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‘The Semantic Web 2]

B An extension of the Web

J Ontologies used to annotate the current
Information on the Web

JRDF and OWL are the current W3C standard for
metadata representation on the Semantic Web
B Allow machines to interpret the content on
the Web Iin a more automated and efficient
Mmanner

SSSSS

6/8,/2004 X%



Semantic Web Technology Evaluation
Ontology (SWETO)

M Large scale test-bed ontology containing
Instances extracted from heterogeneous Web
sources

B Developed using Semagix Freedom?

J Created ontology within Freedom

1 Use extractors to extract knowledge and annotate
with respect to the ontology
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‘ SWETO - Statistics

B Covers various domains
J CS publications, geographic locations, terrorism,
etc.

M Version 1.4 includes over 800,000 entities
and over 1,500,000 explicit relationships
among them
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‘ SWETO Schema - Visualization

‘@ SWETO (v1.4) Visualization - Microsoft Internet Explorer
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| Semantic Associations 1]

B Mechanisms for querying about and

retrieving complex relationships between
entities

1. Aisrelated to B by x.y.z

X v 2. Aisrelated to C by
. X.y.z’
A = : N
Z!

ii. u.v (undirected path)

A

3. Ais “related similarly” to B
5 asitistoC
N Vv : (Ycyandz cz 2> x.y.z=Xx.y’.zZ")
(/ So are B and C related?
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' Semantic Connectivity Example

“Chris”

fame Semantically Connected

“The University
of Georgia”

f‘Halaschek’

“LSDIS Lab”
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‘ Motivation

B Query between “Hubwoo [Company]” and
“SONERI [Bank]” results in 1,160
associations

B Cannot expect users to sift through resulting
associations

B Results must be presented to users in a
relevant fashion...need ranking
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‘ Observations

B Ranking associations is inherently different
from ranking documents

 Sequence of complex relationships between
entities in the metadata from multiple
heterogeneous documents

1 No one way to measure relevance of associations

B Need a flexible, query dependant approach to
relevantly rank the resulting associations
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‘ Ranking — Overview

B Define association rank as a function of several
ranking criteria

B Two Categories:

J Semantic — based on semantics provided by ontology
B Context
B Subsumption
B Trust
] Statistical — based on statistical information from ontology,
Instances and associations
B Rarity
B Popularity
B Association Length
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‘ Context: What, Why, How?

B Context captures the users’ interest to
provide them with the relevant knowledge
within numerous relationships between the
entities

M Context => Relevance; Reduction in
computation space

M By defining regions (or sub-graphs) of the
ontology

6/8/2004
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‘ Context Specification

B Topographic approach

1 Regions capture user’s interest

B Region is a subset of classes (entities) and properties
of an ontology

J User can define multiple regions of interest
B Each region has a relevance weight
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‘ Context: Example

has Accoun S
e3:0Organization QURE

works For,
member Of

es5:Person
ember Of

friend ®f

e1:Person

located |

eg:Location
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‘ Context Issues

M |ssues

L Associations can pass through numerous regions
of interest

L Large and/or small portions of associations can
pass through these regions

M Associations outside context regions rank
lower
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‘ Context Weight Formula

B Refer to the entities and relationships in an association generically as
the components in the associations

B We define the following sets, note ¢ € R; is used for determining
whether the type of c (rdf:type) belongs to context region R;:

X.={c|ceR Ace A}
Z={c|(Vi|l<i<n)cegR AcCe A}

where n is the number of regions A passes through

[ X is the set of components of A in the it region
[ Z is the set of components of A not in any contextual region
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‘ Context Weight Formula

B Define the Context weight of a given association A, C,,
such that

|Z]

Ca = Iength(A) ((Z(W X D= )

n is the number of regions A passes through

dlength(A) is the number of components in the
association

X is the set of components of A in the i" region

1Z Is the set of components of A not in any contextual
region
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‘ Subsumption

M Specialized instances are
considered more relevant

B More “specific” relations
convey more meaning

Ranked H. Dean member Of  pemocratic
Higher ' Party
Ranked member Of

Lower H. Dean
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‘ Subsumption Weight Formula

B Define the component subsumption weight (csw) of the ith
component, ¢;, in an association A such that
H

G
CSWi =

height

d H_ is the position of component ¢; in hierarchy H

 Hyeigne IS the total height of the class/property hierarchy of the
current branch

B Define the overall Subsumption weight of an association A as

1 length(A)

— CSW.
Sa= length(A) Z;‘ |

 length(A) is the number of components in A
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‘ Trust

M Entities and relationships originate from
differently trusted sources
J Assign trust values depending on the source
Je.qg., Reuters could be more trusted than some of
the other news sources

B Adopt the following intuition

1 The strength of an association is only as strong as
Its weakest link

B Trust weight of an association is the value of its least
trustworthy component
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‘ Trust Weight Formula

B et tci represent the component trust weight of the
component, ¢, in an association, A

® Define the Trust weight of an overall association A
as

T,= min(t; )
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‘ Rarity

B Many relationships and entities of the same
type (rdf:type) will exist
B Two viewpoints

 Rarely occurring associations can be considered
more interesting
B Imply uniqueness

B Adopted from [3] where rarity is used in data mining
relational databases

 Consider rare infrequently occurring relationship more
Interesting

SSSSS

6/8,/2004 X%



‘ Rarity

B Alternate viewpoint

Interested in associations that are frequently
occurring (common)

B e.g., money laundering...often individuals engage in
normal looking, common case transactions as to avoid
detection

B User should determine which Rarity
preference to use
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‘ Rarity Weight Formula

® Define the component rarity of the i'" component, c, in A as

rar; such that
M [=|N|
rarn= " |m . where

M ={res|res e K} (all instances and relationships in K), and

N ={res; |res; e K Atype(res;) =type(c;)}

J With the restriction that in the case res; and c; are both of type

rdf:Property, the subject and object of c; and res; must be of the same
rdf:type

B rar, captures the frequency of occurrence of the rdf:type of
component c;, with respect to the entire knowledge-base

(7 N
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‘ Rarity Weight Formula

B Define the overall Rarity weight, R, of an association, A, as a
function of all the components in A, such that

1 length(A)
aR, = X rar,
(2) R, length(A) ,221:

length(A)
(O)Ry= 1~ 1 rar,

X
length(A) ‘3
O where length(A) is the number of components in A
O rar; is component rarity of the i'" component in A

B To favor rare associations, (a) is used
B To favor more common associations (b) is used
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6/8/2004 & 2/



‘ Popularity

B Some entities have more incoming and
outgoing relationships than others

JView this as the Popularity of an entity

M Entities with high popularity can be thought of
as hotspots

® Two viewpoints
 Favor associations with popular entities
J Favor unpopular associations
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‘ Popularity

B Favor popular associations

J EX. interested in the way two authors were related
through co-authorship relations
B Associations which pass through highly cited (popular)

authors may be more relevant
M Alternate viewpoint...rank popular

associations lower

 Entities of type ‘Country’ have an extremely high
number of incoming and outgoing relationships

B Convey little information when querying for the way to
persons are associated through geographic locations
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‘ Popularity Weight Formula

B Define the entity popularity, p,, of the it" entity, e,, in
association A as
| pop,, |
max(| pop, )

1<j<n

p = where  typeOf (e;) = typeOf (g;)

- nis the total number of entities in the knowledge-base
d Pop is the set of incoming and outgoing relationships of e,

0 max( pop, ) represents the size of the largest such set among all
entities in the knowledge-base of the same class as e,

B p, captures the Popularity of e;, with respect to the most
popular entity of its same rdf:.type in the knowledge-base
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‘ Popularity Weight Formula

B Define the overall Popularity weight, P, of an association A,
such that

1 n
(@ Py= =X P

[

_ 1
(b)P,=1- 1 |
A an_l) P

. where n is the number of entities (nodes) in A
O p; is the entity popularity of the it" entity in A

B To favor popular associations, (a) is used

B To favor less popular associations (b) is used
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‘ Association Length

® Two viewpoints

J Interest in more direct associations (i.e., shorter
associations)
B May infer a stronger relationship between two entities

Interest in hidden, indirect, or discrete
associations (i.e., longer associations)
B Terrorist cells are often hidden

B Money laundering involves deliberate innocuous looking
transactions
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‘ Association Length Weight

B Define the Association Length weight, L, of an association A
as

1

. where length(A) is the number of components in the A
B To favor shorter associations, (a) is used, again
B To favor longer associations (b) is used
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‘ Overall Ranking Criterion

B Overall Association Rank of a Semantic Association
IS a linear function

k, x Context +
K, X Subsumption +

Ranking = kyxTrust +
Score k, x Rarity +
ks X Popularity +
Kg X Association Length
J where k; adds up to 1.0

® Allows a flexible ranking criteria
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System Implementation
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‘ System Implementation

B Native main memory data structures for
Interaction with RDF graph

B Naive depth-first search algorithm for
discovering Semantic Associations
B SWETO (subset) has been used for data set

J Approximately 50,000 entities and 125,000
relationships

B SemDIS prototype?, including ranking, is
accessible through Web interface
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‘ Ranking Configuration

M User is provided with a Web interface that
gives her/him the ability to customize the
ranking criteria

B Use a modified version of TouchGraph® to
define the query context

J A Java applet for the visual interaction with a
graph
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Context Specification Interface

2 VLDB 2004 Ranking Demo - Microsoft Internet Explorer |'__||E|g|
File Edit Wiew Favorites Tools  Help ﬂ'
Addressi http: /flsdis.cs.Uga.edu/Projects/SemDis/rankingDemo.php v Go |Lirks ™

| <<<Back [Zoom | [4] [+
fs:suhElassDnR\ ’f =

— ",

ACM Subject Descriptors

Bl ) //ﬁuhtlassﬂf
" <ocurredin Airport

e g gl 3t D i cthpadpcaedin ot

| -
] T

rdfs:subClassOFf
dFs:subClassOF cresponsible for dfs:subClassOF Fs:subClassOF

- Led with
m‘j : 1 Expand Node SN 1 ] ication C1

Hide Hode
Select Node

ass

B

AM;E;DF

|4I | [

@ Applet com. touchgraph. inkbrowser LinkBrowser Applet started E_;! My Complter

[4]

6/8/2004



‘ Ranking Configuration Intertace
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‘ Ranking Module

M Java implementation of the ranking approach

B Unranked associations are traversed and
ranked according to the ranking criteria
defined by the user

B Ranking Is decomposed into finding the
context, subsumption, trust, rarity, and
popularity rank of all entities in each
association

SSSSS
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‘ Ranking Module

B Context, subsumption, trust, and rarity ranks
of each relationship are found during the
traversal as well

JWhen the RDF data Is parsed, rarity, popularity,
trust, and subsumption statistics of both entities
and relationships are maintained

 Finding the context rank consists of checking
which context regions, if any, each entity or
relationship in each association belongs to
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‘ Ranked Results Interface
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‘ Ranking Evaluation

B Evaluation metrics such as precision and
recall do not accurately measure the ranking
approach

B Used a panel of five human subjects for
evaluation

 Due to the various ways to interpret associations

SSSSS

6/8,/2004 % 2/



‘ Ranking Evaluation

W Evaluation process

] Subjects given randomly sorted results from different
gueries
B each consisting of approximately 50 results

] Provided subjects with the ranking criteria for each query

® i.e., context, whether to favor short/long, rare/common
associations, etc.

] Provided type(s) of the components in the associations
B To measure context relevance

] Subjects ranked the associations based on this modeled
Interest and emphasized criterion
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‘ Ranking Evaluation (1)

Intersection of System and Human

Ranked Results

Intersection of Human and System Rankings

45
40 -

w
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Top k Human Ranked Semantic
Associations

——Query 1
—a— Query 2
—— Query 3
—— Query 4
—— Query 5

—— ldeal Rank
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‘ Ranking Evaluation (2)

B Average distance of system
rank from that given by
subjects

] Based on relative order

Distance Value

Average Distance from Human Subject Rank

1 2 3 4 5

Query Number

6/8/2004
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‘ Conclusions

B Defined a flexible, query dependant approach
to relevantly rank Semantic Association query
results

B Presented a prototype implementation of the
ranking approach

B Empirically evaluated the ranking scheme

J Found that our proposed approach is able to
capture the user’s interest and rank results in a
relevant fashion
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‘ Future Work

B ‘Ranking-on-the-Fly’

[ Ranks can be assigned to associations as the algorithm is
traversing them

B Possible performance improvements

® Use of the ranking scheme for the Semantic

Association discovery algorithms (scalability in very
large data sets)

J Utilize context to guide the depth-first search

] Associations that fall below a predetermined minimal rank
could be discarded

B Additional work on context specification

B Develop ranking metrics for Semantic Similarity
Associations

(7 N\
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