediate past)

However, the 2"d time
that a past environment
re-occurs:

-TECNO-Stream’s
performance improves
slightly compared to the
1st time (longer term
memory, 2"day immune
response known to be

stronger)
| | - performance
0 . e ' H e007 remains identical to the

Session index
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Memory capacity limited to 500 nodes in TECNO-
Streams’ synopsis, 500 KNN-instances

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
and Ambiguous Environments




Bigger Data Set (~ 30K sessions): Drastic Changes: F1
versus session number (vertical lines: environment
changes)

Moving Average (15) of F1 using N =5, T = 0.0, and SS = 2, Cos similarity, with session order ascend
1 T LI LALLE T TIT 11

Ramp-up: both

hod = TECNO (68.4% :
Method = TECNO (68.4%) deteriorate equally as

Method = KNN  (73.6%)

09r . ]
_ | = environment changes
0.8 E E - s
; ; = Either one of or
> /TECNO-Streams seem

to perform better
depending on profile

0 | I.I I 11l iI_III (NI 1 Il I. I. I

29876
Session index
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Bigger Data Set (~ 30K sessions): Mild Changes: F1
Versus session number

Moving Average (15) of F1 using N =5, T = 0.0, SS = 2, Cos similarity, with session order natural
1 T T T T T

Method = TECNO (66.2%)
Method = KNN  (69.2%)

o9t 1
08t 1
07} -
06f - slightly higher ?
T osf . But overall both
| _ are poor

Possibly because of
extremely high
dimensionality (>17000)
and sparsity!

which wrecks havoc on

0 | | | | | i i ) i
0 05 1 15 2 25 Collaborative filtering in
Session index % 10* . .
streaming environments/!!
Sy,
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Bigger Data Set (~ 30K sessions): Repeating Drastic Changes: F1
versus session number (vertical lines: environment changes)

Moving Average (15) of F1 using N =5, T = 0.0, and SS = 2, Cos similarity, with session order ascend
1 T T T T )
: Method = TECNO (69.6%)|
Method = KNN  (99%)

0.9

: : Either one of or
08l ‘ i ‘ i TECNO-Streams seem to

/perform better depending

0.7 o
on profile

0.5F

F1

0.3

0.2

0.1F
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Session index
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Web Usage
Mining:
- Ambiguity:
- Implicit
Semantics:
- Explicit

manies Personalization:

generalization /

compression? Implementation Issues

- Noise: Effect of
post-
processing:

- Robust profiles
- Frequency
averaging ° FaSt
- Detecting and ° Easy

characterizing
lution in
Synamic e Scalable
environments
- Recommender ° Cheap?
Systems in

dynamic e Free...?

environments
- Recommender
Implementation
- Mining
Conceptual Nasraoui: Web Usage Mining & Personalization in Noisy,

Web - : :
: Dynamic, and Ambiguous Environments
Clickstreams y g




Summary of Methodology

o Systematic framework for a fast and easy
Implementation and deployment of a
recommendation system

e on one or several affiliated or subject-
specific websites

e based on any available combination of
open source tools that include

— crawling,
— Indexing, and
— Searching capabilities
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Supported Approaches

e Content based filtering (straight forward)
o Collaborative filtering (more complex)

e Hybrids that combine the power of both (2 types):

— Cascaded (2 options):
 First collaborative filtering (obtain collaborative
recommendations), then content-based filtering (on previous
result)
» First content-based filtering (obtain content-based set of
recommendations), then collaborative filtering (on previous
result)

— Parallel/combined:
» Perform collaborative filtering on original input

* Perform content-based filtering on original input

« Then combine resulting recommendations above by weighting,

etc.

Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
and Ambiguous Environments




What for?

e Easily "Implement” (existing)
recommendation strategies by using a
search engine software when it is available,

e Benefit to research and real life
applications

— by taking advantage of search engines'
scalable and built-in indexing and query
matching features,

— Instead of implementing a strategy from
scratch.
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Advantages to Expect...

e Multi-Website Integration by Dynamic Linking:

— dynamic, personalized, and automated linking of
partnering or affiliate websites

— Crawl several websites + connect through common
Proxy
* Giving Control Back to the User or Community
Instead of the website/business
— no need for intervention from websites

 The Open Source Edge
e Tapping into IR Legacy
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Search Engine

1) Crawling: A crawler retrieves the web pages that are to
be included in a searchable collection,

o 2) Parsing: The crawled documents are parsed to extract
the terms that they contain,

e 3) Indexing: An inverted index Is typically built that maps
each parsed term to a set of pages where the term is
contained,

e 4) Query matching:

— Submit input queries in the form of a set of terms to a search engine
Interface or to a query matching module

— that compares this guery against the existing index,

— to produce a ranked list of results or web pages.

e Two open source products that enable a fast and free
Implementation of Web search,
— Text search engine library: Lucene,

— Web search engine: Nutch, built on Lucene
iz Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
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Lucene

D. Cutting and J. Pedersen, Space optimizations for total
ranking, RIAO (Computer Assisted IR) 1997

http://lucene.apache.org/

high-performance, full-featured text search engine library
written in Java,

can support any application that requires full-text search,
especially cross-platform.

Examples of using Lucene: Inktomi and Wikipedia's
search feature

powerful features through a simple API, include
— scalable, high-performance indexing,

avalilable as Open Source software under the Apache
License
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http://lucene.apache.org/

Lucene’s features

e ranked searching

e various query types: phrase, wildcard, proximity,
fuzzy, range, and more

 fielded searching (e.g., title, author, contents),
e date-range searching,

e sorting by any field,

 multiple-index searching with merged results,
 allowing simultaneous update and searching

e All the above = Heaven on Earth! for
Implementing recommender system
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Nutch

http://lucene.apache.org/nutch/: Lucene based Web search

Adds Web specifics to Lucene: crawler, link-graph database, parsers
for HTML and other document formats (pdf, ppt, doc, plain text, etc).

Document = sequence of Fields .

— Field values may be stored, indexed, analyzed (to convert to
tokens), or vectored.

Uses Lucene's index: Inverted Index that maps a term - field ID,
and a set of document IDs, with the position within each document.

Given a query, Nutch by default searches URLSs, anchors, and
content of documents
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http://lucene.apache.org/nutch/

Proposed Methodology

Two requirements for tweaking a search engine
to work like a recommender sys.

1. An index: The source of the recommendations
must be indexed in a format that Iis easy to
search.

2. A querying mechanism:

— the input to the recommendation procedure must be
transformable into a query

— Query is expressed in terms of the entities upon
which the index is based
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Content-based filtering

Given a few pages that a user has viewed, the system recommends other
pages with content that is similar to the content of the viewed pages

e Step 1: Preliminary Crawling and Indexing of website(s) (done offline): to
form content of the recommendations, and then forming a reverse index
that maps each keyword to a set of pages in which it is contained.

 Store the most frequent terms in each document as a vector field, that is
iIndexed and used later in retrieval

« Step 2: Query Formation and Scoring: transform a new user session into
a query that can be submitted to the search engine.
 Map each URL in user session to a set of content terms (top k frequent
terms) using an added package net.nutch.searcher.pageurl.
« Combine these terms with their frequencies to form a query vector,
e Submit query to Nutch as a Fielded query (i.e. the query vector is compared to
the indexed Web document vector field).

* Finally, rank results according to cosine similarity with the query vector in the
vector space domain

* modification of the default scoring mechanism of SortComparatorSource in the
LuceneQueryOptimizer class (which is part of the package net.nutch.searcher)

session = URLS - terms -> fielded query vector - results (ranked
according to cosine similarity (result vector, query vector))
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Cascaded Hybrids

Type 1: compares current session
to (all) previous sessions

Recommendations

Collaborative »| Collaborative -|-» Content-based —> (items)
filtering session filtering
¢ A
Previous sessions Info 2

Type 2: compares current session
to several user profiles

Recommendations

Collaborative Collaborative {-» Content-based — _
- o S (items)
filtering session filtering
t A
User profiles Info 2
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Implementation

 Crawled web pages in following domains:
— .wikipedia.org
— .ucar.edu
— .nasa.gov
=>» (this corresponds to Step 1 of content-based filtering)

 The content was indexed using nutch

e the nutch search engine application was launched to
accept queries (in our case transformed user sessions!)

e A proxy was set at one port on our server based on the
Open Source SQUID Web proxy software
(http://www.squid-cache.org/)

 Additional C code to track each session, convert it to an
appropriate query, and submit this query to nutch
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Solar Activity

The Sun is not a quiet place, but one that exhibits sudden rel
energy. One of the most frequently observed events are solg
sudden, localized, transient increases in brightness that occ
regions near sunspots. They are usually most easily seenin
and X-rays, but may have effects in the entire elecromagne
The X-ray brightness from a large flare often exceeds the X-
from the rest of the Sun. Another type of event, the coronal
election, typically disrupt helmet streamers in the solar coro
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the solar wind. Coronal mass ejections propagate out in the
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prominence erupfions, where the cool, dense prominence
erupls outward.

All of these forms of solar activity are believed fo be driven b

prominence
mmmmmﬁnmm releasefm'nmesda'nﬁgnehcﬁeld How this energy
SMM (Solar Maximum Mission) and the i different types of solar activity,

courtesy of the High Aliitude Observatory.
The time of each panel increases from left
panel is the solar radius, the occulfing
radius is af 1.6 solar radii

the many puzzles facing solar physicists today. The amount
activity on the Sun is not constant, and is closely related to ff
number of sunspots that are visible. The number of sunspotd
levets of solar activity vary with an 11 year period known as {]
cycle.

- Closeup of a solar flare observed on the limb of the Sun (white contours show the limb) courtesy of

Science Team (56K GIF

~4 Amovieofa
credit

minence eruption in H-alpha, courtesy of the High Allitude Observatory (169K MPE]

Movie credit

‘ A book about solar activity called The 23rd Cycle: Learning fo Live with a Stormy Star

Windows fa tha Universe )M
Educators: \’ =
He'p us help you!

The Solar Corona

Rising above the Sun's chromosphere , the temperature jumps sharply

from a few tens of thousands degrees Kelvin to as much as a few

million degrees in the Sun's outer aimosphere, solar corona.

Understanding the reason the Sun's corona is so hot is one of the many
* challenges facing solar physicists foday. Because of the very high
temperatures, the corona emits high energy radiation and can be
observed in X-rays. The Earih's atmosphere absorbs X-rays, but
satelliles above the atmosphere, such as the Yohkoh spacecraft, can
observe the Sun in these wavelengihs. Shown on the left is a blending
of a Yohkoh X-ray image (reddish colors) with an eclipse image taken
by the High Altitude Observatory (gray-white colors) on November 3,
1994. Near the poles of the Sun, the corona is dark for both X-rays and
white light. These regions are coronal holes and are the source of the
solar wind that extends out info interplanetary space. The scatiered
white light shows the density of plasma in the corona. The large white
regions extending out far from the Sun are helmet streamers, where the
solar plasma has been trapped by the Sun's magnetic field.

e

Click on image for full size (86K GIF)
Biending of an eclipse image {from the
High Alfifude Observatory) with a Yohioh
Xray image (from the Yohkah Science
Team).

A vear (1992) of the Sun in soft X-rays: A movie (from Yohkoh, 497K MPEG). Movie credit

: coronameter, 807K MPEG). Movie credit
~4 A movie of a coronal mass ejection in white light, courtesy of the High Altitude Observatory (180K

+/ 9 months (1/1/95-9/17/95) of the Sun in white light: A movie (from the High Altitude Observatory's Mauna Loa
. %,q* g e L A F‘ ta
3 3 dupie ST ul -,
‘- 3 B sdwenl ® saum @ Meplue Comat
History e pece NSy ac = S0 o

PRE Ata B[ mages e (st

- 3 s e Astonomy
reo G Wap  Aboutic Lo Cotetts  Mombemip  Lpowomnp M Seling  Uream i %@

It e e e linkmmsoine_uetivty hismd (1 of

and Amblguous Environ

L ast modified prior fo Sepfember, 2000 by the Windows Team

[The source of this materal is Windows fo e Universe. af hitowwew windows ucar edu/ at the U

e O




Content-based Recommendations

Hits 1-10 (out of about 137 total matching pages):

The James Webb Space Telescope
The James Webb Space Telescope + Goddard Space Flight Center + Sciences & Exploration Directorate

+ Exploration of ...
http://www.jwst.nasa.gov/glossary.html

UCAR Staff Notes: HIAPER work reaches pivotal stage
UCAR Staff Notes: HIAPER work reaches pivotal stage February 2004 HAO Sunrise NCAR 1s

involved in numerous ...
http://www.ucar.edu/communications/staffnotes/0402/hao.html (more from www.ucar.edu)

Magnetohvdrodyvnamics - Wikipedia, the free encvclopedia

Magnetohydrodynamics - Wikipedia, the free encyclopedia Your continued donations keep Wikipedia
running!  Magnetohydrodynamics From Wikipedia, the ...
http://en.wikipedia.org/wiki/Magnetohydrodynamics (more from en. wikipedia.org)

Imagine the Universe Science

Imagine the Universe Science  What's New Site Map NASA Homepage Search: HOME Science
Special Exhibit ...

http://imagine.gsfc.nasa.gov/docs/science/science.html

Talk:Plasma cosmology/Archive 3 - Wikipedia, the free encyclopedia
Talk:Plasma cosmology/Archive 3 - Wikipedia, the free encyclopedia Your continued donations keep

Wikipedia running!  Talk:Plasma ...
http://en.wikipedia.ore/wiki/Talk:Plasma cosmoloev/Archive 3 (more from en.wikipedia.ore)




Outstanding Accomplishment Awards

Outstanding Accomplishment Awards The Laurels Pages Awards | Patents | Outstanding
Accomplishments | UCAR Awards Database advanced Outstanding Accomplishments Awards ..
http://www.ucar.edu/communications/performance/perfretro.shtml (more from www.ucar.edu)

1998 Eclipse: Enhanced POISE98 Image
1998 Eclipse: Enhanced POISE98 Image 1998 Eclipse: Enhanced POISE98 Image Enhanced. calibra

"Intensity” image of the ...
http://mlso.hao.ucar.edw/eclipse98 scarab.html

Publications
Publications Publications Refereed Publications Athay. R. G. and P. G. Judge. 1995: Excitation of O
http://web.hao.ucar.edu/public/asr/asr95/pub.html

NASA - Science Highlights from NASA's Sun-Solar System Connection

NASA - Science Highlights from NASA's Sun-Solar System Connection The nasa.gov site requires tl
JavaScripts ...

http://www.nasa.gov/centers/goddard/2004solar.html

SPARTAN 201-3: The Corona
SPARTAN 201-3: The Corona The Corona At the center of ...
http://umbra.nascom.nasa.gov/spartan/the corona.html
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. . Center
National Aeronautics + Sciences & Exploration
and Space Administration Directorate

FAST FACTS

+ Exploration of the Universe

+ Goddard Space Flight

FIND [T @ NASA ;

Division
GLOSSARY

Glossary

SITE MAP CONTACT US

[A-D] [E-H] [-M] [N-R] [E-2]

AACS: Attitude
AAS: Americar|
AAT: Anglo-Au
AGB: Asymptig
AGN: Active G
AGU: America
Albeda: Refleg
ALOT: Adaptiv

AMSD: Advan

AD: Anncunce

i jovit s g lessasy bized (1 of 19/ 162006 T:46:34 AN

The Ramies Wk Space Teleadops

Constellation: A group of stars that, from the vaniage point of Earth, appear to make a shape. They are often named
afier mythological characiers, peogle. animals. and things.

Convection: & fransfer of heat ensrgy by circulation through a gas or ligud
Corona: The Sun's cuter atmosphers

Coronagraph: An instrument used to block out the bright Bght from the sun or other stars 5o $hat nearby faint chjects
are visinde

Cosmology: The study of the crigin, evolution and struziurs of the universs (the cosmos).
COSPAR: Committes on Space Research

COSTAR: Comective Optics Space Telescope &xal Replacement (HET)

COTS: Commercal Cff-The-Shelf

CPI: Continuous Process Improvement

Crater: & round irmpression left in 2 planet or satelite from 3 metecroid colsion.
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UCAR. Staff Notas: FLAPER work meaches pivezl stags

UCAR  NCAR & UOP i | wous, "anr't.wmm.s|ﬁruns||um|

Universily Corpoalivn Ton Almeepdeic Research

y—r— staff notes

» Past |ssues ok
"Throughout this dEEE{dE we'll be seeing much more detailed images of the Sun from a
] " Bruce says =sheuld be a big part of this research picture.”

= Favorte Photos Febru

g Lommunicaticns
Horme

New insights into magnetic fields
»UCAR Horme

*Search Learning more about the Sun has long been a high scientific prionty. The Sun is théwai

NCAK scientists and engineers, workingwi source of light and energy for life on Earth and the principal driver of atmospheric motieq.

v o shead with plans to buld a powerf g5+ disruptions, such as coronal mass ejections, have profound impacts on our upper

e atmeosphere by a balloon. ; ) o S
atmosphere, touching off geomagnetic storms that affect sensitive communications and

other svstems on Earth. But scientists need specialized instruments to examine the Sun in

detail, and they remain uncertamn about the causes of solar vanability and disruptions.

The primary goal of the Sunrize project 1s to wvestigate the structure and dynamics of the
Sun's magnefic field. The magnetic field fuels solar activity and causes variations i
radiation, which may be a significant factor in long-term changes in our climate.

(39,600 meters} Its advanced mstmumentation will provide high Iesnlutlcl-u ima ges Cl-f the
Sun's outer surface, or photosphere, enabling scientists to get unprecedented views of

small-scale magnetic fields that drive solar varability and profoundly affiect Earth's
atmosphere.

nalization in Noisy, Dynamic,
rironments

The intemational team expects to launch the telescope m late 2007. If the mstrument can




Magnetohydrodynamics

From Wikipedia, the free encyclopedia
Jump to: navigation, search

Magnetohydrodynamics (MHD) (magnetofluiddynamics or ivdromagnetics) 1s the academic discipline
which studies the dyvnamics of electrically conducting fluids. Examples of such fluids incl
liguid metals, and salt water. The word magnetoliydrodynamics (MHD) 15 deriv
meaning magnetic field, and Aydro- meaning flud, and -dynamics megmg movement. The field of

MHD was initiated by Hannes .":".\.If‘-.'éil:ll: for which he receivedthe Nobel Prize in 1970,

The set of equations which describe MHD are a copaBination of the Navier-5Stokes equations of flud
dynamics and Maxwell's equations of electroma@netism. These differential equations have to be solved
simultaneously. This is too complex or impeésible to do symbolically in most cases, but there are
important classes of analytical solutions {Tor example, the Solov'ev equilibria). For real-world problems
in complex geometries, pumeric solutibns are found using computers. Because MHD is a fTuid theory, it
cannot treat finetic phenomena, i.e /those in which the existence of discrete particles. or of a non-
thermal distribution of their velocfuies, 1s important.

Astrophysics edit
Contents

MHD applies quite well to astrophysies since over 99% of the matter content of the Universe is made up
lhide

of plasma, including stars, the interplanetary medium (space between the planets), the mterstellar

+ 1 Ideal and Resistive MED medium (space between the stars), nebulae and jets. Many astrophysical systems are not in local thermal

- 1.1 Ideal MHD Equations equilibrium, and therefore require an additional kinematic treatment to describe all the phenomena
o 1.2 Appu.:am%i'n- of Idezl MHD to plasmas within the system (see Astrophysical plasma).

o 1.3 The importance of resistivity
s 1.4 The ﬂnunrt\ance of kinetic effects.
o 2 Stmctures in MHD swstems
o 3 Extensions to ma gnerc}hvdmd'ummics
o 3.1 Resistive MHD the poles of the Sun, an MHD phenomenon due to the Parker spiral shape assumed by the extended
o 3.2 Extended MHD magnetic field of the Sun.
o 3.3 Two-Fluid MHD
- 3.4 Hall MHD
« 4 Applications

Sunspots are caused by the Sun's magnetic fields, as Joseph Larmor theorized in 1919, The solar wind is

also governed by MHD. The differential solar rotation may be the long term effect of magnetic drag at

Previously, theories deseribing the creation of the Sun and planets could not explain how the Sun has

Nasraoui: We age Mining & Personalization in Noisy, D
an lguous Environments




SPARTAN 201-3: The Corona

The Corona

At the center of our solar system there 15 a magnetic variable star, our Sun, which drives every cubic
centimeter of interplanetary space. The upper atmosphere of the Sun, the solar corona extends from the
visible disk of the Sun outward, evenmally enveloping the earth. The earth, our home planet. is located
at a distance of about 200 solar radii from the visible surface of the Sun. The dimension of a solar radius
15 roughly 700,000 km, approximately twice the distance from the earth to the Moon, and the solar
radius is a convenient scale for discussing the solar corona, and the heliosphere. the extension of the
solar atmosphere into interplanetary and interstellar space. Astronomers feel comfortable using the solar
radius as a measure of length when discussing the corona. the interplanetary medium, and the sizes of
other stars.

Click image for full-size GIF

Total solar eclipse images of 1980 February (above) and 1988 March (below) taken from sites located in
India (1980) and the Philippines (1988) by expeditions from the High Altitude Observatory of Boulder,
Colorado. Note that the 1980 image, taken near the maximum of the solar activity cyele shows many
streamers located at all azimuths around the occulted disk of the Sun. Taken later in the cycle, about a
vear past the minfmum, the 1988 image shows several large (bottle-shaped) helmet sireamers which are
restricted to latitudes between N45 and S45. The helmet streamers, which are large scale, dense
structures, have measured lifetimes from less than one to more than several solar rotations.

A special telescope, known as the White Light Coronal Camera, was used for both of these observations.
Half of the diameter of the dark cenfral image of the moon is equal to a distance of one solar radius.

ynamic,




1298 Eclipse: Enhanced POISERE Image

1998 Eclipse: Enhanced POISE98 Image

! Enhanced, calibrated "Intensity” image of the solar corona made at

_ the total solar eclipse on 26 February 1998 i Curacao, Netherlands
% Antilles, with the HAO Polarimetric Instrument for the Solar Eclipse
St s 1998 (POISESS). This image shows both the plumes at the solar

poles and the coronal streamers nearer the Sun's equator at onset of
Solar Cyele 23,

The POISE has an aperture of 80 mm, an effective focal length of 1000 mm, and a field of view
of §.536.5 solar radii on a Loral CCD with 203432034 pixels. The pixel size 1s 3.1X3.1 arc
seconds. The spectral band of the image 15 set by an Andover filter with a central wavelength of
620 nim and a bandwidth of 10 nm. The CCD camera is a Pixel Vision Spectra Video camera
with 16 bit digitization, an electron well depth of 95,000 electrons, and a read noise 20 electrons.
The polarization analyzer contains fixed linear and quarter wave polarizers together with a
Meadowlark Optics liquid crystal variable retarder. This image is a calibrated "intensity"
composite of a series of 0.23, 1.0 and 4 second exposures.

The POISESS images can be processed numerically to remove the radial gradient due to the rapid
outward decrease in the coronal density. This numerical "flattening’ replaces the radially graded
optical filter used in the photographic Newlkirk camera which was used in previous HAO eclipse
expeditions.

Specifically, the processing involved to produce this image was: dividing a -5 filtered, 2-D
sobel filtered image, by a r*-3 filtered image. This results in great edge enhancements and
discernibility of fine structure in the data.
Such fine details improve understanding of a fundamental solar physics question:

"Why is the solar corona so hot, and how does it get that way?"
Iz is known that most of the heating occurs very close to the solar limb, that is, very low in the

OF . . . . .
i lo, corona. And, is only at eclipses where one can observe the corona in this region.
e Inc,

The HAD expedition team for the "985 eclipse is Alice Lecinski, Kim Streander, David Elmore,

I = T T = T e T e O T



Web Usage
Mining:
- Ambiguity:
- Implicit
Semantics:
- Explicit
Semantics:
- What is effect of
generalization /

URL
compression?

- Noise: Effect of
post-
processing:

- Robust profiles

- Frequency

averaging

- Detecting and
characterizing
evolution in
dynamic
environments

- Recommender
Systems in
dynamic
environments

- Recommender
Implementation

- Mining
Conceptual
Web
Clickstreams

Conceptual User Session Modeling (w/ lead
author: Dr. Hyolil Han, Drexel Univ.)

_ Domain-Specific Legend:
SEssion ek Content Data Concepts from Lc: A list of domain specific
Wikipedia concepts.
Lcr: A refined list of domain
Le specific concepts
T Concept
erm Selection by
Extraction URL text —> disambiguation 4— WordNet
approaches
‘ ¢ Lcr
Initial - c - Semantically
Term based P er'\rAn- oncep p  Enhanced
User Model apping User Model
(IT-UM) (SE-UM)
WordNet

P. Achananuparp, H. Han, O. Nasraoui and R. Johnson, Semantically Enhanced User
Modeling, ACM SAC 2007,
also in Tech. report No IST TR-06-1, Drexel University, September 2006.




Windows to the Universe: http://www.windows.ucar.edu
(education & outreach website for NASA, NCAR, and other
research agencies/groups)

P. Achananuparp, H. Han, O. Nasraoui and R. Johnson, Semantically Enhanced User
Modeling, ACM SAC 2007.
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http://www.windows.ucar.edu/

Use Wikipedia categories to get large set of Concept terms
(specific to physics, astronomy, earth science, etc)

Aberration
Accretion
Albedo
Altitude
Andromeda
Antimatter
Aphelion
Apogee
Apoapsis
Aquatic Mammal
Asteroid
Astrobiology
Astrometry
Astronaut
Astronomer
Astronomy
Astrophysics
Atmosphere
Aurora

Big Bang
Biosphere
Black hole
Blizzard
Bursters
Cenozoic
Ceres
Chemical Element
Chinese Deity
Chromosphere
Coma

Comet
Constellation
Corona
Coronagraph
Craters
Crustacean
Cryosphere
Culmination

Dark Matter
Desert

Diety
Doppler Effect
Doppler Shift
Earth

Earth's crust
Eclipse
Ecology
Ecosystem
Epoch
Equinox
Eruption
Evolution
Facula
Filament
Fireball

Flare
Forecast
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Use URLSs to prune Wikipedia concepts to those that are
relevant to user sessions context (in the usage logs)

Accretion
Astronaut
Atmosphere
Aurora
Biosphere
Black hole
Crustacean
Culmination
Earth
Eclipse
Epoch
Eruption

Fossil
Fusion
Geosphere
Granulation
Halo
Heliosphere
Ionosphere
Island
Jupiter
Light
Lithosphere

Mars
Mercury
Mineral
Moon
Occultation
Phase
Planet
Polarization
Rain Forest
Satellite
Scientist
Star
Weather
Zodiac
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Map user sessions =» term sets (content), =>
concept sessions

Find most semantically
related concept for each

45%

term 0%

— either the exactly matched

concept 33% 1

— O a more general concept.

Use the concept hierarchy in
WordNet's taxonomy
— calculate a path-based

measure between term-
concept pairs

Precision/Recall (Percentage)

— IF Sim < threshold Then 10% |
unrelated
Evaluation: Compare 5% -

automatically extracted
concepts in 100 sessions
with those assigned by
Human evaluator (ground
truth) using prevision/recall

0%

30%

25%

20% -

15%

— o —

—

20%

25%

30%

35% 40%

Semantic Threshold (Percentage)

M ean Precision
M ean Recall

= = Adjusted M ean Precision
Adjusted M ean Recall

P. Achananuparp, H. Han, O. Nasraoui and R. Johnson, Semantically Enhanced User

Modeling, ACM SAC 2007.
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Summary of Talk: Challenges & Proposed
Solutions in Web Usage Mining & Personalization

 Mining Web Clickstreams = User Profiles / User Models

— Semantics for disambiguation:
 Implicitly derived (e.g. from website hierarchy)
« Explicit (e.g. from related Databases that describe a hierarchy of the
items/web pages)
« Content semantics =» Conceptual user model
* Noise = Robust profiles
— Scalability: how to scale to massive data streams?

* need to process data in one pass to mine continuously evolving user profiles
+ work under very stringent constraints

— Evolution: Track profiles over periods, Define profile evolution events

« Recommender Systems (that use the user profiles/models

discovered above)
— Evolution: Validate continuously mined evolving user profiles against
evolution scenarios?

— Implementation: fast, easy, scalable, cheap, free (use existing open

source indexing+ search engine software)
Nasraoui: Web Usage Mining & Personalization in Noisy, Dynamic,
and Ambiguous Environments
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