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‘Ontology Learning from Text: An Overview’, 2003
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Using the Semantic Web for linking and reusing data...

U. Bojars, J. Breslin, A. Finn, and S. Decker. Journal of Web
Semantics 6 (1): 21--28 (2008)

@ 8 years ago by @quesada

W rdf,semanticweb,sioc,socialsoftware,web2.0

Web 3.0: The Dawn of Semantic Search
J. Hendler. Computer 43 (1): 77-80 (2010)

@ a year ago by @asalber
¥  semantic-web ontologies

Search on the Semantic Web
L. Ding, T. Finin, A. Joshi, Y. Peng, R. Pan, and P. Reddivari.
Computer 38 (10): 62-69 (October 2005)

@ 8 years ago by @dominikb1888
W semantweb diplomarbeit search

[en] Semantic:_ﬂeh:|semanticweb| semantic_web

SemanticWeb Semantic Web, RDF etc. semantic+web
semanticWeb fsemanticweb Semantic-Web semantic_ Web
semantic.web |semantic-web] semanticWeb, semantic\\ web,
{SemanticWeb} semanticweb, semantic\\_web Semantic_web
Semanticweb | semantweb| web:semanticweb semantiweb

semanticwe rdf,semanticweb,sioc,socialsoftware,web2.0
semantic_web, {SemanticWeb sematnic+web

[en] Social_Software:Isocialsoftware social_ software

SocialSoftware social.software ...

en] web2.0: Education,Web2.0,Pharmacy Web2.0 "Web2.0"
[ web2.0| weB2.0 web2.0, ...

[en] untologies:lontologiesl Ontologie Ontologies
ontologie ontologies, Ontologies, ...

[en] search: SEARCH 1,search radar;search Searching

sequences,search rocessing;search searching
searches,Library

Dong, H., Wang, W., & Coenen, F. (2017). Deriving Dynamic Knowledge from Academic Social Tagging Data: A
Novel Research Direction. In iConference 2017 Proceedings (pp. 661-666). https://doi.org/10.9776/17313 7
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« ILEZEIWordNet: RM%E’*PI‘%%WM%X - ILEZE)WordNetH (Andrew, Pane &

Zaihrayeu, 2011)
Article E

« DLEZZE|Wikipedia goorabehi, English, Mahdi, 2015)

Automatic mapping of user tags to © e Authort) 2015
Wikipedia concepts: The case of a Q&A el cbpveskireusion

DOk 10 1177016555151 5586665

e [IT @E:EI:IJ [/x D bpe dia y\j EE E/‘] website - StackOverflow e
Linked Open Data Cloud Arash Joorabehi

Drepartment of Electronic and Computer Engineering, Liniversicy of Limerick, Ireland
(Garcia-Silva et al., 2015)

Michael English

Drepartment of Compurer Science and Information Systems, Universicy of Limerick, Ireland

Abdulhussain E. Mahdi 10

Crepartment of Electronic and Computer Engineering, Liniversicy of Limerick, Ireland
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User-assigned tag
pairs [49]

Individual hierarchies

ZF% Relation Learning

To WordNet [47]

[59] Semantic
Mapping

Learning
(hierarchical)
relations

To Linked Data
Open Cloud [1]

Data
Mining

Using

crowdsourced
structured data

Mining tag
pairs [45], [46]

Social Network

Analysis Set Theory Machine
Learning Based on an
Based 6n enriched
user set [35] Hierarchical folksonomy [34]
| Betweenness K-means [3]

centrality [37]

Hierarchical Agglomerative
Clustering using

Deterministic Annealing
| Degree [44]
centrality [26]

Based on
resource set [40]

Based on resource
— set: mutual
overlapping [42]

Binary Classification
[41]

H. Dong, W. Wang and H. N. Liang, "Learning Structured Knowledge from Social Tagging Data: A Critical Review of Methods and Techniques," 2015 /EEE
International Conference on Smart City/SocialCom/SustainCom (SmartCity), Chengdu, 2015, pp. 307-314. 11
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About: Machine learning

An Entity of Type : Concept, from Named Graph : http://dbpedia.org, within Data Space : dbpedia.org

is skos:broader of =

is dct:subject of .

doc:Artificial_neural _networks
dbe:Classification_algorithms
dbc:Data_mining_and_machine_learning_software
dbc:Evolutionary_algorithms
dbc:Machine_learning_researchers
dbc:Kermel_methods_for_machine_leaming
dbc:Artificial_intelligence_conferences
dbc:Ensemble_learning
dbec:Log-linear_models

dor:Darkforest

dor:Supervised_learning

dbr:Mixture_model
dor:Rademacher_complexity
dor:Kernel_embedding_of_distributions
dor:Product_of experts

dor:Deeplearning4j

dor:Google_DeepMind

dor:Adaptive_projected_subgradient_method

DBpedia concept pairs

F1ENLECR 3 7&

21
22
23
24
26
27
28
29
30
31
32
33
34
36
37
38
39
40
41
42

learning to rank <- machine learning
chromosome <- genetic algorithms

schema <- genetic algorithms

pattern recognition <- machine learning
formal concept analysis <— machine learning
semantic_analysis <- machine learning

deep learning <- machine learning
unsupervised learning <- machine learning
mixture model <- cluster analyse

margin <- support vector machines
inheritance <- genetic algorithms

selection <- genetic algorithms

support vector machines <- machine learning
evolutionary algorithms <- machine learning
cluster analyse <- machine learning
bayesian networks <- machine learning
speciation <- evolutionary algorithms
evolvability <- machine learning

stability <- machine learning

schema <- genetic programming

generative model <- machine learning
mixture model <- machine learning

Matched tag concept pairs (positive data)

16
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[1] BB R REAZNITEDNNE
2] EREM P HES D EBRNIEL, T.z.Xi;iijﬁ:;‘zo
[B] IFFZBIHEXRR S %MK p(A|B) 1 p(BJA) <.

N

TABLE
TAG TOPICS LEARNED USING LATENT DIRICHLET ALLOCATION (LDA)
(T'= 600, ALPHA = 50/600, BETA = 0.01)

Topic Most probable 5 tag concepts

62 search web web_search semantic_search social_search
154 cell calcium membrane channel animal

159 language perception speech tone production

231 game game_theory learning theory haifa_games_course
369 child male female cerebral human

‘)'Lyltg .

LN -

EREMUE (> =0.1),

1

05}

05¢

RS BT F AR s

|

100

200

338 486 371 247 274 180 113

300
Machine Learning

400
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100

200

300
Kernel Methods
486 104 3

400

500
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Tag Concepts: form1 form2 form3 ... Using Probabilistic Topic Modelling to

represent each tag conceptasa

/\ distributions of all hidden topics
/\ Users Resources I |

L
Representation for tag concept “Semantic_Web”
Social ® (1) Data Cleaning (2) Data Representation
tagging —
- featl, feat2, ..., feat14 -> |label| Numerical :>
Training data A&B 0.1, 0.23, ..., 0.089 —>| + examples

A<D 0.14, 053, .., 0.034 ->| +
m B&C 0.32, 0.83, ..., 0.074 ->| - Structured Knowledge

v; - C&F  0.35, 0.66, ..., 0.058 -> | - 10fold
"BEG 0.52,7045, .., 0.067 -> | - ol
B EEEEEEEEEEEEEEEEEEEEEEEEEEEE@REEN CrDSS'Valldatlﬂn
Testing data

featl, feat2, ..., featl4 -> |label

For labelling {+, -} @ D&E  0.21, 0.38,.., 0.063 ->| + | Tasting
F&G 0.65, 0.50,.., 0.049 ->| -
(3) Feature Generation (4) Classification and Testing 19
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javascript x 1452483

JavaScript (not to be confused with Java) is a
high-level, dynamic, multi-paradigm, weakly-
typed language used for both client-side and

1060 asked today, 5965 this week

&% android x 1019245

Google's mobile operating system, used for
programming or developing digital devices
(Smartphones, Tablets, Automobiles, TVs,

620 asked today, 3714 this  Tag Info

java * 1300695

Java (not to be confused with JavaScript or
JScript) is a general-purpose object-oriented
programming language designed to be used in

735 asked today, 4115 this week

jquery x 862379

a popular cross-browser JavaScript library that
facilitates DOM (Document Object Model)
traversal, event handling, animations, and

info newest Exf fzatured

C# * 1127026

an object-oriented programming language that
is designed for building a variety of
applications that run on the .NET Framework.

623 asked today, 3072 this week

python x 802134

a dynamic and strongly typed programming
language designed to emphasize usability. Two
similar but mostly incompatible versions of

frequent votes active unanswered 1 y 30 1 ’ U 72

questions tagged

c++ * 528669 java
About java
a general-purpose progre
was originally designed a Synn nyms
and keeps a similar synte — jaya (not to be confused with JavaScript or JScript) is a general-purpose object-oriented o .
177 asked today, 1385this  Programming language designed to be used in conjunction with the Java Virtual Machine ik ‘e [j2se | java
(JVM). "Java platform” is the name for a computing system that has installed tools for Tore »
developing and running Java programs. Use this tag for questions referring to the Java
. programming language or Java platform tools.
BEE 1] Stats
https.//stackoverflo Java is a high-level, platform-independent, object-oriented programming language and runtime created 9 years ago
w.com/tags environment. . .
viewe Imes
2] d 1223381t
https://stackoverflo The Java language derives much of its syntax from C and C++, but its object model is simpler than active 14 days ago
w.com/tags/java/inf that of the latter and it has fewer low-level facilities. Java applications are typically compiled to
o bytecode (called class files) that can be executed by a JVM (Java Virtual Machine), independent of editors 192 51

romnlitaer architactiire Tha _NWVR nftan furthar comnilecs crnde tn native machine roade tn nntimiza

java-se


https://stackoverflow.com/tags

ResearchGate

Discover the world's scientific knowledge

o F AN S With 13+ million researchers and 100+ million publications, this is
721'% | ?Ll(%l_f.:._t EI/J where everyone can access science
N RMIER

(2% ResearchGate
A k)

You can refine your search by selecting an area of interest

| Ontologies ‘ Knowledge Representation | Web Mining H Information Extraction
‘ Information Retrigval H Text Mining H Data Mining and Knowledge Discovery ‘
‘ Social Network Analysis
#(E B: https://www.researchgate.net/search Publications Data Authors Questions
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