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ABSTRACT logic based formalisms: Markov Logic Networks (MLN) and
] o ) ] Logic Programs with Annotated Disjunctions (LPAD) [8], [9]
The field of data mining is in the midst of eelational Fingjly, intersections with contributions from the Comgut

revolution. After many decades of focusing on independefonal Intelligence side will be discussed and possibleaesh
and identically-distributed instances, there is a curnetérest jirections will be outlined.

for problems where instances are interdependent and linked
together into a complex network. Noticeable examples afghe
networks are the World Wide Web, the biological networks|i]
the sensor networks, as well as the movie and publications
databases.

Networked data can be affected by several forms of auz]
tocorrelation [1], which challenges the application of tbot
predictive and descriptive data mining methods. Inforgall
autocorrelation refers to the mutual conditioning of lidke [3]
instances within some neighbourhood (lag). The accura X]
of predictive models learned from networked data can b
improved when autocorrelation is accommodated in the model
but this demands the development of both new, suitablfg]
learning methods and prediction strategies based on tiolec
computation. At the same time, complex networks may hide
different forms of autocorrelation, whose discovery op#res 6]
doors to new data mining tasks.

Current developments in the fields of Probabilistic Induc{7]
tive Logic Programming (PILP) [2] and Statistical Relatbn
Learning (SRL) [3] try to respond to thiglational revolution
by developing learning methods for rich collections of altge [8]
linked together in probabilistic relational networks. Irder to
apply statistical machine learning technigues to domaiitis w
complex relational and rich structure, many formalismseabl
to represent probabilistic relational knowledge have hmen
posed. With probabilistic logical languages such as Bayesij1q
Logic Programs [4], Stochastic Logic Programs [5] or Markov
Logic Networks [6] it is possible to represent different éyp
of objects and the uncertain relations among them.

The Tutorial will cover the state of the art in this rapidly
growing area of research. The goal is twofold. From one side,
we intend to introduce the various forms of autocorrelation
networked data and to present the challenges that they pose
to traditional data mining algorithms [7]. To this aim, we
will abstract important issues from a number of application
domains with various types of linked data. From the other
side, we aim to provide the audience with a survey and a
comparison of different SRL representations, distingaigh
among different SRL tasks and presenting SRL applications.
Special emphasis will be given to SRL algorithms for two
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