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The World Wide Web (WWW), which was invented by Sir Tim Berners-Lee in 1989,
has become indispensable in our life. The Web makes business and our daily life
much easier. In 1998, Tim proposed a roadmap for the so-called Semantic Web. In
2001, W3C started the Semantic Web Activity. Five years later, Tim and his
colleagues called for creating a science of the Web.

Since 2002, our group has been researching on the Semantic Web technologies,
together with the research community. In November 2009, we founded the Web
Software Research Group (Websoft) at the Department of Computer Science and
Technology, Nanjing University. Our research interests include Semantic Web, Web
science and novel software technology for the Web and big data. Our missions are to
conduct cutting-edge research on novel Web softwares and to make the vision of
Semantic Web become reality.

We are always looking for highly-motivated and hard-working students who would
like to contribute to the Web! Scholarship is ready. Interested students are welcome
to email us for further details.
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Outline

® Introduction to Semantic Web and entity linkage
m A bootstrapping approach to entity linkage
= Link analysis of biomedical linked data

= (Two applications)



Semantic Web

= Semantic Web was a thought from Tim Berners-Lee

= Give formal meanings to Web information — semantics
o Web 1.0 (page) 2 Web 2.0 (social) > Web 3.0 (a web of data)
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RDF (Resource Description Framework)

http://en.wikipedia.org /wiki/Alan Kay
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Linked data

m As arealization of Semantic Web

o Linked Data refers to a collection of interrelated datasets

m Used for large-scale integration of, reasoning on, data on the Web

= Linked data principles

1.

2.

3.

Use URIs to name things UN
Use HTTP URIs (can be "dereferenced") KED

Provide useful informationusingthe ¥y
open Web standards (e.g. RDF) i R

Include links to otherrelated things ISYOU

 RDF standards

On the web GFE> ,
Machine—read% |
Non-proprietary

Linked RDF :
R DATA 57/
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Knowledge graph

Knowledge Graph is a knowledge
base used by Google to enhance
its search engine’s search results
with semantic search information
gathered from a wide variety of
sources

o Nodes: entities or concepts

o Edges: attributes orrelations
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Entity linkage

m Semantic Web datareach a scale in billions of entities

=  Manydifferent entities refer to the same real-world thing

o  Typically denoted by URIs, from distributed data sources
= e.g.Wei Hu

O  http://data.semanticweb.org/person/wei-hu

http://ws.nju.edu.cn/people/whu

(@)
O  http://ontoworld.org/wiki/Special:URIResolver/Wei Hu
@)

m  Entitylinkage: link different entities that refer to the same object

o a.k.a. coreference resolution, entity matching ...

O  Out of 31B RDF statements, less than 500M are links across sources



Outline

= Introductionto Semantic Web and entity linkage
m A bootstrapping approach to entity linkage
= Link analysis of biomedical linked data

= (Two applications)
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Background

= In LOD, millions of entities have already been linked
O  However, potential candidates are still numerous
m Currentsolutions

1. Equivalencereasoning

v owl:sameAs, inverse functional properties ...

v At present, probably miss many potential candidates
2. Similarity computation (alsoin the database area)

v Compare properties and values of entities

¢ Inaccurate (heterogeneity), less scalable (pairwise comparison)
3. Toimprove, machine learning

¢ Time-consuming, labor-intensive to build a large-scale training set

11



Definition

How to combine? Our solution: bootstrapping

Query-driven entity linkage

Definition 1. Let U be the set of entities in a set D of data sources. Given an
entity » € U, the entity linkage for u is to query a subset E(u) C U of entities
for which a relation € holds:

E(u)={veU| (u,v) € £}
where € links all the entities in U that refer to the same object as u does, i.e.

are coreferent with u.

Use scenarios
1. Search / browsing — a system knows “what to link” only at query time

2. Analyze small portions of a very large dataset to answer on-demand queries

12



Our contribution

- Automatlcally infer semantically coreferent
. entities based on OWL/SKOS semantics

_______ - e 210 O o) Output: a set v
el N ~ — g — 7 of coreferent
TR H - ~ ; entities
| Input L. Input: © =, :
bomme- < an entity =7 Build a kernel "
O o - Labeled entities
(Initialize training set) .
FosmTTTT Ty ¢ D
Some properties | @ v Q
to use together 3\ requen ‘ property-value pairs RS,
_________________ ==X property o qa ¢ fS
\ combinations ), | Q
N I N
_________ | : A
External knowledge- 1/ Unresolved entities / I, \\
,/

I Assumptions: (1) coreferent entities share some

i similar property-value pairs; (2) a few property-value

i_pairs are more important for linking entities
___________________________________________________ 1

Wei Hu, Cunxin Jia. A Bootstrapping Approach to Entity Linkage on the Semantic Web. J. Web Semantics, 2015 13



Running example

geo:1799962 geo:lat “32N”

(GeoNames) geo:long “118 E”
geo:alternateName “Nanjing”

“Nan-ching”

ex:NationalCity

«“ 117 W ” x
«“ 32 N ”

geo:long
geo:lat

Wei Hu, Cunxin Jia. A Bootstrapping Approach to Entity Linkage on the Semantic Web. J. Web Semantics, 2015
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Experiment

m Dataset

o Billion Triples Challenge (BTC) 2011

m Testingentities

O  Top-50in 364 thousand query logs

People
Tech terms

Universities

Publications

15
8
4
2

Places
Music / movies
Companies

others

10
5
3
3

m Evaluation procedure and metrics

Entities > 100 million
RDF stat. > 2 billlion
Same-as stat. 3,446,029
IFP stat. 1,799,976
FP stat. 2,279,474
Exact-match stat. 22,398
Cardinality stat. 148
Has-key stat. 2
Different-from stat. 691
All-different stat. 89

o 30 graduates, 2 judges + 1 arbitrator / link, Fleiss’s k = 0.8 (sufficient agree)

O  Precision & relative recall (RR)

= RR=correctlinks in one system / total correct unique links in all systems

15



Experiment

m Bootstrappingcurve

o  Maximum iteration =4

= Linkage accuracy

L . 02 | {FAverage precision
O  Discriminability threshold =0.05 -& Average relative recall
0
Kernel 1 2 3 4 5 6 7 8 9
Iterations
B ObjectCoref Bsameas.org Bindexing + similarity
BKemel Bwloneg. &FPC DMw/o FPC ®Bwloneg. MObjectCoref
O Name expansion B Class-based leaming
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(a) Different components

®  Runningtimeon 5,000 samples: avg.
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Precision Relative recall

(b) ObjectCoref vs. others

11.3 links in 12.6s
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Outline

= Introductionto Semantic Web and entity linkage
m A bootstrapping approach to entity linkage
m Link analysis of biomedical linked data

= (Two applications)
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Background

Network analysis has longbeen used to study link structures

O

©)

Network medicine: cellular networks and implications

The “bow tie” structure of the Web

Linked data for the life sciences

©)

e.g. Bio2RDF, Chem2Bio2RDF,
Neurocommons, W3C LODD

n Millions of links over hundreds

of datasets in overlap

Network analysis can help

= understand structures to express data
= facilitate large-scale data integration

= improve overall quality of biomedical data

~——— Disconnected components

No such analysis yet!
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Preliminaries

Number of nodes with k links

Graph: nodesand edges

o  (outgoing /incoming) degree

= Sink, source, isolated node

Power Law Distribution

¢ |
I ! Very many nodes

» ‘*_‘,.----;7 " with only a few links
™
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Number of links (k)

Power law distribution
o plr)xz™@

o  Scale-free

Weakly connected component

o  Size: number of nodes

Average distance }
Clustering coefficient

- Small-world phenomenon
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Our contribution

m  We conduct an empirical link analysis of Bio2RDF

O  Bio2RDF is an open source project that uses Semantic Web technologies to
build and provide the largest network of life science Linked Data
= Ensure the significance of our empirical study
1. Dataset link analysis (using RDF data model)
2. Entity link analysis (using a special kind of cross-references)
3. Term link analysis (using ontology matching)
m  For each perspective, we investigate the graph features of Bio2RDF vis-a-vis
what has been previously reported
= Symmetry and transitivity of entity links

= Benchmarkto evaluate entity matching approaches

Wei Hu, Honglei Qiu, Michel Dumontier. Link Analysis of Life Science Linked Data. ISWC, 2015
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What is the status of Bio2RDF?

35 datasets, 11B RDF triples
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2 BTC2010

Entity link analysis

number of nodes

1e+02
I

How well do entities link to each other?

00

m  76% entity links from a special kind of RDF triples Coose me e e
O e.g. <kegg:D03455, kegg:x-drugbank, drugbank:DB0O0002>

o  x-relations have under-specified semantics

=  Referto arelatedresource, e.g. article

m  Trulyidentical 10° . T omterd] 10 o
m  Degree distribution % %% %: o DU%E
O  Three types of entities in é N %’ go; D %ﬁ
OMIM, NCBI, KEGG N . * =) T
o Do not follow power law —**““*“‘““f"m‘%”‘““ o E:"F =
Outgoing degrees Incoming degrees

=  Exponent is too large (close to 5), p-values is too small (close to 0)

22



Symmetry and transitivity

Forward Backward Reciprocal Malposed Missing Total

= Symmetry

o  Borrow <

and reverse

o Different classes /

=  Phenotype

vs. Disorder

=  Transitivity

o  Weak intermediate

o  Modeling divergence

n Even hard to human

DrugBank KEGG 1,280 2,155 1,064 i85 005 3,444
DrugBank— PharmGKB 1,624 1,619 3,210 4 20 3,243
OMIM—HGNC 14,274 14,423 28,514 6 177 28,697
OMIM—Orphanet 6,137 2,600 4,464 2,523 1,750 8,737
DrugBank KEGG KEGG
(7,678) (30,680) (1,322)
OMIM
~_2,916
~ 1,624 < 24,208 Sl (5825)
“N._ PharmGKB " HGNG
‘s(3,1 23) ‘s\ 41,789) 37=
1,289 14,276 &’ 657 ’
I’ I,
’I 962 214 423 "’d Orphanet
(6,930)
KEGG MeSH
(10,082) (14,609) (27,149)
(a) Drugs (b) Human genes (c) Diseases
Direct Transitive Identical Different Missing Missing Total
links  paths ending entities  direct transitive ora
Drugs 1,289 954 946 6 2 343 1,297
Human genes 14,276 14,250 14,236 5 9 40 14,290
Diseases 657 33 8 18 7 649 682

23




Discussion of findings

= Entity link graph does not share the same characteristics with the Hypertext /
Semantic Web
® Degree distribution does not follow power law

= A dominated part of entities have been linked using x-relations, but their
intended semantics differs
® Classes are identical or equivalent = entity links represent logical equivalence

m  Symmetric and transitive entity links exist, but their effectiveness is weakened
due to the small number
® Meanings of entity links may shift during transitive

® KEGG, DrugBank and OMIM are the most prominent knowledge bases

24



Applications: BioSearch

= Keyword search is the most popular paradigm forinformation retrieval

o  Keywords can be ambiguous and have multiple meanings

=  Semantic search aims toimprove search accuracy by understanding user intent

and search context g
. p: Semantic query input | :
O  Heterogeneity between local schemas

7| Faceted filtering | =\| Entity browsing |

= Oursolution browserside _ _ _ semanteqven /.
server side o« Semanticscience
1. Semantic query + faceted filtering 33§?§°3r¥;31??.?g Kmtei::: Ontology
= Not only plain keywords but also semantic tags sparar queries B mappings
>, Onto-based query answering matehing

SDrRUGBANK g
=4 { PharmGKs O’Mb M
7 Borphane:
sl (384 Interpro  Gene

O  Result: effectiveness +22.4%, usability +28.8% U22RDF —evemarrescurces

= Rewrite queries from SIO to local schemas

3. Entity browsing

http://ws.nju.edu.cn/biosearch/ 25



Applications: Clinga

m  Chinese geographical dataissmall scale, e.g. 4.6% in GeoNames

m  Chineselinked geographical dataset (Clinga)

1. Extract data from the largest

Chinese wiki encyclopedia

2. Design a geo-ontology to classify
geographical entity types
3. Automatic discovery of links to

existing knowledge bases

O  Result: 624K entities, 230K links

m Usescenario

Chbstract > clinga:Al

c:title “W
linga:subtitle i
e @ > linga:abstract
linga:openTag “
structure ontology linga:infoboxIt clil
linga:Al.item_3 clinga:infoboxKey CATEIX AR 5
clinga:infoboxvalue “HiZili” ;
(1) Data acquisition clinga:link clinga:Al.1link_@ ;
linga:Al.link_@ clinga:linkedAnchor Mg ;
clinga:linkingArticle clinga:A2 .

(2) Semantics enrichment ..

*=infobox

catalog

main text

#=am
L)
i
mons

open tags

clinga:Al dc:title “Hist” ; = (map

type clinga:DiJiShi ;
geo:lat  32.041544 ;
geo:long 118.767413 . geopraph

) Linking to existing knowledge bases - geography ontology

clinga:Al dc:title “HiiL” ;
rdf:type clinga:DiJishi ;

" GeoNames

Bai‘é!.fEN

RDF dump file
SPARQL endpoint
Keyword search

Online services

o  Major knowledge base for answering Chinese geographical questions in our

National Higher Education Entrance Examination (called GaoKao)

http://ws.nju.edu.cn/clinga/
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Conclusion

= Entitylinkageis to link different entities that refer to the same real
world object

m Large scale and heterogeneity are challenging existing entity linkage

solutions

m Entitylinkage approaches often involve knowledge representation,
data mining, network analysis, crowdsourcingand many other

techniques

27
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