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Preface

When in 1986 Yves Kodratoff started the European Working Session on Lear-
ning at Orsay, France, it could not be foreseen that the conference would grow
year by year and become the premier FEuropean conference of the field, attrac-
ting submissions from all over the world. The first European Conference on
Principles of Data Mining and Knowledge Discovery was organized by Henryk
Jan Komorowski and Jan Zytkow in 1997 in Trondheim, Norway. Since 2001 the
two conferences have been collocated, offering participants from both areas the
opportunity to listen to each other’s talks. This year, the integration has moved
even further. Instead of first splitting the field according to ECML or PKDD
topics, we flattened the structure of the field to a single set of topics. For each of
the topics, experts were invited to the Program Committee. Submitted papers
were gathered into one collection and characterized according to their topics.
The reviewers were then asked to bid on all papers, regardless of the conference.
This allowed us to allocate papers more precisely.

The hierarchical reviewing process as introduced in 2005 was continued. We
nominated 30 Area Chairs, each supervising the reviews and discussions of about
17 papers. In addition, 307 reviewers completed the Program Committee. Many
thanks to all of them! It was a considerable effort for the reviewers to carefully
review the papers, some providing us with additional reviews even at short no-
tice. Based on their reviews and internal discussions, which were concluded by
the recommendations of the Area Chairs, we could manage the final selection for
the program. We received 521 submissions, of which 100 were presented at the
conferences, giving us an acceptance rate of 20%. This high selectivity means,
on the one hand, that some good papers could not make it into the conference
program. On the other hand, it supports the traditionally high standards of the
joint conference. We thank the authors from all over the world for submitting
their contributions!

Following the tradition, the first and the last day of the joint conference were
dedicated to workshops and tutorials. ECML PKDD 2008 offered 8 tutorials and
11 workshops. We thank the Workshop and Tutorial Chairs Siegfried Nijssen and
Arno Siebes for their excellent selection. The discovery challenge is also a tradi-
tion of ECML PKDD that we continued. We are grateful to Andreas Hotho and
his colleagues from the Bibsonomy project for organizing the discovery challenge
of this year. The results were presented at the Web 2.0 Mining Workshop.

One of the pleasures of chairing a conference is the opportunity to invite
colleagues whose work we esteem highly. We are grateful to Frangoise Fogelman
Soulié (KXEN) for opening the industrial track, Yoav Freund (University of
California, San Diego), Anil K. Jain (Michigan State University), Ray Mooney
(University of Texas at Austin), and Raghu Ramakrishnan (Yahoo! Research)
for accepting our invitation to present recent work at the conference.



VI Preface

Some novelties were introduced to the joint conference this year.

First, there was no distinction into long and short papers. Instead, paper
length was raised to 16 pages for all submissions.

Second, 14 papers were selected for publication in Springer Journals
Seven papers were published in the Machine Learning Journal 72:3 (September
2008), and 7 papers were published in the Data Mining and Knowledge Discovery
Journal 17:1 (August 2008). This LNAI volume includes the abstracts of these
papers, each containing a reference to the respective full journal contribution.
At the conference, participants received the proceedings, the tutorial notes and
workshop proceedings on a USB memory stick.

Third, all papers were additionally allowed to be presented as posters. Since
the number of participants has become larger, questions and discussions after
a talk are no longer possible for all those interested. Introducing poster pre-
sentations for all accepted papers allows for more detailed discussions. Hence,
we did not reserve this opportunity for a minority of papers and it was not an
alternative to an oral presentation.

Fourth, a special demonstration session was held that is intended to be a
forum for showcasing the state of the art in machine learning and knowledge
discovery software. The focus lies on innovative prototype implementations in
machine learning and data analysis. The demo descriptions are included in the
proceedings. We thank Christian Borgelt for reviewing the submitted demos.
Finally, for the first time, the conference took place in Belgium!

September 2008 Walter Daelemans
Bart Goethals
Katharina Morik



Organization

Program Chairs

Walter Daelemans
Bart Goethals
Katharina Morik

University of Antwerp, Belgium
University of Antwerp, Belgium
Technische Universitit Dortmund, Germany

Workshop and Tutorial Chairs

Siegfried Nijssen
Arno Siebes

Demo Chair

Christian Borgelt

Publicity Chairs

Hendrik Blockeel
Pierre Dupont
Jef Wijsen

Steering Committee

Pavel Brazdil
Johannes Fiirnkranz
Alipio Jorge

Jacek Koronacki
Stan Matwin

Tobias Scheffer
Myra Spiliopoulou

Local Organization Team

Boris Cule

Calin Garboni

Iris Hendrickx

Kim Luyckx

Roser Morante
Koen Smets

Koen Van Leemput

Utrecht University, the Netherlands
Katholieke Universiteit Leuven, Belgium

European Centre for Soft Computing, Spain

Katholieke Universiteit Leuven, Belgium
Université catholique de Louvain, Belgium
University of Mons-Hainaut, Belgium

Rui Camacho

Joao Gama

Joost N. Kok

Ramon Lopez de Mantaras
Dunja Mladenic

Andrzej Skowron

Guy De Pauw
Joris Gillis

Wim Le Page
Michael Mampaey
Adriana Prado
Vincent Van Asch



VIII Organization

Area Chairs

Dimitris Achlioptas

Jean-Francois Boulicaut

Toon Calders
James Cussens
Tapio Elomaa
Johannes Fiirnkranz
Szymon Jaroszewicz
Hillol Kargupta
Heikki Mannila

Srinivasan Parthasarathy

Lorenza Saitta
Martin Scholz

John Shawe-Taylor
Maarten van Someren
Stefan Wrobel

Program Committee

Niall Adams

Alekh Agarwal
Charu Aggarwal
Gagan Agrawal
David Aha

Florence d’Alche-Buc
Enrique Alfonseca
Aris Anagnostopoulos
Annalisa Appice
Thierry Artieres
Yonatan Aumann
Paolo Avesani
Ricardo Baeza-Yates
Jose Balcazar
Aharon Bar Hillel
Ron Bekkerman
Bettina Berendt
Michael Berthold
Steffen Bickel

Ella Bingham

Gilles Blanchard
Hendrik Blockeel
Axel Blumenstock
Francesco Bonchi
Christian Borgelt

Roberto Bayardo
Wray Buntine
Padraig Cunningham
Tan Davidson

Martin Ester

Aris Gionis
Thorsten Joachims
Eamonn Keogh
Taneli Mielikainen
Jian Pei

Tobias Scheffer
Michele Sébag

Antal van den Bosch
Michalis Vazirgiannis
Osmar Zaiane

Karsten Borgwardt
Henrik Bostrom
Thorsten Brants
Ivan Bratko

Pavel Brazdil

Ulf Brefeld

Bjorn Bringmann
Greg Buehrer

Rui Camacho
Stephane Canu
Carlos Castillo
Deepayan Chakrabarti
Kamalika Chaudhuri
Nitesh Chawla
Sanjay Chawla
David Cheung

Alok Choudhary
Wei Chu

Alexander Clark
Chris Clifton

Ira Cohen

Antoine Cornuejols
Bruno Cremilleux
Michel Crucianu
Juan-Carlos Cubero



Gautam Das

Tijl De Bie

Luc De Raedt
Janez Demsar
Francois Denis
Giuseppe Di Fatta
Laura Dietz
Debora Donato
Dejing Dou

Kurt Driessens
Chris Drummond
Pierre Dupont
Haimonti Dutta
Pinar Duygulu-Sahin
Saso Dzeroski
Tina Eliassi-Rad
Charles Elkan
Roberto Esposito
Floriana Esposito
Christos Faloutsos
Thomas Finley
Peter Flach
George Forman
Blaz Fortuna
Eibe Frank
Dayne Freitag
Alex Freitas
Elisa Fromont
Thomas Gaertner
Patrick Gallinari
Joao Gama
Dragan Gamberger
Auroop Ganguly
Gemma Garriga
Eric Gaussier
Floris Geerts
Claudio Gentile
Pierre Geurts
Amol Ghoting
Chris Giannella
Fosca Giannotti
Attilio Giordana
Mark Girolami
Derek Greene
Marko Grobelnik

Organization

Robert Grossman
Dimitrios Gunopulos
Maria Halkidi
Lawrence Hall
Jiawei Han

Tom Heskes
Alexander Hinneburg
Frank Hoppner
Thomas Hofmann
Jaakko Hollmen
Tamas Horvath
Andreas Hotho
Eyke Hiillermeier
Manfred Jaeger
Sarah Jane Delany
Ruoming Jin
Alipio Jorge

Matti Kaariainen
Alexandros Kalousis
Benjamin Kao
George Karypis
Samuel Kaski
Petteri Kaski
Kristian Kersting
Ralf Klinkenberg
Adam Klivans
Jukka Kohonen
Joost Kok
Aleksander Kolcz
Stefan Kramer
Andreas Krause
Marzena Kryszkiewicz
Jussi Kujala

Pavel Laskov
Dominique Laurent
Nada Lavrac
David Leake

Chris Leckie
Philippe Leray
Carson Leung

Tao Li

Hang Li

Jinyan Li

Chih-Jen Lin
Jessica Lin

IX



X Organization

Michael Lindenbaum
Giuseppe Lipori
Kun Liu

Xiaohui Liu

Huan Liu

Michael Madden
Donato Malerba
Brad Malin
Giuseppe Manco
Bernard Manderick
Lluis Marquez

Yuji Matsumoto
Stan Matwin
Michael May

Prem Melville

Rosa Meo

Ingo Mierswa
Pericles Mitkas
Dunja Mladenic
Fabian Moerchen
Alessandro Moschitti
Claire Nedellec
John Nerbonne
Jenniver Neville
Joakim Nivre
Richard Nock
Alexandros Ntoulas
Siegfried Nijssen
Arlindo Oliveira
Salvatore Orlando
Miles Osborne
Gerhard Paass
Balaji Padmanabhan
George Paliouras
Themis Palpanas
Spiros Papadimitriou
Mykola Pechenizkiy
Dino Pedreschi
Ruggero Pensa
Jose-Maria Pena
Bernhard Pfahringer
Petra Philips

Enric Plaza

Pascal Poncelet
Doina Precup

Kai Puolamaki

Filip Radlinski
Shyamsundar Rajaram
Jan Ramon

Chotirat Ratanamahatana

Jan Rauch
Christophe Rigotti
Celine Robardet
Marko Robnik-Sikonja
Juho Rousu

Céline Rouveirol
Ulrich Rueckert
Stefan Riiping
Hichem Sahbi
Ansaf Salleb-Aouissi
Taisuke Sato

Yucel Saygin

Bruno Scherrer
Lars Schmidt-Thieme
Matthias Schubert
Marc Sebban

Nicu Sebe

Giovanni Semeraro
Pierre Senellart
Jouni Seppanen
Benyah Shaparenko
Arno Siebes

Tomi Silander

Dan Simovici
Andrzej Skowron
Kate Smith-Miles
Soeren Sonnenburg
Alessandro Sperduti
Myra Spiliopoulou
Ramakrishnan Srikant
Jerzy Stefanowski
Michael Steinbach
Jan Struyf

Gerd Stumme
Tamas Sziranyi
Domenico Talia
Pang-Ning Tan
Zhaohui Tang
Evimaria Terzi
Yannis Theodoridis



Dilys Thomas

Kai Ming Ting
Michalis Titsias
Ljupco Todorovski
Hannu Toivonen
Marc Tommasi

Luis Torgo

Volker Tresp
Panayiotis Tsaparas
Shusaku Tsumoto
Alexey Tsymbal
Koen Van Hoof

Jan Van den Bussche
Celine Vens

Michail Vlachos
Gorodetsky Vladimir
Toannis Vlahavas
Christel Vrain
Jianyong Wang
Catherine Wang
Wei Wang

Louis Wehenkel

Li Wei

Ton Weijters
Shimon Whiteson

Additional Reviewers

Franz Acherman

Ole Agesen

Xavier Alvarez

Davide Ancona
Joaquim Aparicio

Joao Aratjo

Ulf Asklund

Dharini Balasubramaniam
Carlos Baquero

Luis Barbosa

Lodewijk Bergmans
Joshua Bloch

Noury Bouraqgadi
Johan Brichau
Fernando Brito e Abreu
Pim van den Broek
Kim Bruce

Organization

Jef Wijsen

Nirmalie Wiratunga
Anthony Wirth
Ran Wolff

Xintao Wu

Michael Wurst
Charles X. Ling
Dong Xin

Hui Xiong
Dragomir Yankov
Lexiang Ye

Dit-Yan Yeung
Shipeng Yu
Chun-Nam Yu
Yisong Yue

Bianca Zadrozny
Mohammed Zaki
Gerson Zaverucha
Changshui Zhang
Shi Zhong

Djamel Abdelkader Zighed
Albrecht Zimmermann
Jean-Daniel Zucker
Menno van Zaanen

Luis Caires
Giuseppe Castagna
Barbara Catania
Walter Cazzola
Shigeru Chiba

Tal Cohen

Aino Cornils

Erik Corry
Juan-Carlos Cruz
Gianpaolo Cugola
Padraig Cunningham
Christian D. Jensen
Silvano Dal-Zilio
Wolfgang De Meuter
Kris De Volder
Giorgio Delzanno
David Detlefs

XI



XII Organization

Anne Doucet

Rémi Douence

Jim Dowling

Karel Driesen

Sophia Drossopoulou
Stéphane Ducasse
Natalie Eckel

Marc Evers

Johan Fabry
Leonidas Fegaras
Luca Ferrarini

Rony Flatscher
Jacques Garrigue
Marie-Pierre Gervais
Miguel Goulao
Thomas Gschwind
Pedro Guerreiro

1. Hakki Toroslu
Gorel Hedin
Christian Heide Damm
Roger Henriksson
Martin Hitz

David Holmes

James Hoover
Antony Hosking
Cengiz Icdem

Yuuji Ichisugi

Anders Ive
Hannu-Matti Jarvinen
Andrew Kennedy
Graham Kirby
Svetlana Kouznetsova
Kresten Krab Thorup
Reino Kurki-Suonio
Thomas Ledoux

Yuri Leontiev

David Lorenz

Steve MacDonald

Ole Lehrmann Madsen
Eva Magnusson
Margarida Mamede
Klaus Marius Hansen
Kim Mens

Tom Mens

Isabella Merlo

Marco Mesiti
Thomas Meurisse
Mattia Monga
Sandro Morasca,

M. Murat Ezbiderli
Oner N. Hamali
Hidemoto Nakada
Jacques Noye

Deniz Oguz

José Orlando Pereira
Alessandro Orso
Johan Ovlinger
Marc Pantel
Jean-Francois Perrot
Patrik Persson
Frédéric Peschanski
Gian Pietro Picco
Birgit Proll
Christian Queinnec
Osmar R. Zaiane
Barry Redmond
Sigi Reich

Arend Rensink
Werner Retschitzegger
Nicolas Revault
Matthias Rieger
Mario Siidholt
Paulo Sérgio Almeida
Ichiro Satoh
Tilman Schaefer
Jean-Guy Schneider
Pierre Sens

Veikko Seppénen
Magnus Steinby
Don Syme

Tarja Systé

Duane Szafron
Yusuf Tambag
Kenjiro Taura
Michael Thomsen
Sander Tichelaar
Mads Torgersen
Tom Tourwé

Arif Tumer

Ozgur Ulusoy



Werner Van Belle
Dries Van Dyck

Vasco Vasconcelos
Karsten Verelst
Cristina Videira Lopes
Juha Vihavainen

Organization

John Whaley
Mario Wolzko
Mikal Ziane
Gabi Zodik
Elena Zucca

XIIT



X1V Organization

Sponsors

We wish to express our gratitude to the sponsors of ECML PKDD 2008 for their
essential contribution to the conference.

Universiteit F \X/ O
Antwerpen VLAANDEREN I

Fonds Wetenschappelijk Onderzoek
Research Foundation — Flanders

zzgvzgziilonal GO gle (éﬁ] ®
‘ Data Mining and
VA D I S Knowledge Discovery

Value Added Decision Intalligence Sarvices

—_—— = = ®

“‘ 2 THE
%3 PAscAL Gsas .

_textkernel




Table of Contents — Part

Invited Talks (Abstracts)

Industrializing Data Mining, Challenges and Perspectives
Frangoise Fogelman-Soulié

From Microscopy Images to Models of Cellular Processes.
Yoav Freund

Data Clustering: 50 Years Beyond K-means ............
Anil K. Jain

Learning Language from Its Perceptual Context ........
Raymond J. Mooney

The Role of Hierarchies in Exploratory Data Mining. . . ..
Raghu Ramakrishnan

Machine Learning Journal Abstracts

Rollout Sampling Approximate Policy Iteration .........
Christos Dimitrakakis and Michail G. Lagoudakis

New Closed-Form Bounds on the Partition Function. . . ..
Krishnamurthy Dvijotham, Soumen Chakrabarti, and
Subhasis Chaudhuri

Large Margin vs. Large Volume in Transductive Learning
Ran El-Yaniv, Dmitry Pechyony, and Viadimir Vapnik

I

Incremental Exemplar Learning Schemes for Classification on

Embedded Devices ......... ... .. . . .
Ankur Jain and Daniel Nikovski

A Collaborative Filtering Framework Based on Both Local User

Similarity and Global User Similarity ..................
Heng Luo, Changyong Niu, Ruimin Shen, and Carsten

A Critical Analysis of Variants of the AUC.............
Stign Vanderlooy and FEyke Hiillermeier

Improving Maximum Margin Matrix Factorization ......

Ullrich

Markus Weimer, Alexandros Karatzoglou, and Alex Smola

11

12

13

14



XVI Table of Contents — Part I

Data Mining and Knowledge Discovery Journal
Abstracts

Finding Reliable Subgraphs from Large Probabilistic Graphs ..........

Petteri Hintsanen and Hannu Toivonen

A Space Efficient Solution to the Frequent String Mining Problem for

Many Databases . ...... ...

Adrian Kiigel and Enno Ohlebusch

The Boolean Column and Column-Row Matrix Decompositions ... ... ..

Pauli Miettinen

SkyGraph: An Algorithm for Important Subgraph Discovery in

Relational Graphs. .. ....... ..

Apostolos N. Papadopoulos, Apostolos Lyritsis, and
Yannis Manolopoulos

Mining Conjunctive Sequential Patterns ........ ... ... .. ... ... ...

Chedy Raissi, Toon Calders, and Pascal Poncelet

Adequate Condensed Representations of Patterns . ...................

Arnaud Soulet and Bruno Crémilleux

Two Heads Better Than One: Pattern Discovery in Time-Evolving

Multi-aspect Data. . ...

Jimeng Sun, Charalampos E. Tsourakakis, Fvan Hoke,
Christos Faloutsos, and Tina Eliassi-Rad

Regular Papers

TOPTMH: Topology Predictor for Transmembrane a-Helices .........

Rezwan Ahmed, Huzefa Rangwala, and George Karypis

Learning to Predict One or More Ranks in Ordinal Regression Tasks . ..

Jaime Alonso, Juan José del Coz, Jorge Diez, Oscar Luaces, and
Antonio Bahamonde

Cascade RSVM in Peer-to-Peer Networks .. ...... ... . ... .. ........

Hock Hee Ang, Vivekanand Gopalkrishnan, Steven C.H. Hoi, and
Wee Keong Ng

An Algorithm for Transfer Learning in a Heterogeneous Environment . . .

Andreas Argyriou, Andreas Maurer, and Massimiliano Pontil

Minimum-Size Bases of Association Rules .......... ... ... ... ... .....

José L. Balcazar

Combining Classifiers through Triplet-Based Belief Functions ..........

Yaxin Bi, Shengli Wu, Xuhui Shen, and Pan Xiong

15

16

17

18

19

20

22

23

39

55

71



Table of Contents — Part I XVII

An Improved Multi-task Learning Approach with Applications in
Medical Diagnosis. .. ..... ..o 117
Jinbo Bi, Tao Xiong, Shipeng Yu, Murat Dundar, and R. Bharat Rao

Semi-supervised Laplacian Regularization of Kernel Canonical
Correlation Analysis. ... ... i 133
Matthew B. Blaschko, Christoph H. Lampert, and Arthur Gretton

Sequence Labelling SVMs Trained in One Pass ................... ... 146
Antoine Bordes, Nicolas Usunier, and Léon Bottou

Semi-supervised Classification from Discriminative Random Walks . .. .. 162
Jérome Callut, Kevin Frangoisse, Marco Saerens, and Pierre Dupont

Learning Bidirectional Similarity for Collaborative Filtering ........... 178
Bin Cao, Jian-Tao Sun, Jianmin Wu, Qiang Yang, and Zheng Chen

Bootstrapping Information Extraction from Semi-structured Web

Andrew Carlson and Charles Schafer

Online Multiagent Learning against Memory Bounded Adversaries . .. .. 211
Doran Chakraborty and Peter Stone

Scalable Feature Selection for Multi-class Problems................... 227
Boris Chidlovskit and Loic Lecerf

Learning Decision Trees for Unbalanced Data..................... ... 241
David A. Cieslak and Nitesh V. Chawla

Credal Model Averaging: An Extension of Bayesian Model Averaging
to Imprecise Probabilities .. ........ .. .. . .. 257
Giorgio Corani and Marco Zaffalon

A Fast Method for Training Linear SVM in the Primal ............... 272
Trinh-Minh-Tri Do and Thierry Artiéres

On the Equivalence of the SMO and MDM Algorithms for SVM
Training ... 288
Jorge Lopez, Alvaro Barbero, and José R. Dorronsoro

Nearest Neighbour Classification with Monotonicity Constraints .. ... .. 301
Wouter Duivesteijn and Ad Feelders

Modeling Transfer Relationships Between Learning Tasks for Improved
Inductive Transfer ......... ... 317
Eric Eaton, Marie desJardins, and Terran Lane

Mining Edge-Weighted Call Graphs to Localise Software Bugs ......... 333
Frank Fichinger, Klemens Béhm, and Matthias Huber



XVIII Table of Contents — Part I

Hierarchical Distance-Based Conceptual Clustering................... 349
Ana Maria Funes, Cesar Ferri, Jose Hernandez-Orallo, and
Maria Jose Ramirez-Quintana

Mining Frequent Connected Subgraphs Reducing the Number of

Candidates . . ..ot 365
Andrés Gago Alonso, José FEladio Medina Pagola,
Jestus Ariel Carrasco-Ochoa, and José Fco. Martinez-Trinidad

Unsupervised Riemannian Clustering of Probability Density
Functions . ... ..o 377
Alvina Goh and René Vidal

Online Manifold Regularization: A New Learning Setting and Empirical
StUAY o 393
Andrew B. Goldberg, Ming Li, and Xiaojin Zhu

A Fast Algorithm to Find Overlapping Communities in Networks . ... .. 408
Steve Gregory

A Case Study in Sequential Pattern Mining for IT-Operational Risk.... 424
Valerio Grossi, Andrea Romei, and Salvatore Ruggieri

Tight Optimistic Estimates for Fast Subgroup Discovery ............. 440
Henrik Grosskreutz, Stefan Riiping, and Stefan Wrobel

Watch, Listen & Learn: Co-training on Captioned Images and Videos... 457
Sonal Gupta, Joohyun Kim, Kristen Grauman, and
Raymond Mooney

Parameter Learning in Probabilistic Databases: A Least Squares

Approach . ... 473
Bernd Gutmann, Angelika Kimmig, Kristian Kersting, and
Luc De Raedt

Improving k-Nearest Neighbour Classification with Distance Functions

Based on Receiver Operating Characteristics ........................ 489
Md. Rafiul Hassan, M. Maruf Hossain, James Bailey, and
Kotagirt Ramamohanarao

One-Class Classification by Combining Density and Class Probability
Estimation .. ... 505
Kathryn Hempstalk, Eibe Frank, and Ian H. Witten

Efficient Frequent Connected Subgraph Mining in Graphs of Bounded
Treewidth .. ..o 520
Tamas Horvdth and Jan Ramon

Proper Model Selection with Significance Test ............. ... ... ... 536
Jin Huang, Charles X. Ling, Harry Zhang, and Stan Matwin



Table of Contents — Part I

A Projection-Based Framework for Classifier Performance Evaluation. . .

Nathalie Japkowicz, Pritika Sanghi, and Peter Tischer

Distortion-Free Nonlinear Dimensionality Reduction..................

Yangqing Jia, Zheng Wang, and Changshui Zhang

Learning with Ly<1 vs Li-Norm Regularisation with Exponentially

Many Irrelevant Features ........ ... ... .. . i i

Ata Kabdn and Robert J. Durrant

Catenary Support Vector Machines. . ......... ... ... .. .. ... ... ...

Kin Fai Kan and Christian R. Shelton

Exact and Approximate Inference for Annotating Graphs with

Structural SVMS . ..o

Thoralf Klein, Ulf Brefeld, and Tobias Scheffer

Extracting Semantic Networks from Text Via Relational Clustering .. ..

Stanley Kok and Pedro Domingos

Ranking the Uniformity of Interval Pairs........ ... ... .. ... ... ...

Jussi Kujala and Tapio Elomaa

Multiagent Reinforcement Learning for Urban Traffic Control Using

Coordination Graphs .. ... i

Lior Kuyer, Shimon Whiteson, Bram Bakker, and Nikos Vlassis

STREAMKRIMP: Detecting Change in Data Streams ..................

Matthigs van Leeuwen and Arno Siebes

Author Index . ... .. .

XIX



Table of Contents — Part 11

Regular Papers

Exceptional Model Mining .......... ... .. i
Dennis Leman, Ad Feelders, and Arno Knobbe

A Joint Topic and Perspective Model for Ideological Discourse . . .. ... ..
Wei-Hao Lin, Eric Xing, and Alexander Hauptmann

Effective Pruning Techniques for Mining Quasi-Cliques ...............
Guimei Liu and Limsoon Wong

Efficient Pairwise Multilabel Classification for Large-Scale Problems in
the Legal Domain . ... .
Eneldo Loza Mencia and Johannes Furnkranz

Fitted Natural Actor-Critic: A New Algorithm for Continuous
State-Action MDPs ... ...
Francisco S. Melo and Manuel Lopes

A New Natural Policy Gradient by Stationary Distribution Metric ... ..
Tetsuro Morimura, Fiji Uchibe, Junichiro Yoshimoto, and
Kengi Doya

Towards Machine Learning of Grammars and Compilers of
Programming Languages ........... .. ... .. .. ... . . ..
Keita Imada and Katsuhiko Nakamura

Improving Classification with Pairwise Constraints: A Margin-Based
AppProach . .. ...
Nam Nguyen and Rich Caruana

Metric Learning: A Support Vector Approach ............. ... ... ...
Nam Nguyen and Yunsong Guo

Support Vector Machines, Data Reduction, and Approximate Kernel
MatriCes . .ot
XuanLong Nguyen, Ling Huang, and Anthony D. Joseph

Mixed Bregman Clustering with Approximation Guarantees ...........
Richard Nock, Panu Luosto, and Jyrki Kivinen

Hierarchical, Parameter-Free Community Discovery ..................
Spiros Papadimitriou, Jimeng Sun, Christos Faloutsos, and
Philip S. Yu



XXII Table of Contents — Part 11

A Genetic Algorithm for Text Classification Rule Induction ........... 188

Adriana Pietramala, Veronica L. Policicchio, Pasquale Rullo, and
Inderbir Sidhu

Nonstationary Gaussian Process Regression Using Point Estimates of
Local Smoothness . .. ... ... 204
Christian Plagemann, Kristian Kersting, and Wolfram Burgard

Kernel-Based Inductive Transfer .. .......... ... ... . . ... 220
Ulrich Riickert and Stefan Kramer

State-Dependent Exploration for Policy Gradient Methods ............ 234
Thomas RiickstiefS, Martin Felder, and Jirgen Schmidhuber

Client-Friendly Classification over Random Hyperplane Hashes ........ 250
Shyamsundar Rajaram and Martin Scholz

Large-Scale Clustering through Functional Embedding . ............... 266
Frédéric Ratle, Jason Weston, and Matthew L. Miller

Clustering Distributed Sensor Data Streams ................... ... ... 282
Pedro Pereira Rodrigues, Joao Gama, and Luis Lopes

A Novel Scalable and Data Efficient Feature Subset Selection
Algorithm . ... 298
Sergio Rodrigues de Morais and Alex Aussem

Robust Feature Selection Using Ensemble Feature Selection
Techniques . . . ..ot 313
Yvan Saeys, Thomas Abeel, and Yves Van de Peer

Effective Visualization of Information Diffusion Process over Complex
Networks . ..o 326
Kazumi Saito, Masahiro Kimura, and Hiroshi Motoda

Actively Transfer Domain Knowledge........... ... ... .. ... ... ... 342
Xiaoxiao Shi, Wei Fan, and Jiangtao Ren

A Unified View of Matrix Factorization Models ...................... 358
Ajit P. Singh and Geoffrey J. Gordon

Parallel Spectral Clustering ............ .. .. 374

Yangqiv Song, Wen-Yen Chen, Hongjie Bai, Chih-Jen Lin, and
Edward Y. Chang

Classification of Multi-labeled Data: A Generative Approach .......... 390
Andreas P. Streich and Joachim M. Buhmann

Pool-Based Agnostic Experiment Design in Linear Regression ......... 406
Masashi Sugiyama and Shinichi Nakajima

Distribution-Free Learning of Bayesian Network Structure............. 423
Xiaohai Sun



Table of Contents — Part 11 XXIII

Assessing Nonlinear Granger Causality from Multivariate Time
<31 (Y 440
Xiaohai Sun

Clustering Via Local Regression ......... ... .. ... i, 456
Jun Sun, Zhiyong Shen, Hui Li, and Yidong Shen

Decomposable Families of Ttemsets . ......... .. ... ... .. .. ... ... 472
Nikolaj Tatti and Hannes Heikinheimo

Transferring Instances for Model-Based Reinforcement Learning .. ... .. 488
Matthew E. Taylor, Nicholas K. Jong, and Peter Stone

A Simple Model for Sequences of Relational State Descriptions ........ 506
Ingo Thon, Niels Landwehr, and Luc De Raedt

Semi-supervised Boosting for Multi-Class Classification ............... 522
Hamed Valizadegan, Rong Jin, and Anil K. Jain

A Joint Segmenting and Labeling Approach for Chinese Lexical
Analysis .. ..o 538
Xinhao Wang, Jiazhong Nie, Dingsheng Luo, and Xihong Wu

Transferred Dimensionality Reduction .......... ... ... .. ... ... ... 550
Zheng Wang, Yangqiu Song, and Changshui Zhang

Multiple Manifolds Learning Framework Based on Hierarchical Mixture
Density Model . . ... . 566
Xiaoxia Wang, Peter Tino, and Mark A. Fardal

Estimating Sales Opportunity Using Similarity-Based Methods ........ 582
Sholom M. Weiss and Nitin Indurkhya

Learning MDP Action Models Via Discrete Mixture Trees............. 597
Michael Wynkoop and Thomas Dietterich

Continuous Time Bayesian Networks for Host Level Network Intrusion
Detection . ... . 613
Jing Xu and Christian R. Shelton

Data Streaming with Affinity Propagation .......................... 628
Xiangliang Zhang, Cyril Furtlehner, and Michéle Sebag

Semi-supervised Discriminant Analysis Via CCCP ................... 644
Yu Zhang and Dit-Yan Yeung

Demo Papers

A Visualization-Based Exploratory Technique for Classifier Comparison
with Respect to Multiple Metrics and Multiple Domains .............. 660
Rocio Alaiz-Rodriguez, Nathalie Japkowicz, and Peter Tischer



XXIV Table of Contents — Part 11

Pleiades: Subspace Clustering and Evaluation .......................

Ira Assent, Emmanuel Miller, Ralph Krieger, Timm Jansen, and
Thomas Seidl

SEDiL: Software for Edit Distance Learning ........................

Laurent Boyer, Yann Esposito, Amaury Habrard, Jose Oncina, and
Marc Sebban

Monitoring Patterns through an Integrated Management and Mining

11 Yo Y

Evangelos E. Kotsifakos, Irene Ntoutsi, Yannis Vrahoritis, and
Yannis Theodoridis

A Knowledge-Based Digital Dashboard for Higher Learning

Institutions .. ...

Wan Maseri Binti Wan Mohd, Abdullah Embong, and
Jasni Mohd Zain

SINDBAD and SiQL: An Inductive Database and Query Language in

the Relational Model . ... ... ... . .. i

Jorg Wicker, Lothar Richter, Kristina Kessler, and Stefan Kramer

Author Index . ... .. .



Industrializing Data Mining, Challenges and
Perspectives

Frangoise Fogelman-Soulié
KXEN, France

Business Intelligence is a very active sector in all industrial domains. Classical tech-
niques (reporting and Olap), mainly concerned with presenting data, are already widely
deployed. Meanwhile, Data Mining has long been used in companies as a niche-
technique, reserved for experts only and for very specific problems (credit scoring,
fraud detection for example). But with the increasing availability of large data volumes
(in particular, but not only, from the Web), companies are more and more turning to data
mining to provide them with high added-value predictive analytics. However producing
models in large numbers, making use of large data volumes in an industrial context can
only happen if solutions to challenges, both theoretic and operational, are found: we
need algorithms which can be used to produce models when datasets have thousands
of variables and millions of observations; we need to learn how to run and control the
correct execution of hundreds of models; we need ways to automate the data mining
process.

I will present these constraints in industrial contexts and show how KXEN has ex-
ploited theoretical results (coming from Vladimir Vapnik’s work) to provide answers to
the above-mentioned challenges. I will give a few examples of real-life applications and
will conclude with some remarks on the future of data mining in the industrial domain.
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From Microscopy Images to Models of Cellular
Processes

Yoav Freund

Computer Science and Engineering
University of California, San Diego, USA

The advance of fluorescent tagging and of confocal microscopy is allowing biol-
ogists to image biochemical processes at a level of detail that was unimaginable
just a few years ago. However, as the analysis of these images is done mostly
by hand, there is a severe bottleneck in transforming these images into useful
quantitative data that can be used to evaluate mathematical models.

One of the inherent challenges involved in automating this transformation is
that image data is highly variable. This requires a recalibration of the image
processing algorithms for each experiment. We use machine learning methods to
enable the experimentalist to calibrate the image processing methods without
having any knowledge of how these methods work. This, we believe, will allow the
rapid integration of computer vision methods with confocal microscopy and open
the way to the development of quantitative spatial models of cellular processes.

For more information, see http://seed.ucsd.edu/ yfreund/NewHomePage/
Applications/Biomedical Imaging.html
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Data Clustering: 50 Years Beyond K-means

Anil K. Jain

Computer Science and Engineering
Michigan State University, USA

The practice of classifying objects according to perceived similarities is the basis
for much of science. Organizing data into sensible groupings is one of the most
fundamental modes of understanding and learning. As an example, a common
scheme of scientific classification puts organisms in to taxonomic ranks: domain,
kingdom, phylum, class, etc.). Cluster analysis is the formal study of algorithms
and methods for grouping objects according to measured or perceived intrinsic
characteristics. Cluster analysis does not use category labels that tag objects
with prior identifiers, i.e., class labels. The absence of category information dis-
tinguishes cluster analysis (unsupervised learning) from discriminant analysis
(supervised learning). The objective of cluster analysis is to simply find a con-
venient and valid organization of the data, not to establish rules for separating
future data into categories.

The development of clustering methodology has been a truly interdisciplinary
endeavor. Taxonomists, social scientists, psychologists, biologists, statisticians,
engineers, computer scientists, medical researchers, and others who collect and
process real data have all contributed to clustering methodology. According to
JSTOR, data clustering first appeared in the title of a 1954 article dealing with
anthropological data. One of the most well-known, simplest and popular cluster-
ing algorithms is K-means. It was independently discovered by Steinhaus (1955),
Lloyd (1957), Ball and Hall (1965) and McQueen (1967)! A search via Google
Scholar found 22,000 entries with the word clustering and 1,560 entries with the
words data clustering in 2007 alone. Among all the papers presented at CVPR,
ECML, ICDM, ICML, NIPS and SDM in 2006 and 2007, 150 dealt with clus-
tering. This vast literature speaks to the importance of clustering in machine
learning, data mining and pattern recognition.

A cluster is comprised of a number of similar objects grouped together. While
it is easy to give a functional definition of a cluster, it is very difficult to give
an operational definition of a cluster. This is because objects can be grouped
into clusters with different purposes in mind. Data can reveal clusters of differ-
ent shapes and sizes. Thus the crucial problem in identifying clusters in data
is to specify or learn a similarity measure. In spite of thousands of clustering
algorithms that have been published, a user still faces a dilemma regarding the
choice of algorithm, distance metric, data normalization, number of clusters,
and validation criteria. A familiarity with the application domain and cluster-
ing goals will certainly help in making an intelligent choice. This talk will pro-
vide background, discuss major challenges and key issues in designing clustering
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algorithms, summarize well known clustering methods, and point out some of
the emerging research directions, including semi-supervised clustering that ex-
ploits pairwise constraints, ensemble clustering that combines results of multiple
clusterings, learning distance metrics from side information, and simultaneous
feature selection and clustering.



Learning Language from Its Perceptual Context

Raymond J. Mooney

University of Texas at Austin, USA

Current systems that learn to process natural language require laboriously constructed
human-annotated training data. Ideally, a computer would be able to acquire language
like a child by being exposed to linguistic input in the context of a relevant but am-
biguous perceptual environment. As a step in this direction, we present a system that
learns to sportscast simulated robot soccer games by example. The training data con-
sists of textual human commentaries on Robocup simulation games. A set of possible
alternative meanings for each comment is automatically constructed from game event
traces. Our previously developed systems for learning to parse and generate natural lan-
guage (KRISP and WASP) were augmented to learn from this data and then commen-
tate novel games. The system is evaluated based on its ability to parse sentences into
correct meanings and generate accurate descriptions of game events. Human evaluation
was also conducted on the overall quality of the generated sportscasts and compared to
human-generated commentaries.
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The Role of Hierarchies in Exploratory Data
Mining

Raghu Ramakrishnan
Yahoo! Research, Santa Clara, CA, USA

In a broad range of data mining tasks, the fundamental challenge is to efficiently
explore a very large space of alternatives. The difficulty is two-fold: first, the
size of the space raises computational challenges, and second, it can introduce
data sparsity issues even in the presence of very large datasets. In this talk,
well consider how the use of hierarchies (e.g., taxonomies, or the OLAP multi-
dimensional model) can help mitigate the problem.
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Rollout Sampling Approximate Policy Iteration™

Christos Dimitrakakis' and Michail G. Lagoudakis?

! Informatics Institute
University of Amsterdam
Amsterdam, The Netherlands
dimitrak@science.uva.nl
2 Department of Electronic and Computer Engineering
Technical University of Crete
Chania 73100, Crete, Greece
lagoudakis@intelligence.tuc.gr

Several researchers [2I3] have recently investigated the connection between rein-
forcement learning and classification. Our work builds on [2], which suggests an
approximate policy iteration algorithm for learning a good policy represented
as a classifier, without explicit value function representation. At each iteration,
a new policy is produced using training data obtained through rollouts of the
previous policy on a simulator. These rollouts aim at identifying better action
choices over a subset of states in order to form a set of data for training the
classifier representing the improved policy. Even though [2I3] examine how to
distribute training states over the state space, their major limitation remains
the large amount of sampling employed at each training state.

We suggest methods to reduce the number of samples needed to obtain a
high-quality training set. This is done by viewing the setting as akin to a bandit
problem over the states from which rollouts are performed. Our contribution
is two-fold: (a) we suitably adapt existing bandit techniques for rollout man-
agement, and (b) we suggest a more appropriate statistical test for identifying
states with dominating actions early and with high confidence. Experiments on
two classical domains (inverted pendulum, mountain car) demonstrate an im-
provement in sample complexity that substantially increases the applicability of
rollout-based algorithms. In future work, we aim to obtain algorithms specifi-
cally tuned to this task with even lower sample complexity and to address the
question of the choice of sampling distribution.

References

1. Dimitrakakis, C., Lagoudakis, M.: Rollout sampling approximate policy iteration.
Machine Learning 72(3), 157-171 (September 2008)

2. Lagoudakis, M.G., Parr, R.: Reinforcement learning as classification: Leveraging
modern classifiers. In: Proceedings of the 20th International Conference on Machine
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* This is an extended abstract of an article published in the Machine Learning jour-
nal [I]. This project was partially supported by grant MCIRG-CT-2006-044980.
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New Closed-Form Bounds on the Partition Function*

Krishnamurthy Dvijotham, Soumen Chakrabarti, and Subhasis Chaudhuri

IIT Bombay

Estimating the partition function is a key computation in graphical models that is re-
quired for important tasks like parameter estimation, model selection and structure
learning. However, this computation is intractable in general. Thus, developing effi-
cient and accurate approximations is of considerable interest. Variational methods ex-
press the computation of the partition function as an optimization problem (solving
which intractable in general) and then relax the optimization problem in various ways
to obtain approximations to the partition function. Two popular algorithms belonging
to this framework are loopy belief propagation (LBP) and tree-reweighted belief propa-
gation (TRW-BP). Both these algorithms are so-called message passing algorithms that
work by updating local beliefs about probabilities at graph nodes by passing messages
between the nodes in the graph until convergence is achieved. TRW-BP is guaranteed
to give an upper bound on the partition function. However, neither algorithm is guar-
anteed to converge in general. Although convergent alternatives to TRW-BP have been
proposed, they have no guarantees on the number of iterations required for convergence.
Thus, these algorithms could be prohibitively expensive for applications requiring re-
peated inference on large graphs (like training large CRFs). In order to overcome this
problem, Sutton et al. propose the piecewise approximation (PW) to the partition func-
tion. PW tends to be loose, but can be computed very fast, because it has a closed-form
expression. Sutton et al. apply it successfully to common NLP tasks. In this paper, for
a special class of potentials (that contain associative potentials), we prove that both
LBP and TRW-BP converge in a single iteration. Using this fact, we obtain closed-form
expressions for the TRW and LBP approximations to the partition function. In recent
work, Wainwright et al. prove that LBP gives a lower bound on the partition function
for binary attractive MRFs. We thus also get closed-form lower bounds for attractive as-
sociative MRFs. This enables us to obtain bounds on the error between the true partition
function and these approximations for attractive associative MRFs. We also construct
examples which show that TRW and LBP can give arbitrarily bad approximations to the
marginal probabilities. Using the closed-form bounds for these special cases, we also
develop novel closed-form upper bounds for arbitrary MRFs and closed-form lower
bounds for associative binary MRFs. We also present experimental results showing that
the new upper bounds are almost always tighter than the piecewise bound. The ex-
periments also show that the novel lover bounds beat popular existing bounds like the
mean-field bound on densely connected graphs.

References

1. Dvijotham, K., Chakrabarti, S., Chaudhuri, S.: New closed-form bounds on the partition func-
tion. Machine Learning 72(3), 205-229 (September 2008)

* This is an extended abstract of an article published in the Machine Learning journal [[T]].
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Large Margin vs. Large Volume in Transductive
Learning*

Ran El-Yaniv!, Dmitry Pechyony!, and Vladimir Vapnik?

! Computer Science Department, Technion - Israel Institute of Technology,
Haifa, 32000, Israel
{rani,pechyony}@cs.technion.ac.il
2 NEC Laboratories America, Princeton, NJ 08540, USA
vapnik@att.net

We focus on distribution-free transductive learning. In this setting the learning
algorithm is given a ‘full sample’ of unlabeled points. Then, a training sample is
selected uniformly at random from the full sample and the labels of the training
points are revealed. The goal is to predict the labels of the remaining unlabeled
points as accurately as possible. The full sample partitions the transductive
hypothesis space into a finite number of equivalence classes. All hypotheses in
the same equivalence class, generate the same dichotomy of the full sample. We
consider a large volume principle, whereby the priority of each equivalence class
is proportional to its “volume” in the hypothesis space.

The large volume principle was previously treated for the case of hyperplanes.
In this paper, instead of hyperplanes, we consider soft classification vectors whose
set of equivalence classes w.r.t. the full sample contains all possible dichotomies.
Symmetry is broken by generating equivalence classes of non-uniform volume, de-
fined via a non axis aligned data-dependent ellipsoid. Since exact or quantifiable
approximate volume estimation is computationally hard, we resort to a cruder
approach whereby volume is crudely related to the angles between hypotheses
and the principal axes of the ellipsoid. This approach makes sense because long
principal axes lie in regions of large volume. Our construction leads to a family
of transductive algorithms and here we focus on one instantiation. Although the
resulting algorithm is defined in terms of a non-convex optimization problem,
we develop an efficient global optimum solution using a known technique. We
also derive a data-dependent error bound for this algorithm.

Our experiments with the new Approximate Volume Regularization (AVR)
algorithm over 31 datasets show its overwhelming advantage over TSVM and
SVM in text categorization and image classification. However, on a different set
of UCI datasets, TSVM and SVM are significantly superior to AVR. We iden-
tify some factors that influence the success and failure of our algorithm. One
interesting observation is that AVR has significant advantage over TSVM when
TSVM outperforms SVM, and vice versa.

* This is an extended abstract of an article published in the Machine Learning Jour-

nal [I].
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Incremental Exemplar Learning Schemes for
Classification on Embedded Devices*

Ankur Jain and Daniel Nikovski

Mitsubishi Electric Research Laboratory. 201 Broadway, Cambridge, MA 02139
{jain,nikovski}@merl. com

In this paper, we focus on the data classification problem when the classifier oper-
ates on an embedded device (e.g., fault detection in device condition-monitoring
data streams). Memory-based classifiers are an excellent choice in such cases,
however, an embedded device is unlikely to be able to hold a large training
dataset in memory (which could potentially keep increasing in size as new train-
ing data with new concepts arrive). A viable option then is to employ exemplar
learning (EL) techniques to find a training subset comprising a few carefully
selected exemplars of high functional value that fit in memory and effectively
delineate the class boundaries. We propose two novel incremental EL schemes
that unlike traditional EL approaches [3] are, (1) incremental (they naturally
incorporate new training data streams), (2) offer ordered removal of instances
(they can be customized to obtain exemplar sets of any user-defined size) and
(3) robust (such that the exemplar sets generalize for other classifiers as well).
Our proposed methods are as follows:

e EBEL (Entropy Based EL) — This method removes instances from the training
set based on their information content. Instead of using an adhoc ranking
scheme, it removes a training instance whose removal causes the least amount of
drop in the conditional entropy of the class indicator variable insuring minimum
loss of information.

e ABEL (AUC Based EL) — This method prunes data based on AUC (Area under
ROC curve) performance. ABEL uses a validation set and prunes an instance
if its removal offers the least drop in the AUC computed for this validation set.

We show that our schemes efficiently incorporate new training datasets while
maintaining high-quality exemplar sets of any user-defined size. We present a
comprehensive experimental analysis showing excellent classification-accuracy
versus memory-usage tradeoffs of our proposed methods.

References

1. Aha, D.W., Kibler, D., Albert, M.K.: Instance-based learning algorithms. Mach.
Learn. 6(1), 37-66 (1991)

2. Jain, A., Nikovski, D.: Incremental exemplar learning schemes for classification on
embedded devices. Machine Learning 72(3), 189-203 (September 2008)

3. Wilson, D.R., Martinez, T.R.: Reduction techniques for instance-based learning al-
gorithms. Machine Learning 38(3), 257-286 (2000)

* This is an extended abstract of an article published in the Machine Learning journal [2].

W. Daelemans et al. (Eds.): ECML PKDD 2008, Part I, LNATI 5211, p. 11, 2008.
© Springer-Verlag Berlin Heidelberg 2008



A Collaborative Filtering Framework Based on
Both Local User Similarity and Global User
Similarity*

Heng Luo, Changyong Niu, Ruimin Shen, and Carsten Ullrich

Department of Computer Science and Technology, Shanghai Jiao Tong University
1954 Huashan Road Shanghai 200030, China
{hengluo, cyniu, rmshen, ullrich_c}@sjtu.edu.cn

Collaborative filtering as a classical method of information retrieval is widely
used in helping people to deal with information overload. In this paper, we in-
troduce the concept of local user similarity and global user similarity, based on
surprisal-based vector similarity and the application of the concept of maximin
distance in graph theory. Surprisal-based vector similarity expresses the rela-
tionship between any two users based on the quantities of information (called
surprisal) contained in their ratings, which is based on the intuition that less
common ratings for a specific item tend to provide more discriminative infor-
mation than the most common ratings. Furthermore, traditional methods of
computing user similarity can not work if two users have not rated any identical
item. To solve this problem, the global user similarity is introduced to define
two users being similar if they can be connected through their locally similar
neighbors. A weighted user graph is first constructed by using local similarity
of any two users as the weight of the edge connecting them. Then the global
similarity can be calculated as the maximin distance of any two nodes in the
graph. Based on both of Local User Similarity and Global User Similarity, we
develop a collaborative filtering framework called LS&GS. An empirical study
using the MovieLens dataset shows that the proposed framework outperforms
other state-of-the-art collaborative filtering algorithms.

References
1. Luo, H., Niu, C., Shen, R., Ullrich, C.: A collaborative ltering framework based

on both local user similarity and global user similarity. Machine Learning 72(3),
231-245 (September 2008)

* This is an extended abstract of an article published in the Machine Learning journal [I].
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A Critical Analysis of Variants of the AUC*

Stijn Vanderlooy!' and Eyke Hiillermeier?
L MICC, Department of Computer Science, Maastricht University, The Netherlands
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? Department of Mathematics and Computer Science, Marburg University, Germany
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The area under the ROC curve, or AUC, has been widely used to assess the
ranking performance of binary scoring classifiers. Given a sample of labeled in-
stances, the metric considers the number of correctly ordered pairs of instances
with different class label. Thus, its value only depends on the ordering of the
scores but not on the “margin” between them. Consequently, it can happen that
a small change in scores leads to a considerable change in AUC value. Such an
effect is especially apparent when the number of instances used to calculate the
AUC is small. On the other hand, two classifiers can have the same AUC value,
even though one of them is a “better separator” in the sense that it increases the
difference between scores of positive and negative instances, respectively. It has
been argued that this insensitivity toward score differences is disadvantageous
for model evaluation and selection. For this reason, three variants of the AUC
metric that take the score differences into account have recently been proposed,
along with first experimental results.

We present a unifying framework in which the conventional AUC and its
variants can be modeled as special cases of a generalized AUC metric. Within
this framework, we provide a formal analysis showing that the AUC variants
produce estimates of the true AUC with a non-constant, model-specific bias,
while the variance can decrease as well as increase. All things considered, the net
effect on the quality of the estimations is thus not clear and, hereby, there is no
solid theoretical foundation for the variants. Our analysis leads us to conjecture
that actually none of the variants should be able to perform better in model
selection than conventional AUC. This conjecture is corroborated by extensive
experiments with synthetic data as well as real benchmark data, showing that
the conventional AUC cannot be outperformed systematically by any variant,
not in an ideal setting according to the theoretical analysis, and not in real model
selection scenarios. Finally, our contribution also sheds light on recent research
dealing with the construction of classifiers that (approximately) optimize the
AUC directly, rather than accuracy or another performance metric.

References
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* This is an extended abstract of an article published in the Machine Learning Jour-
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Improving Maximum Margin Matrix
Factorization*

Markus Weimer!, Alexandros Karatzoglou?, and Alex Smola®
! Technische Universitat Darmstadt, Germany
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Maximum Margin Matrix Factorization (MMMF') has been proposed as a learn-
ing approach to the task of collaborative filtering with promising results. In our
recent paper [2], we proposed to extend the general MMMF framework to allow
for structured (ranking) losses in addition to the squared error loss.

In this paper, we introduce a novel algorithm to compute the ordinal regression
ranking loss which is significantly faster than the state of the art. In addition, we
propose severals extensions to the MMMF model: We introduce offset terms to
cater for user and item biases. Users exhibit vastly different rating frequencies
ranging from only one rating per user to thousands of them. Similarly, some
items get thousands of ratings while others get rated only once. We introduce an
adaptive regularizer to allow for more complex models for those items and users
with many ratings. Finally, we show equivalence between a recent extension
introduced in [3] and a graph kernel approach described in [4]. Both aim at
providing meaningful predictions for users with very little training data by virtue
of the recommender graph.

We performed an evaluation of these extensions on two standard data sets:
Eachmovie and Movielens. These experiments show that the introduced exten-
sions do improve the predictive performance over the original MMMF formula-
tion, even though we did not formally optimize the parameters.
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Finding Reliable Subgraphs from Large
Probabilistic Graphs*

Petteri Hintsanen and Hannu Toivonen

HIIT Basic Research Unit, Department of Computer Science,
PO Box 68, FI-00014 University of Helsinki, Finland
{petteri.hintsanen,hannu.toivonen}@cs.helsinki.fi

Consider information search or discovery in a large graph of concepts and their
weighted relationships. The user initiates a query by specifying some concepts
(“search terms”), and wishes to obtain other concepts and relationships that
connect the search concepts. An application example is in analysis of biological
information, conveniently represented as a graph of biological concepts and their
relations. A search engine we envision would allow a life scientist to query for
connections between a gene and a phenotype, for instance, to find information
supporting a hypothesis, or to help discover new hypothesis.

We propose two new methods for this problem, formalized as the most reliable
subgraph problem. Such a problem is specified by a probabilistic graph G sub-
ject to random edge failures, a set of terminal vertices, and an integer K. The
objective is to remove K edges from G such that the probability of connecting
the terminals in the remaining subgraph is maximized. Extracting a subgraph of
maximal reliability is a fundamental task. Besides the search problem described
above, subgraph extraction is useful for visualization of large graphs and for
preprocessing large graphs for other analysis methods.

The proposed methods, BPI and SPA, are based on greedy strategies for in-
crementally constructing a reliable subgraph of the desired size. BPI is based on
simple use of best paths to span a subgraph, whereas SPA involves a more elab-
orate construction of series-parallel graphs. Unlike previous methods that prune
the original graph until it reaches the given size, these incremental methods are
relatively insensitive to the size of the original graph. We provide some technical
details and a rough analysis of the algorithms. The practical performance of the
methods is evaluated on real probabilistic graphs from the biological domain.
The results indicate that the proposed methods scale much better to large input
graphs, both computationally and in terms of the quality of the result. We use
subgraph extraction as a component in Biomineﬂ, a search engine prototype for
information discovery in biological databases.
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In the frequent string mining problem, one is given m databases Dy, ..., D,, of
strings and searches for strings that fulfill certain frequency constraints. The
constraints consist of m pairs of thresholds (minf,, mazf,), ..., (minf ,, mazf,,)
and one wants to find all strings ¢ that satisfy minf,; < freq(¢, D;) < mazf,; for
all 7 with 1 <4 < m, where freq(¢,D;) = |[{t) € D; : ¢ is a substring of ¥ }|.

Fischer et al. [2] presented an algorithm that solves the frequent string mining
problem in linear time under the assumption that the number of databases is
treated as a constant. The space consumption of this algorithm, however, is
proportional to the total size of all databases. We improve this algorithm in
such a way that its space consumption is proportional to the size of the largest
database, and it takes linear time regardless of the number of databases. Also,
our algorithm is more flexible in the sense that one of several databases can be
replaced without having to recalculate everything, that is, intermediate data can
be stored on file and be reused.

Algorithm for the Frequent String Mining Problem

— For each database D from the set of databases {Ds,..., Dy, } do:

e Construct the enhanced suffix array of all strings in D and use a modified
version of the algorithm of [2] to determine which substrings are relevant,
i.e., satisfy the frequency constraint for database D.

e Store for each suffix ¢ the minimum and maximum length of relevant
substrings ¢ for which ¢ is the lexicographically smallest suffix which
has ¢ as a prefix.

— Iteratively calculate the intersection of the relevant substrings of databases
D1 and D5, then the intersection of the result with the relevant substrings
of D3, and so on. This is done by matching the respective database against
the enhanced suffix array of D;.
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Matrix decompositions are used for many data mining purposes. One of these
purposes is to find a concise but interpretable representation of a given data
matrix. Different decomposition formulations have been proposed for this task,
many of which assume a certain property of the input data (e.g., nonnegativity)
and aim at preserving that property in the decomposition.

In this paper we propose two new decomposition formulations for binary ma-
trices, namely the Boolean CX and CUR decompositions. They are natural com-
binations of two previously-presented decomposition formulations. The Boolean
CX (BCX) decomposition assumes a binary input matrix A and decomposes it
into two binary factor matrices, C' and X, with matrix C' containing a subset
of A’s columns. Matrix A is represented using the Boolean matrix product of
C and X, A ~ C o X. The Boolean matrix product o is like the normal matrix
product, but with addition defined as 1 4+ 1 = 1. In the Boolean CUR (BCUR)
decomposition, A is decomposed into three matrices, C', U, and R, with matrix
C containing a subset of A’s columns and matrix R containing a subset of A’s
rows. Matrix A is represented as A ~ C o U o R.

We also study two subproblems of these decompositions, the Basis Usage (BU)
problem and the Mixing Matrix (MM) problem. In the former we are given the
matrices A and C and our goal is to find the matrix X such that A ~ C o X.
In the latter we are given the matrices A, C, and R and our goal is to find the
matrix U such that A = C o U o R. We give lower and upper bounds for the
approximability of the BU and MM problems and use the results to show the
NP-completeness of the BCX problem.

We give algorithms for the problems and study the performance of the algo-
rithms via extensive experimental evaluation. Our results show that, despite the
high theoretical complexity of the problems, even simple algorithms can perform
well with both synthetic and real-world data.
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Graph mining is gaining importance due to the numerous applications that rely
on graph-based data. Some example applications are: (i) analysis of microarray
data in bioinformatics, (ii) pattern discovery in social networks, (iii) analysis
of transportation networks, (iv) community discovery in Web data. Existing
pattern discovery approaches operate by using simple constraints on the mined
patterns. For example, given a database of graphs, a typical graph mining task is
to report all subgraphs that appear in at least s graphs, where s is the frequency
support threshold. In other cases, we are interested in the discovery of dense
or highly-connected subgraphs. In such a case, a threshold is defined for the
density or the connectivity of the returned patterns. Other constraints may be
defined as well, towards restricting the number of mined patterns. There are
three important limitations with this approach: (i) there is an on-off decision
regarding the eligibility of patterns, i.e., a pattern either satisfies the constraints
or not, (ii) in the case where the constraints are very strict we risk an empty
answer or an answer with only a few patterns, and (iii) in the case where the
constraints are too weak the number of patterns may be huge.

Towards dealing with the previous limitations, we address the problem of
incorporating preferences in the pattern discovery process and we propose the
SkyGraph algorithm which is based on min-cut computations. Each subgraph is
seen as a record containing two attributes: (i) the order (number of vertices) and
(ii) the edge connectivity. The importance of a discovered subgraph increases as
both the order and the edge connectivity increase. Therefore, the best possible
subgraphs (termed skyline subgraphs) are the ones that are maximized both in
order and edge connectivity. To the best of the authors’ knowledge, this is the
first work studying the skyline problem in the process of knowledge discovery.
The performance of the proposed technique is evaluated by using real-life as well
as synthetically generated random graphs.
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In this paper we study the discovery of frequent sequences and we aim at ex-
tending the non-derivable condensed representation in frequent itemset mining
to sequential pattern mining. We start by showing a negative example: in the
context of frequent sequences, the notion of non-derivability is meaningless.

This negative result motivated us to look at a slightly different problem: the
mining of conjunctions of sequential patterns. This extended class of patterns
turns out to have much nicer mathematical properties. For example, for this
class of patterns we are able to extend the notion of non-derivable itemsets in
a non-trivial way, based on a new unexploited theoretical definition of equiva-
lence classes for sequential patterns. As a side-effect of considering conjunctions
of sequences as the pattern type, we can easily form association rules between
sequences. We believe that building a theoretical framework and an efficient ap-
proach for sequence association rules extraction problem is the first step toward
the generalization of association rules to all complex and ordered patterns.

We also present a new depth-first approach to mine non-derivable conjunctive
sequential patterns and show its use in mining association rules for sequences.
This approach is based on a well known combinatorial theorem: the Mobius
inversion. A performance study using both synthetic and real datasets illustrates
the efficiency of our mining algorithm. These new introduced patterns have a
high-potential for real-life applications, especially for network monitoring and
biomedical fields with the ability to get non-redundant sequential association
rules with all the classical statistical metrics such as confidence, conviction, lift
etc.
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Patterns are at the core of the discovery of a lot of knowledge from data but
their uses are limited due to their huge number and their mining cost. During
the last decade, many works addressed the concept of condensed representation
w.r.t. frequency queries. Such representations are several orders of magnitude
smaller than the size of the whole collections of patterns, and also enable us to
regenerate the frequency information of any pattern. Equivalence classes, based
on the Galois closure, are at the core of the pattern condensed representations.
However, in real-world applications, interestingness of patterns is evaluated by
various many other user-defined measures (e.g., confidence, lift, minimum). To
the best of our knowledge, these measures have received very little attention. The
Galois closure is appropriate to frequency based measures but unfortunately not
to other measures.

This paper extends the concept of pattern condensed representations. We pro-
pose a framework for condensed representations w.r.t. a large set of new and var-
ious queries named condensable functions. These queries encompass not only the
frequency (conjunctive, disjunctive or negative) and frequency-based measures,
but also address many other interestingness measures (e.g., minimum) and con-
straints having no suitable property of monotonicity. Condensed representations
are achieved thanks to new closure operators automatically derived from each
condensable function to get adequate condensed representations. We propose a
sound and correct generic algorithm MICMAC to efficiently mine the adequate
condensed representations. Experiments show the conciseness of the adequate
condensed representations, especially in dense and/or correlated data. They also
demonstrate the scalability of our algorithm for measures or constraints which
are intractible with naive methods.

We think that generalizing closure-based condensed representations will offer
new tools for higher KDD tasks (e.g., non-redundant rules w.r.t. any measures),
similarly there are many uses stemming from the frequency.

* This is an extended abstract of an article published in the Data Mining and Knowl-
edge Discovery journal [].
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Data stream values are often associated with multiple aspects. For example, each
value observed at a given time-stamp from environmental sensors may have an as-
sociated type (e.g., temperature, humidity, etc) as well as location. Time-stamp,
type and location are the three aspects, which can be modeled using a tensor
(high-order array). However, the time aspect is special, with a natural ordering,
and with successive time-ticks having usually correlated values. Standard mul-
tiway analysis ignores this structure. To capture it, we propose 2 Heads Tensor
Analysis (2-heads), which provides a qualitatively different treatment on time.
Unlike most existing approaches that use a PCA-like summarization scheme
for all aspects, 2-heads treats the time aspect carefully. 2-heads combines the
power of classic multilinear analysis (PARAFAC [1], Tucker [5], DTA/STA [3],
WTA [2]) with wavelets, leading to a powerful mining tool. Furthermore, 2-heads
has several other advantages as well: (a) it can be computed incrementally in
a streaming fashion, (b) it has a provable error guarantee and, (¢) it achieves
significant compression ratio against competitors. Finally, we show experiments
on real datasets, and we illustrate how 2-heads reveals interesting trends in the
data.

This is an extended abstract of an article published in the Data Mining and
Knowledge Discovery journal [4].
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Abstract. Alpha-helical transmembrane proteins mediate many
key biological processes and represent 20%-30% of all genes in many or-
ganisms. Due to the difficulties in experimentally determining their high-
resolution 3D structure, computational methods to predict the location
and orientation of transmembrane helix segments using sequence infor-
mation are essential. We present, TOPTMH a new transmembrane he-
lix topology prediction method that combines support vector machines,
hidden Markov models, and a widely-used rule-based scheme. The con-
tribution of this work is the development of a prediction approach that
first uses a binary SVM classifier to predict the helix residues and then
it employs a pair of HMM models that incorporate the SVM predictions
and hydropathy-based features to identify the entire transmembrane he-
lix segments by capturing the structural characteristics of these proteins.
TOPTMH outperforms state-of-the-art prediction methods and achieves
the best performance on an independent static benchmark.

1 Introduction

Transmembrane helical (TMH) proteins play a crucial role in several cellular
functions, such as cell-to-cell communication, cell signaling, and transportation
of ions and small molecules [3], and are of key interest to the pharmaceutical in-
dustry as approximately 50% of all existing drugs are targeting transmembrane
proteins [I5]. Experimental determination of the three dimensional structure of
TMH proteins is challenging, because they are difficult to crystallize and are
too large for NMR studies [2I]. As such, TMH proteins represent only 1% of
known 3D protein structures [2], even though they account for about 20%-30%
of the encoded proteins in several organisms [31]. Computational methods that
can accurately predict the topology of TMH proteins by identifying the helical
segments along with their orientation relative to the interior of the cell (also
called cytoplasm) are currently the only high-throughput approach to charac-
terize structural aspects of transmembrane proteins (See Figure [II).

* This work was supported by NSF EIA-9986042, ACI-0133464, 11S-0431135, NIH
RLMO008713A, NIH T32GMO008347, the Digital Technology Center, University of
Minnesota and the Minnesota Supercomputing Institute.
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Over the years, a number of different methods have been developed for pre-
dicting the topology of TMH proteins. In general, these methods need to predict
the following items: (i) the type of each residue (e.g., helix, loop, etc.), (ii) the
TMH segments, and (iii) their orientation. The various methods developed differ
on the number of distinct steps that they use to predict the above items. Some
methods predict each item individually, others utilize predictors that combine
some of these steps, and others predict all three items in a single step. The residue
types are predicted by either relying on the fact that membrane segments con-
tain primarily hydrophobic residues (e.g., TopPred [29]) or by utilizing machine-
learning approaches (e.g., neural networks, support vector machines) using as
features the amino acid sequence of the protein or evolutionary information in
the form of sequence profiles (e.g., PHDhtm [25], MEMSAT?3 [10], SVMTop [20]).
The segments are identified using simple hydrophobicity plots [I6] to ascertain
probable helical segments and then employ various rules based on the expected
lengths of the TMH segments to either accept, reject, or break long segments
[20029132]. The segment orientation is often determined by relying on the fact
that the regions between TMH segments that are positively charged tend to
reside in the intracellular regions of the membrane (positive-inside rule [29]).
The approaches that combine segment identification with orientation determi-
nation (e.g., MEMSAT3) employ dynamic programming methods to determine
the different segments of a TMH protein and its orientation relative to the cy-
toplasm. Finally, the approaches that predict all of the above items in a single
step utilize hidden Markov models (HMM) that capture the different structural
components of a TMH protein (e.g., TMH segment, inside loop, outside loop,
signal peptide, etc.) as separate modules. These models are trained on either the
amino acid sequence of the proteins (e.g., TMHMM [26] and HMMTOP [27])
or on sequence profiles (e.g., Phobius [I7]) and predict the topology of a TMH
protein by determining its most probable path through that model using Viterbi
decoding [22].

This paper focuses on improving the accuracy of HMM-based approaches by
combining them with an SVM-based approach that predicts the types of each
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residue. Specifically, we developed a TMH topology prediction algorithm, called
TOPTMH, that solves the residue-type prediction, segment identification, and
orientation determination in three distinct steps. The type of each residue is
annotated via an SVM-based approach utilizing a window-based encoding of
the residues’ profile information and a second order exponential kernel func-
tion [12J2324]. The segments are identified by using a pair of HMMs that model
the different structural components of TMH proteins. The first HMM uses as
input the SVM predictions for each residue, whereas the second HMM uses as
input hydropathy information as measured by a recently introduced hydropho-
bicity scale [§]. Finally, the orientation of the predicted segments is determined
by applying the positive-inside rule.

The advantages of this approach are three-fold. First, by using a discrimina-
tive approach to learn a residue-type prediction model, the accuracy of these
predictions are higher than those obtained (indirectly) by the HMM model. Sec-
ond, by encoding the protein sequences via the SVM predictions, whose signal is
significantly higher than that of the raw sequence profile, the demands imposed
during HMM parameter estimation are substantially reduced allowing it to bet-
ter focus on learning how to correctly identify the different segments. Third,
by combining the outputs of the HMM models trained on the SVM predictions
and on the hydrophobicity scores, it allows TOPTMH to correctly identify the
TMH segments that have an amino acid composition that is similar to that of
signal peptides.

We experimentally evaluated the performance of TOPTMH on three widely
used datasets. Our evaluation was performed in two phases. First, we evaluated
the gains obtained by TOPTMH by comparing it against an approach that
uses a rule-based scheme to identify the TMH segments from the SVM pre-
dictions and another that uses just a single HMM model trained on the SVM
predictions. Our evaluation showed that the HMM-based segment identification
outperforms the rule-based approach by at least 50% in terms of the @, score,
which measures per-segment accuracy, and that by combining both the SVM-
and the hydrophobicity-based HMM models, a further 3%—19% improvements
can be obtained. Second, we evaluated its performance by comparing it against
Phobius [I7] and MEMSATS3 [I0]. Our evaluation showed that TOPTMH out-
performs both of them across the different datasets. We also evaluated the per-
formance of TOPTMH on an independent static benchmark [I4]. The results
on this blind evaluation showed that TOPTMH achieves the highest scores
on high-resolution sequences (Q2 score of 84% and @, score of 86%) against
existing state-of-the-art systems while achieving low signal peptide error.

2 Background and Definitions

2.1 Transmembrane Helical Proteins

The structure of a typical TMH protein is shown in Figure [Il It consists of
a series of helical segments passing through the cell’s membrane (bilipid layer)
separated by loop segments that are either on the inside or the outside side of
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the membrane. TMH segments can have two orientations: they can be going
from the inside to the outside or from the outside to the inside of the cell. This
orientation is relative to the location of N-terminus of the TMH protein. The
TMH topology prediction problem involves predicting the residues that make
up the helical segments and their orientation.

2.2 Position Specific Scoring Matrices

The position specific scoring matrix (PSSM) of a protein is obtained from a
multiple sequence alignment of that protein and a set of other proteins that
have a statistical significant sequence similarity (i.e., they are expected to be
homologs). For a sequence X of length n, its PSSM is represented by a n x 20
matrix Px. The n rows of this matrix correspond to the various positions in X
and the columns correspond to the 20 distinct amino acids. The position specific
scoring matrices used by TOPTMH were generated using the latest version of
the PSI-BLAST algorithm [I] (available in NCBI’s blast release 2.2.13), and were
derived from the multiple sequence alignment constructed after five iterations
using an e value of 1072 for initial and subsequent sequence inclusions (i.e.,
we used blastpgp -j 5 -e 0.01 -h 0.01). The PSI-BLAST was performed
against the SWISS-PROT [4] database release 53.0 that contains 269,293 se-
quences. A post processing step was performed to extract the log-odds scores
(n x 20 matrix) of each protein sequence from the PSI-BLAST output to use as
the input feature for residue classification.

2.3 Hydrophobicity Scale

A hydrophobicity (HP) scale assigns a value to each of the 20 standard amino
acids based on its hydrophobicity. In the context of TMH prediction methods,
the Kyte and Doolittle [I6] and the GES [6] HP scales are commonly used.
These scales are based on biophysical or statistical analysis of high-resolution
membrane protein structures and do not fully capture the cellular context of the
membrane proteins [8]. For this reason, TOPTMH uses a recently published []]
HP scale (AGgs, scale) that captures the energetics of the protein-lipid inter-
action in biological contexts and thus is more biologically relevant. It has been
shown that this scale is able to determine the topology of membrane proteins
with higher precision than other scales [30].

3 TOPTMH Algorithm

The TOPTMH algorithm solves the TMH prediction problem by first assign-
ing a score to each residue based on its likelihood to be in a helix state (residue
annotation step), then using these scores it determines the protein’s TMH seg-
ments (segment identification step), and finally using the positive-inside rule it
determines their orientation (orientation determination step). These steps are
described in the rest of this section.
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3.1 Residue Annotation Step

We developed an SVM-based TMH residue annotation approach that uses
features obtained from the protein’s PSSM. Its overall structure is similar to
that used by existing methods for SVM-based structural and functional annota-
tion of protein residues using position specific scoring matrices (e.g., secondary
structure for globular proteins [12], solvent accessible surface area [24], disorder
prediction [24], and DNA-binding [24]).

TOPTMH formulates the residue annotation problem as a binary classifica-
tion problem whose goal is to predict if a residue belongs to a helix state or not.
For each residue ¢ of a protein sequence X, the input to the SVM is a (2w + 1)-
length subsequence (wmer) of X centered at position ¢. Each wmer is represented
by a vector x; of length (2w + 1) x 20 that is obtained by concatenating the rows
of the PSSM for each position of the wmer. This wmer-based input is used for
both training and prediction. The parameter w determines the length of the local
environment around the ith sequence position used while building and applying
the model and its optimal value is determined experimentally.

TOPTMH uses SVMlight [9] to learn the actual SVM model and utilizes the
second order exponential function (soe) [12] as its kernel function. The soe kernel
has been shown to produce better results than the traditional radial basis function
(rbf) kernel for various sequence annotation prediction problems [12J2423]. For a
sequence, these predictions are available as a web service called MONSTER. In
the context of TOPTMH, the soe kernel function is given by

K2($ivyj) >
VK (@i, y) K2 (@i y;) )

K¢ (xi,y5) = exp (1 + (1)

where z; and y; are the vector representations of two wmers, K2 is given by
ICQ(CEi,yj) = (zi,y5) + <xiayj>27 (2)

and (z;,y;) denotes the dot-product of the z; and y; vectors.

3.2 Segment Identification Step

In order to determine the best approach for identifying the TMH segments we
developed and studied three different approaches. The first approach utilizes a
simple scheme based on empirical rules and the other two predict the topology by
employing hidden Markov models (HMM) [22]. The first HMM-based approach
uses a single HMM based solely on the SVM scores, whereas the second uses two
HMMs—one based on SVM scores and one based on hydrophobicity scales.

Rule-Based. The rule-based segment identification approach post-processes
the SVM-based residue annotations and identifies the segments by applying some
heuristics rules that take into account the minimum and maximum lengths of

! http://bio.dtc.umn.edu/monster
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the TMH segments. Specifically, for each protein, this approach traverses the
SVM annotated residues and identifies all maximal contiguous segments that
were annotated as TMHS by the SVM. Any TMH segment whose length [ is
shorter than the minimum length of L,,;, residues is rejected (i.e., converted into
non-helix residues). If any of the remaining segments have [ > L,, 4., they are
split into two separate segments as follows. For the segments with { < 2L, + C,
the segment is split by changing the middle C' residues into loops. For segments
with [ > 2L, + C, the segment is split by creating two helical segments con-
sisting of the first and last L,y residues and converting the remaining central
residues into loops. The threshold values Lyin, Lmaz, Lopt and C' are set as 9,
38, 19 and 6 respectively. These values were initially chosen based on a litera-
ture review [29/3l32] and then optimized to provide the best results given the
SVM-based annotations produced by TOPTMH.

HMM-Based. The HMM-based segment identification approaches determine
the segments of a TMH protein by threading the sequence into an HMM model
that is designed to capture the various structural components of a TMH pro-
tein. These approaches were motivated by recent studies which showed that
HMM-based TMH prediction methods are well-suited for predicting the topol-
ogy of TMH proteins as they can directly learn from the data the various struc-
tural constraints associated with TMH protein segments and their relations to
the protein’s underlying sequence and/or PSSM [BIT85]. However, unlike these
methods, the HMM-based approaches that we developed take into account the
SVM-scores produced by the residue annotation step, which provide better per-
residue predictions for the helix/non-helix states than the maximum likelihood
approaches used by HMMs. The architecture of our HMM model, shown in Fig-
ure[2] is designed to capture the known structural information of TMH proteins
and is similar to that employed by Phobius [T7]. The model contains four major
compartments: (i) helix, (ii) inside loop, (iii) outside loop, and (iv) signal pep-
tide. The helix compartment is composed of two submodels each containing 35
states. One submodel is used for modeling helix segments that go from inside
towards the outside, and the other for the helix segments that go from outside
towards the inside. In each of these submodes, states 1-8 contain transitions to
only the next state, whereas states 9-34 can transition to the next state or to
state 35 (last state). Thus, any predicted helix segment will be of length 9-35
residues long. The outside loop compartment is divided into two submodels to
represent long and short non-cytoplasmic loops. Each of these submodels con-
tains 20 states to model loops that are at least 1-20 residues long. Each submodel
also has a state with self-transition to represent long cytoplasmic loops. The in-
side loop compartment also contains 20 states to allow it to model loops that
are 1-20 residues long. The signal peptide compartment was designed based on
Phobius model and it has three regions: the n-region (10 states), the h-region
(20 states), and the c-region (20 states). The last state of the c-region represents
a cleavage site transitioning to a outside loop state.
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Fig. 2. The layout of the HMM model used in TOPTMH

The HMM models were built using the UMDHMM [11]] package (version 1.02),
which was modified to take as input annotated protein sequences. The threading
of a sequence through the HMM model was done using the Viterbi [22] algorithm.

HMM Based on SVM Scores (HMM-SVM). This approach builds an HMM
model that only takes into account the per-residue SVM scores produced by the
annotation step. To construct the training set, the SVM score for each residue
is computed. Since, HMMs are primarily designed to operate on finite size al-
phabets, the raw SVM scores are discretized into a finite number of bins with
each bin corresponding to a distinct symbol. The final training set for the HMM
corresponds to a set of proteins with known TMH topology represented as se-
quences of SVM-score based bins. A similar SVM-based prediction followed by
discretization is performed when this model is used to predict the topology
of a test protein. We discretized the SVM scores into equal-size intervals, and
assigned all residues with scores < —3 and > 3 into the first and last bin,
respectively.

HMM Based on SVM Scores and Hydrophobicity Scores (HMM-SVM+HP). This
model builds a pair of HMM models—one based on SVM scores (HMM-SVM)
and one based on the hydrophobicity values (HMM-HP) of known TMH se-
quences and combines the topology predictions from both HMM models. This
approach was motivated by the fact that in certain cases, the SVM-based residue
annotation may fail to identify certain hydrophobic TMH segments. This is
further discussed in Section
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Table 1. Discretization of Hydrophobicity values

Labels Amino Acids HP Values

1 R,E, K, D 2.5<h

2 N,H, P, Q 1.0<h<25

3 T,Y,G,S —0.1<h<09
4 F,V,C,A,M, W —04 < h<—-0.1
5 I,L h < —0.5

I

HP Values denotes a range of hydrophobicity values decided based on [§]

The HMM-SVM model is identical to that described in the previous section.
The HMM-HP model is built by first encoding the amino acids of each TMH
protein as a sequence of discretized hydrophobicity values. Table [l shows the
scheme used to discretize the hydrophobicity values for each amino acid. Both
the HMM-SVM and HMM-HP models are used independently to predict the
TMH segments. The final set of predictions consists of the segments predicted by
HMM-SVM and those segments predicted by HMM-HP that do not overlap with
any of the segments of HMM-SVM. Two segments are considered to overlap if
they have more than five residues in common. Since this approach combines both
the SVM- and HP-based HMM models, we will refer to it as HMM-SVM-+HP.

3.3 Orientation Determination Step

Once the TMH segments have been identified, their orientation relative to the
N-terminus is determined by applying the positive-inside rule [29] using the
technique introduced in THUMBUP [32]. In this approach, each protein is first
coded into a binary sequence by assigning a one to the first protein residue and
all the arganine and lysine residues and a zero to the remaining residues. Then,
a score is computed for each loop by adding the values of its 15 neighboring
residues on each side. If the total score for odd-numbered loops is greater than
or equal to that of even loops, the N-terminus is inside the membrane, otherwise
it is outside.

4 Experimental Design

4.1 Datasets

We evaluated the prediction performance of the TOPTMH method on datasets
used by the Phobius and MEMSAT3 methods and by participating on the static
benchmark [I3]. The datasets obtained from the Phobius study included a set
of 247 transmembrane proteins and a set of 45 transmembrane proteins that
contained signal peptide residues with transmembrane helix segments. We will
denote the first dataset as TM-ONLY and the second as TM-SP. The dataset
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obtained from MEMSATS3 consisted of a set of 184 non-homologous transmem-
brane proteins denoted as MOLLER that also contained a few signal peptide
proteins.

The static benchmark consists of a set of 2247 sequences whose true an-
notations are not given to the public. A method predicts the annotations for
these sequences and uploads them to the evaluation server. The server assesses
the quality of the predictions and compares them to that obtained by other
methods. The 2247 sequences contain four distinct subsets. The first is the high-
resolution subset which contains sequences of proteins whose high resolution
structure is available, the second is the low-resolution subset that includes mem-
brane proteins detected using low resolution structures, the third subset is the
globular protein subset which includes globular protein sequences and the fourth
is the signal peptide subset that includes proteins sequences with signal peptide
residues. The sequences provided to the public is not grouped in the above men-
tioned subsets, but the results published on the evaluation server is presented
accordingly.

4.2 Training and Testing Methodology

For each of the TM-SP and TM-ONLY datasets, the different methods were
evaluated using a standard 10-fold cross validation protocol by splitting the pro-
teins into 10 different parts. The percent sequence identity between the different
folds were at most 30% and 35% for the TM-ONLY and TM-SP datasets, respec-
tively. The ten folds were identical to that used by Phobius making it possible
to directly compare our results with those obtained by Phobius.

The two-level HMM-SVM model was trained as follows. The training set was
further split into 10 different folds {f1,..., fio}. For each fold f;, the other nine
folds were used to train the SVM model and then used to predict the residues
for the proteins in f;. At the end of this step all the residues of the proteins
in the training set have SVM predictions. These predictions are then used to
train the HMM model for the training set. In addition, the entire training set
is used to build an SVM residue prediction model. Note that the test set is not
used anywhere during training. During testing, the residues of each test protein
are first predicted using the SVM model built on the entire training set, and
these predictions are provided as input to the HMM model to predict the TMH
segments.

The predictions for the static benchmark were obtained by training the SVM
and HMM models using all the sequences from TM-SP and TM-ONLY datasets.

4.3 Evaluation Metrics

The performance of TMH prediction is evaluated on a per-residue and on a
per-segment basis using well-established metrics [3]. The per-residue evaluation
measures the ability of a method to correctly annotate the different residues into
helices or non-helices (two classes). We used three per-residue metrics denoted by

;%791’5, ;Z’ffrd, and Qs. Q?’f’bs is the percentage of observed TMH residues that
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are predicted correctly (helix recall), ;Z’f-? "4 is the percentage of predicted TMH

residues that are predicted correctly (helix precision), and )2 is the percentage
of correctly predicted residues (both helix and non-helix).

The per-segment evaluation measures the ability of a method to correctly
identify the actual TMH segments. We used three per-segment metrics denoted

by QZ‘;?ZS, 2/‘;’;2‘{7 and Q.. Q(Z"t‘;ff is the percentage of observed TMH segments

that are predicted correctly (TMH segment recall), Z‘;’T’;d is the percentage of

predicted TMH segments that are predicted correctly (TMH segment preci-
sion), and @, is the percentage of proteins for which all the TMH segments are
predicted correctly. Note that Q. is a very strict metric as each protein con-
tributes either a zero or an one. In the above metrics, a predicted TMH segment
is considered to be correctly identified if there is an overlap of ten residues be-
tween the predicted and observed helix segmentsﬁ In addition, a predicted helix
segment is counted only once. This is illustrated by considering the following
examples:

Obs2 : ===TTTTTTTTTTTTTTTTTTTTTTTTTTTTTT--
Pred2: TTTTTTTTTTTTTT-——--- TTTTTTTTTTTTTTT

In this example, Obsl and Pred1 are the observed and predicted TMH segments
for a particular protein sequence. During evaluation, the second segment of the
Obsl sequence will not be considered as correctly predicted, since the only seg-
ment predicted in Predl is already accounted for in the first segment of the Obsl
sequence. On the other hand, the second segment of the Pred2 sequence will be
considered as incorrectly predicted as the first segment will be considered for the
only segment in Obs2 sequence.

Although, the per-residue measures capture the accuracy of a method to pre-
dict the annotation label for a residue, it is not able to assess the ability of
the method to identify the TMH segments separated by loop regions of dif-
ferent lengths. Hence, TMH prediction algorithms are mostly evaluated using
per-segment metrics.

5 Results

5.1 Residue Annotation Performance

The performance achieved by the SVM-based residue annotation for different
values of w is shown in Table [2l This table shows the per-residue performance
metrics (Qq, Q%% and Q?}f’rd) for a subset of the TM-ONLY dataset. We ob-
serve that in terms of the various metrics, the performance achieved for different
values of w is rather similar. The only exception is w = 2, where the performance

2 Earlier techniques used an overlap of only three [3] or five [17] residues, which is too
short and can artificially inflate the performance of a scheme.
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Table 2. Residue Annotation Performance with varying wmer length

wmer Q2 ngngs ?%mi
2 86.6 78.1 76.9
5 88.2 85.3 75.5
7 88.3 84.7 7.4
11 88.3 85.5 76.6

The numbers in bold show the best wmer length performance as measured for that metric.

is substantially lower than the rest. Overall, the best performance was obtained
using wmer of length seven. For this reason, all the remaining experiments pre-
sented in this study use w = 7.

5.2 Segment Identification Performance

Table Bl presents the per-residue and per-segment based results of different TMH
segment identification approaches on the TM-ONLY and TM-SP datasets. For
the SVM-HMM approach, Table Bl shows three different sets of results that were
obtained by binning the SVM scores into 5, 7, and 12 bins (HMM-SVM-D5,
HMM-SVM-D7, and HMM-SVM-D12). The row labeled “Raw-SVM” shows the
results obtained by using as TMH segments the maximal contiguous segments
that were predicted as TMHS by the SVM (i.e., the set of segments that form
the input to the rule-based segment identification approach).

Comparing the per-residue performance achieved by the various approaches
we see that Raw-SVM achieves very good per-residue two-state accuracy (Q2).
It has the highest Q5 value for TM-ONLY and the second highest for TM-SP.
However, focusing on this metric alone is misleading because most of the residues
in transmembrane proteins are non-helix [19] and relatively high Q2 values can
be obtained by simply predicting most of the residues as being in a non-helix
state. Consequently, high ()2 values represent good performance only if they are
accompanied with high helix recall (Q2"*) values. In light of this discussion,
we see that the HMM-based segment identification approaches tend to achieve
considerably better recall values (especially for TM-SP) while their helix pre-
cision (QZ2F™) is in some cases better than that of the Raw-SVM approach.
Among the different schemes, the rule-based approach achieves the best pre-
cision results, whereas the approach that combines the SVM- and HP-based
HMMs (HMM-SVM-D7+HP) achieves the best recall. However, unlike the high
precision achieved by the HMM-SVM-D7+HP approach, the rule-based scheme
achieves the lowest recall leading to the worst Qo values.

Comparing the per-segment performance, we see that the Raw-SVM approach
achieves @), scores that range from 35%-40%, which are by far the lowest among
the different approaches. These results indicate that even though Raw-SVM
can correctly predict a large fraction of the helical residues, it fails to predict
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Table 3. TMH Segment Identification Performance

TM-SP TM-ONLY

Per-Residues Scores

Methods Q2 ;A’Tobs Z‘%ﬂd Q2 ?Tobs ;/‘ﬁl"wd
Raw-SVM 96.73 71.10 86.60 90.64 84.30 83.10
Rule 95.16 59.56 95.89 89.19 79.65 87.36
HMM-SVM-D5 96.28 76.39 84.87 89.40 85.54 82.25
HMM-SVM-DT7 96.45 76.85 87.72 89.34 85.61 82.23
HMM-SVM-D12 96.24 77.56 84.45 89.31 86.13 81.35
HMM-SVM-D7+HP 97.08 84.80 88.50 89.46 86.21 82.04

Per-Segment Scores

Methods Qo Jeobs Jeprd Qo Jeobs Jeprd
Raw SVM 35.55  85.23  70.09 38.86  94.34  74.33
Rule 64.44  75.00  100.00 70.85  92.88  94.96
HMM-SVM-D5 64.44  84.09  87.05 71.66 9539  93.73
HMM-SVM-D7 7111 8523  92.59 72.06  95.63  93.52
HMM-SVM-D12 60.00 8522  85.22 70.04  95.80  92.87
HMM-SVM-D7+HP  84.44  93.18  93.18 73.68  96.12  93.33

correctly large contiguous portions of each helical segment. On the other hand,
the per-segment performance achieved by the other segment identification ap-
proaches are considerably higher. Both the rule- and HMM-based approaches are
able to significantly improve over Raw-SVM for both the TM-SP and TM-ONLY
datasets. Among them, the approaches based on HMM-SVM outperform the
rule-based approach by 2%-12%, even though the latter achieved the highest

7erd seores (100% and 96.44% for TM-SP and TM-ONLY, respectively).

The overall best Q. results were obtained by the HMM-SVM-D7+HP ap-
proach. In particular, the @), values achieved by HMM-SVM-D7+HP are 19%
and 3% better than the next best performing scheme (HMM-SVM-D7) on the
TM-SP and TM-ONLY datasets, respectively. The large performance advantage
of HMM-SVM-D7+HP over HMM-SVM-D7 on the TM-SP dataset are primar-
ily due to increases in recall (Q75°%*). HMM-SVM-D7+HP achieves a Q5% of
93.18% compared to the 85.23% achieved by HMM-SVM-D7. A possible ex-
planation for the relatively poor performance of HMM-SVM-D7 is that due to
the signal peptide segments present in some of the sequences in the TM-SP
dataset, the SVM model fails to identify some of the TMH residues. However,
these residues can be correctly identified when hydrophobicity scores are consid-
ered, and as such the combined HMM-SVM-D7+HP approach leads to better
overall results.



TOPTMH: Topology Predictor for Transmembrane a-Helices 35

Table 4. Performance Comparison with Phobius

TM-SP TM-ONLY
Method Accuracy Accuracy
TOPTMH 93.18 75.71
Phobius 91.10 63.60

Accuracy denotes the percentage of the correctly predicted proteins and a prediction
was counted correct when all predicted TMH segments overlap all observed TMH seg-
ments over a five residue stretch and loops were located correctly. Prediction accuracy
did not consider incorrect prediction of signal peptide segments to be consistent as [I7].

Table 5. Performance Comparison with MEMSAT3 on the MOLLER dataset

Method # TM SEG  # TOPO # TOPO+LOC # TOPO+LOC(10)
TOPTMH 162 (88.04%) 149 (80.98%) 134 (72.83%) 131 (71.20%)
Phobius 152 (82.60%) 134 (72.80%) 126 (68.40%) 120 (65.20%)
MEMSAT3 156 (84.80%) 150 (81.50%) 147 (79.90%) 141 (76.60%)

# TM SEG denotes the number of predicted proteins that had correct number of TMH segments
irrespective of topology or location. # TOPO denotes the number of proteins for which the ori-
entation of the protein (N-terminus is inside or outside of the cytoplasm) was predicted correctly.
# TOPO+LOC denotes the number of proteins for which the topology and the TMH segment lo-
cations were predicted correctly. This score was calculated based on five residue segment overlap.
# TOPO+LOC(10) shows the # TOPO+LOC scores for ten residue segment overlap.

5.3 Performance Comparison with Previous Methods

We compared the TOPTMH method (i.e., HMM-SVM-D7+HP) with Phobius
and MEMSAT3, which are two of the best TMH prediction methods currently
available. Phobius uses a sophisticated HMM to mark the TMH and signal pep-
tide regions and MEMSATS3 uses a combination of neural network and dynamic
programming to identify the TMH segments. The results of these comparisons
are shown in Tables @ and Bl To facilitate the comparisons between the different
schemes, the performance metrics used in these tables are similar to the metrics
used in Phobius and MEMSAT3 and allow us to directly compare TOPTMH
performance with these systems.

Comparing TOPTMH’s performance against Phobius (Table H) we see that
TOPTMH achieves accuracies that are 2% and 10% higher than those achieved
by Phobius on the TM-SP and TM-ONLY datasets, respectively. The perfor-
mance advantage of TOPTMH over Phobius also holds for the MOLLER dataset
(Table B]) as well. TOPTMH performed better in all three categories by cor-
rectly predicting 162, 149, and 134 proteins compared to the 152, 134, and 126
proteins predicted by Phobius, respectively.

Comparing TOPTMH’s performance against MEMSAT3 (Table Bl) we see
that TOPTMH was able to predict the correct number of TMH segments for
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Table 6. TMH Benchmark Results

High Resolution Accuracy Low Resolution Accuracy
Per-segment Per-residue Per-segment Per-residue
%ob Yoprd Y%o0b. Y%oprd Y%ob Y%prd Y%ob Y%prd
Method on Qhoﬁms Qhotm Q2 Q2919 ° Q2"3I‘ QOk Qhot?ms Qh‘;ﬁm Q2 QQOT? ° QOT

TOPTMH 86 95 96 84 75 90 66 92 88 90 &4 80
PHDpsihtm08 84 99 98 80 76 83 67 95 94 89 87 7
HMMTOP2 83 99 99 80 69 89 66 94 93 90 85 83
MEMSAT3 80 98 97 83 T8 88 63 92 87 88 86 76
Phobius 80 92 93 80 69 84 65 90 88 90 81 79
DAS 79 99 96 72 48 94 39 93 81 86 65 85
TopPred2 75 90 90 77 64 83 48 84 79 88 T4 71
TMHMM1 71 90 90 80 68 81 72 91 92 90 83 80
SOSUI 71 88 86 75 66 74 49 88 86 88 79 72
PHDhtmO07 69 83 81 78 76 82 56 85 86 87 83 5

Results for TOPTMH and MEMSAT3 were obtained by collecting predictions for test set of the
TMH static benchmark [13] and submitting the results to the benchmark server. Phobius [I7] pre-
diction were collected loading the benchmark test sequences to the Phobius web server [I3] and
submitting the output to the benchmark server. All the other results were provided by the TMH
static benchmark evaluation web-site.

more proteins (162 vs 156) and predict the correct topology for a similar number
of proteins (149 vs 150). However MEMSAT3 was able to predict more proteins
with both correct topology and location than TOPTMH (147 vs 134). We be-
lieve that this is primarily due to the fact that due to the binary classification of
the protein sequences in helix and non-helix residues, TOPTMH was not able
to effectively differentiate between inside and outside loops and thus could not
perform similar to MEMSATS3.

TOPTMH Performance on the Static Benchmark. The performance of
TOPTMH on the static benchmark is shown on Table[dl The TOPTMH results
shown in these tables correspond to the results obtained using the HMM-SVM-
D7+HP topology prediction approach. From these results we see that TOPTMH
achieved the highest Q,x score of 86% for the high-resolution sequences and the
highest Q2 scores of 84% and 90% for the high- and low-resolution sequences,
respectively. Moreover, TOPTMH has performed about 7% better in TMH
prediction than both MEMSAT3 and Phobius. Note that even though HMM-
TOP2 achieved QZ”t‘;f’f and ontl;;d scores that were higher than the corresponding
scores achieved by TOPTMH, its Q. score of is lower than that achieved by
TOPTMH. This is due to the fact that even though HMMTOP2 identified more
TMH segments in total than TOPTMH, it was not as successful in predicting
proteins for which all of the TMH segments were identified correctly.
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6 Conclusions

In this paper we developed the TOPTMH method to predict the transmem-
brane a-helix topology using sequence information. TOPTMH uses PSI-BLAST
constructed profiles and hydrophobicity information within a hybrid SVM- and
HMM-based framework. This novel hybrid method captures the power of SVM-
based models to discriminate between the helical and non-helical residues with
the power of HMMs to identify length-dependent topological structures. Exper-
iments on the Phobius and MOLLER datasets showed that TOPTMH achieves
high per-residue and per-segment accuracies and that on an independent static
benchmark it outperforms existing state-of-the-art methods such as PHDpsi-
htm08 [25], HMMTOP2 [28], MEMSATS3 [I0], Phobius [17], and TopPred2 [7].
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Abstract. We present nondeterministic hypotheses learned from an or-
dinal regression task. They try to predict the true rank for an entry,
but when the classification is uncertain the hypotheses predict a set of
consecutive ranks (an interval). The aim is to keep the set of ranks as
small as possible, while still containing the true rank. The justification
for learning such a hypothesis is based on a real world problem arisen in
breeding beef cattle. After defining a family of loss functions inspired in
Information Retrieval, we derive an algorithm for minimizing them. The
algorithm is based on posterior probabilities of ranks given an entry. A
couple of implementations are compared: one based on a multiclass SVM
and other based on Gaussian processes designed to minimize the linear
loss in ordinal regression tasks.

1 Introduction

In the last few years, ordinal regression has become an important issue in Ma-
chine Learning research. See [I] and [2] for a state of the art introduction. The
aim of ordinal regression is to find hypotheses able to predict classes or ranks
that belong to a finite ordered set. Applications include Information Retrieval
[3], Natural Language Processing [4], collaborative filtering [5], finances [6], and
user preferences [7].

The approach presented in this paper explores a new kind of predictions in
ordinal regression. We shall build hypotheses that try to predict the true rank
for an entry, but when the classification is uncertain the hypotheses predict an
interval of ranks. The aim is to return a set of consecutive ranks, such that the
set is as small as possible, while still containing the true rank. As we shall learn
hypotheses for ordinal regression tasks with multiple outcomes, like nondeter-
ministic automata, we shall call them nondeterministic ordinal regressors. From
another point of view, these hypothesis could be called set-valued predictors.

Predictors of more than one class are not completely new. Given an error e,
the so called confidence machines, make conformal predictions [§]: they produce
a set of labels containing the true class with probability greater than 1 —e. Other
approaches arose in the context of hierarchical organization of biological objects:
predicting gene functions [9], or mapping biological entities into ontologies [10].
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In the next Section we shall show the usefulness of these nondeterministic
hypotheses in a real world application context: the assessment of muscle propor-
tion in carcasses of beef cattle. This is an important question in cattle breeding
since this proportion determines, on the one hand, the prices to be obtained by
carcasses, and on the other hand, the genetic value of animals to select studs for
the next generation.

We formalize the problem of nondeterministic predictions as a special kind of
Information Retrieval. Thus, we define a family of loss functions Fjzg and derive
an algorithm for minimizing this loss. The algorithm needs the estimation of
posterior probabilities of ranks given the entries. Then, we compare a couple of
implementations built on the estimations provided by a SVM [I1], and by the
Gaussian approach of [I] devised for ordinal regression tasks.

The last Section of the paper presents an exhaustive set of experiments carried
out in order to test the performance of the nondeterministic approach. Thus,
in addition to the beef cattle learning task, we shall use 24 datasets publicly
available that were previously used in ordinal regression tasks [TIT2].

2 The Round Profile of Bovines

The problem that motivated the research reported in this paper arose when
we were trying to make reliable predictions of the value of the carcasses of
beef cattle. This learning task was proposed by ASEAVA, the Association of
Breeders of a beef breed of the North of Spain, Asturiana de los Valles. This
is a specialized breed with many double-muscled individuals; their carcass have
dressing percentages over 60%, with muscle content over 75%, and with a low
(8%) percentage of fat [I3]. The market target of these carcasses is made up of
those consumers that prefer lean meat without any marbling [7UT4UT5].

Even if the animals are not going to be slaughtered, the prediction of car-
cass value of a beef cattle is interesting since it can be considered as a kind
of assessment that is useful for breeders to select the progenitors of the next
generation. Thus, the ICAR (International Committee for Animal Recording)
acknowledges as a good practice the recording of live animal assessments; since
these assessments are a description of an animal’s morphology that reveals part
of its economic value.

The records so obtained can be used for the evaluation of programs of genetic
selection of dairy, dual purpose and specialized beef breeds. The growth of the
scores over years of selection for specific goals can be seen as a measure of the
success of the selection policy. On the other hand, when the assessed traits are
heritable, the scores can be directly used for selection purposes given that they
are capturing part of animal’s genetic value.

Traditionally, the assessment procedures were based on wvisual appreciations
of well trained technicians that had to rank a number of morphological char-
acteristics that include linear lengths of significant parts of animals’ bodies.
Although this process has been used successfully, it is clear that there is a prob-
lem with the repeatability of the assessments; not only between assessors, but
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Fig. 1. The assessment of the round profile of a beef cattle is a measurement of the
roundness of the lines drawn in the pictures. Thus, the leftmost cow in the top row is
a paradigm of the animals which have rank 1, while the following are representative
examples of ranks 2, 3 and 4 respectively.

even within assessors scoring the same animal in different times. In order to
overcome these difficulties, we developed a new assessment method described
in [I6] that is almost completely repeatable and can be carried out using just
3 lengths (in centimeters) plus the appreciation of the curvature of the round
profile (see the curves in Figure[I]). For this learning task we used a kernel based
method described in [I7].

The aim of the assessment of round profiles is to rank the muscularity of
animals. Therefore, it is a very important attribute for describing beef cattle.
However, the curvature of the round profile is assessed by wvisual appreciations
of experts. But visual appreciations is a source of problems. Thus, for instance,
in [I8], the authors describe an experiment in which a set of expert graders were
asked to rank a collection of mushrooms into three major and eight subclasses of
commercial quality. Grader consistency was assessed by repeated classification
(four repetitions) of two 100-mushroom sets. Grader repeatability ranged from
6% to 15% misclassification.

Therefore, returning to beef cattle, to ensure the repeatability of the whole
process, we should skip the subjective appreciation of the rank of round profiles.
Thus, a new learning task arises: to estimate this rank from repeatable live
animal descriptions. For this purpose, we built a dataset with 891 pairs of animal
descriptions (6 lengths in centimeters of their bodies, live weight, and sex) and
ranks (in a scale of 1-4). To ensure a uniform criterion, the first author of this
paper measured and ranked the round profile of the 891 live animals.
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But this is a difficult learning task. The classification accuracy achieved by a
multiclass SVM was 77%; the implementation used was a probabilistic
libsvm [I1]. These results are not improved when using a learner specially de-
vised for ordinal regression tasks. Thus, using the MAP approach of [I], the
accuracy was 76%. The details about how we obtained these scores are included
in the last section devoted to report a number of experimental results. On the
other hand, we shall prove that a nondeterministic hypothesis contains the true
class more than 84% of cases, while the average number of ranks predicted is
just 1.21 or 1.30 depending of the learner used.

Moreover, the nondeterministic approach is more useful than the plain deter-
ministic one in this problem for several reasons. First, the reliability of hypothesis
predictions is higher than in the deterministic case. Therefore, when the hypoth-
esis predicts only one rank, the estimation of the rank is very probably the true
one. Second, when the prediction is an interval of more than one rank, we can
appeal to a more expensive procedure to finally decide the true class. In this
case, we may turn to an actual expert, or we can wait until the natural growth
of the animal make the classification more clear.

However, sometimes even a nondeterministic prediction may be useful to dis-
card an animal as stud for the next generation: a prediction of [1, 2] must imply a
poor genetic value as meat producer, provided that the hypothesis is sufficiently
reliable.

3 Formal Framework

Let X be an input space, and ) a finite set of ordered ranks. Without any loss
of generality, we can assume that J = {1,..., k} for a given k. We shall consider
an ordinal regression task given by a training set S = {(1,y1),-.., (Tn,¥n)}
drawn from an unknown distribution Pr(X,Y") from the product X x Y. Within
this context, we propose the following.

Definition 1. A nondeterministic hypothesis is a function h from the input
space to the set of non-empty intervals (subsets of consecutive ranks) of V; in
symbols,

h: X — Intervals(Y). (1)

The aim of such a learning task is to find a nondeterministic hypothesis h from a
space H that optimizes the expected prediction performance (or risk) on samples
S’ independently and identically distributed (i.i.d.) according to the distribution
Pr(X,Y):

RA(h) = / Ah(@), y) d(Pr(z.y)). @)

where A(h(x),y) is a loss function that measures the penalty due to the predic-
tion h(x) when the true value is y.

In nondeterministic ordinal regression, we would like to favor those decisions
of h that contain the true ranks, and a smaller rather than a larger number of
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ranks. In other words, we interpret the output h(x) as an imprecise answer to
a query about the right rank of an entry & € X. Thus, the nondeterministic
ordinal regression can be seen as a kind of Information Retrieval task for each
entry.

In Information Retrieval, performance is compared using different measures in
order to consider different perspectives. The most frequently used are the Recall
(proportion of all relevant documents that are found by a search) and Precision
(proportion of retrieved documents that are relevant). The harmonic average of
the two amounts is used to capture the goodness of a hypothesis in a single
measure. In the weighted case, the measure is called Fj3. The idea is to measure
a tradeoff between Recall and Precision.

For further references, let us recall the formal definitions of these Information
Retrieval measures. Thus, for a prediction of a nondeterministic hypothesis h(x)
with & € X, and a rank y € ), we can compute the following contingency
matrix, where z € ),

y=z y#=z
z € h(x) a b (3)
z ¢ h(x) c d

where each entry (a, b, ¢, d) is the number of times that happens the correspond-
ing combination of memberships. Thus, notice that a can only be 1 or 0, de-
pending on whether the rank y is in the prediction h(x) or not; b is the number
of ranks different from y included in h(x); ¢ = 1 — a; and d is the number of
ranks different from y that are not in h(x).

According to the matrix (Eq. B]), if 4 is a nondeterministic hypothesis, and
(x,y) € X x ), we have the next definitions.

Definition 2. The Recall in a query (i.e. an entry x) is def