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Dear colleagues and students, 
 

We welcome you to HSCBB_12, the 7th Conference of the Hellenic Society for Computational 
Biology and Bioinformatics – HSCBB. 

 
The Conference, which is the major annual event of HSCBB, is a traditional forum where 

researchers in the relevant fields from Greece and abroad have the opportunity to present their 
work, exchange ideas and establish scientific collaborations. 

 
We would like to thank the local organizers, the members of the scientific program committee and 

the various sponsors that have supported the organization of the meeting towards a success. 
 

The Conference is co‐organized by the HSCBB, the IMBB and ICS of FORTH, the HCMR‐IMBG and 
the University of Crete. 

 
We truly hope you will enjoy the Conference! 

 
 
 

The HSCBB_12 Organizing Committee 
Stavros Hamodrakas 

University of Athens, Greece 
Ioannis Iliopoulos 

University of Crete, Heraklion, Greece 
Christos Ouzounis 

Center for Research & Technology Hellas‐ 
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& University of Toronto, Canada 
Vasilis Promponas 

University of Cyprus, Nicosia, Cyprus 
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University of Central Greece, Lamia, Greece 



HSCBB_12 
 

THE PROGRAM 
 
Thursday, 4 October 

11.00 - 11.30 Registration opens (registration will be open throughout the meeting) 

11.30 - 12.00 Opening Remarks (IMBB/ICS Director, S. Hamodrakas – President of HSCBB) 

12.00 - 13.00 Keynote Speaker [Chair: I. Iliopoulos] 
   Anton Enright 
   Computational Genomics of Small RNAs 

Session 1: Systems Biology [Chairs: P. Poirazi, Ch. Ouzounis] 

13.00 - 14.00 Rapsomaniki, M.A., Cinquemani, E., Kotsanis, P., Lygeros, J. and Lygerou, Z. 
   Identification of Protein Dynamics in vivo using Stochastic Modeling and 

Simulation of Fluorescence Recovery after Photobleaching (FRAP) Experiments 

   Panagiotou, G. 
   The Chemical Interactome Space between the Human Host and the Genetically 

Defined Gut Metabo-types 

   Nikolaou, C., Pandis, Y., Koliaraki, V., Reczko, M., Ragoussis, J. and Kollias, G. 
   Assessing Epigenetic Regulation of Gene Expression in Chronic Versus Acute 

Inflammatory Response in Rheumatoid Arthritis 

14.00 - 15.00 Lunch Break 

15.00 - 16.30 Poster Session No 1:  Genome and Comparative Biology (Poster No 22, 28) 
    Structural Biology (Poster No 03, 13, 14) 
    Algorithms (Poster No 01, 07, 18, 23, 24, 27, 32) 
    Evolution (Poster No 17, 31, 38) 
    Databases and Ontologies (Poster No 06, 20, 34) 

Session 2: Sequence Analysis [Chairs: V. Promponas, Ch. Nikolaou] 

16.30 - 17.30 Manioudaki, M., Bazakos, Ch., and Kalaitzis, P. 
   Pyrosequencing Based Transcriptome Analysis of Olive Response to NaCl Stress 

   Chitranshi, N., Tiwari, A.K. and Tripathi, P.K. 
   Investigating the Function of Single Nucleotide Polymorphism (SNPs) in CTSB 

Gene (cathepsin B): a Computational Approach 

   Pavlopoulos, G.A., Sifrim, A., Sakai, R., Moreau, Y., and Aerts, J. 
   A Visualization Approach to Explore the Structural Variome with Meander 

17.30 - 18.00 Coffee Break 

18.00 - 18.30 Invited Speaker [Chair: G. Potamias] 
   Kitsos Louis 
   Bio-Ontologies and New Biology 



 
 
 

Friday, 5 October 

10.00 - 11.00 Keynote Speaker [Chair: A. Oulas] 
   Alice McHardy 
   Inferring Genotype-Phenotype Relationship in the Evolution of Human Influenza A  

11.00 - 11.30 Coffee Break 

11.30 - 12.00 Invited Speaker [Chair: I. Tsamardinos] 
   Ioannis Kontodinas 
   Knowledge Management for Systems Biology - from Personalized Medicine to 

Synthetic Biology 

Session 3: Algorithms [Chairs: I. Tsamardinos, V. Lagani] 

12.00 - 12.40 Malatras, A. and Michalopoulos, I. 
   MM: An Algorithm for Automated Tree Pruning 

   Papadopoulos, A., Kirmitzoglou, I., Promponas, V.J. and Theocharis, Th. 
   GPU_CAST: GPU Technology as a Platform for Accelerating Low-complexity 

Region Detection in Protein Sequences 

12.40 - 14.00 Lunch Break 

14.00 - 15.30 Poster Session No 2:  Systems Biology (Poster No 02, 05, 08, 15, 26, 29, 33, 36) 
    Applied Bioinformatics (Poster No 09, 10, 12, 19, 21, 30, 37) 
    Translational Bioinformatics (Poster No 04, 11, 16, 25, 35) 

Session 4: Gene Regulation and miRNA [Chairs: Ch. Nikolaou, V. Pafilis] 

15.30 - 16.30 Hadjimichael, C., Potamias, G., Stratidaki, I., Zoumadakis, C., Kafetzopoulos, D. 
and Kretsovali, A. 

   Patterning MicroRNA Profiles in the Course of Mouse Embryonic Stem Cell 
Differentiation: a Graph-theoretic Clustering Approach 

   Karathanasis, N., Armen, A.P., Tsamardinos, I. and Poirazi, P. 
   DuplexSVM: a miRNA-duplex Prediction Tool 

   Dritsou, V., Topalis, P., Dialynas, E., Mitraka, E. and Louis, C. 
   Expressing Information about miRNAs: The miRNA Ontology 

16.30 - 17.00 Coffee Break 

Session 5: Applied Bioinformatics [Chairs: P. Bagos, G. Pavlopoulos] 

17.00 - 18.00 Vatsiou, A., Cokelaer, T. and Saez-Rodriguez, J. 
   Comparison of Stochastic Optimization Methods in CellNOpt 

   Pafilis, E., Frankild, S., Fanini, L., Faulwetter, S., Pavloudi, C., Vasileiadou, K., 
Arvanitidis, C. and Jensen, L.J. 

   SPECIES: Organism Name Identification in the Scientific Literature 

   Koumandou, V.L. and Scorilas, A. 
   Evolutionary and Functional Relationships between Plasma and Tissue Kallikreins 

18.00 - 19.00 Keynote Speaker [Chair: Ch. Ouzounis] 
   Manolis Dermitzakis 
   Regulatory Genomics in Human Populations 



 

Saturday, 6 October 

10.00 - 10.30 Invited Speaker [Chair: G. Kotoulas] 
   Guy Cochrane 
   European Nucleotide Archive: Scaling for Data and Facing the Biodiversity User 

10.30 - 11.00 Invited Speaker [Chair: D. Kafetzopoulos] 
   Graham Ball 
   Modelling Estrogen Receptor Pathways in Breast Cancer using an Artificial Neural 

Network Based Inference Approach 

11.00 - 11.30 Coffee Break 

Session 6: Translational Bioinformatics [Chairs: I. Michalopoulos, P. Topalis] 

11.30 - 12.30 Moschopoulos, C. and Moreau, Y. 
   Collaborative Knowledge Bases for Genomic Medicine 

   Tsamardinos, I., Lagani, V. and Pappas, D. 
   Discovering Multiple, Equivalent Biomarker Signatures 

   Kafetzopoulou L.E., Dhondalay, G.K.R., Powe, D.G. and Ball, G.R. 
   Biomarker Identification in Breast Cancer: Pathways to Therapeutic Response 

12.30 - 14.00 Lunch Break 

13.00 - 14.00: HSCBB General Assembly 

14.00 - 15.30 The Future of Bioinformatics in Greece / Cyprus, the Role of the HSCBB, and 
Briefing and Views on ELIXIR 

                Round Table / Discussion  

Session 7: Genome and Comparative Biology [Chairs: P. Bagos, V. Promponas]  

15.30 - 16.30 Kontopoulos, D.-G. and Glykos, N. 
   Pinda: a Web Service for Detection and Analysis of Intraspecies Gene Duplications 

   Desiniotis, A., Kouvelis, V.N., Davenport, K., Bruce, D., Detter, Ch., Tapia, R., 
Han, C., Goodwin, L., Woyke, T., Kyrpides, N.C., Typas, M.A. and Pappas, K.M. 

   Analysis of the Genome Sequence of the Ethanol-Producing Zymomonas mobilis 
subsp. mobilis centrotype ATCC 29191 

   Psomopoulos, F.E., Argiriou, A., Tsaftaris, A.S. and Ouzounis, Ch.A. 
   A Pangenome Analysis of the Glucosinolate Pathway in Plants 

16.30 - 17.00 Coffee Break 

17.00 - 18.00 Keynote Speaker [Chair: V. Promponas] 
   Alexis Stamatakis 
   Biodiversity Informatics: Problems and Challenges for an Emerging 

Computational Science 

18.00 - 18.30 Best Poster Awards  
18.30 - 19.00 Concluding Remarks [HSCBB Board, Local Organizing Committee] 
 
 
 
 



HSCBB_12 
 

Poster Sessions 
 

 

Thursday, 4 October 
 

15.30 - 17.00 Poster Session No 1 
 

Genome and Comparative Biology  
Poster No 22 :  Nikolaou, Ch., Tsiagas, G. and Almirantis, Y. 
  CpG Islands of Higher Eukaryotes Exhibit Potential Functions beyond their 

Regulatory Role 

Poster No 28 : Plakas, Th., Anastasiou, R., Ferreira, S., Supply, Ph., Papandreou, N.C., Pot, B., 
Tsakalidou, E. and Papadimitriou, K. 

  Analysis of the Lactococcal Plasmid pSMA198 found in Streptococcus macedonicus 
ACA-DC 198 Points towards the Habituation of the Strain to the Dairy 
Environment 

     

Structural Bioinformatics  
Poster No 03 : Baltoumas, F.A., Theodoropoulou, M.C. and Hamodrakas, S.J. 
  Overlapping Interaction Sites on the Surface of the Gα Subunics of G-proteins 

Poster No 13 : Kostiou, V.D., Theodoropoulou, M.C. and Hamodrakas, S.J. 
  G-Proteins: Detection of the Four Distinct Gα Families, the Gβ and the Gγ 

Subunits using Profile Hidden Markov Models (pHMMs) 

Poster No 14 : Kotta-Loizou, I., Tsaousis, G.N. and Hamodrakas, S.J. 
  Membrane MoRFs and their Relations with "Aggregation-prone" Peptides on the 

Interaction Surface of their Partners 
     

Algorithms  
Poster No 01 : Alachiotis, N., Vogiatzi, E., Pavlidis, P. and Stamatakis, A. 
  ChromatoGate: A Tool for Detecting Base Mis-Calls in Multiple Sequence 

Alignments by Semi-Automatic Chromatogram Inspection 

Poster No 07 : Dimou, N.L. and Bagos, P.G. 
  Tools for Robust Analysis in Genome-wide Association Studies using STATA 

Poster No 18 : Maniadi, E.M. and Tollis, I.G. 
  VisBolic: A Tool for the Analysis and Vizualization of Metabolic Pathways and 

Networks 

Poster No 23 : Oulas, A., Karthanasis, N., Louloupi, A., Iliopoulos, I., Kalantidis, K. and Poirazi, 
P. 

  A New microRNA Target Prediction Tool Identifies a Novel Interaction of a 
Putative miRNA with CCND2 

Poster No 24 : Oulas, A., Vogiatzaki, E., Zoumadakis, Ch., Doulis, A.G. and Iliopoulos, I. 
  MSAP Analyzer - A Comprehensive Web Tool for Processing Methylation Sensitive 

Amplified Polymorphism (MSAP) Data 

Poster No 27 : Patmanidis, I. and Glykos, N.M. 
  Folding Simulations of a Highly Frustrated Peptide 

Poster No 32 : Pyrgiotis, T.K. and Margaritis, K.G. 
  Hybrid Implementation of the Wu-Mander Algorithm using OpenCL and MPI 



 

Evolution  
Poster No 17 : Lirakis, M., Kousathanas, A., Lika, K. and Ladoukakis, E. 
  Studying the Diversity of the Metazoan mtDNA Length 

Poster No 31 : Psomopoulos, F.E. and Ouzounis, Ch.A. 
  Ancestral Reconstruction of Metabolic Pathway Content at the Paleome Level 

Poster No 38 : Vitsios, D.M., Psomopoulou, F.E. and Ouzounis, Ch.A. 
  Null Entries for BioPAX Pathways, Visualization and Pathway Phylogenetic 

Profiling Based on Paxtools 
     

Databases and Ontologies 
Poster No 06 : Dialynas, E., Redmond, S., MacCallun, R.M., Topalis, P., Christophides, G. and 

Louis, K. 
  Population Biology at Vector Base 

Poster No 20 : Mitraka, E., Topalis, P., Dialynas, E., Dritsou, V. and Louis, Ch. 
  Ontologies for Infection Diseases: The Paradigm of IDOMAL and IDODEN 

Poster No 34 : Theodoropoulou, M.C., Logaridi, A.S., Bagos, P.G. and Hamodrakas, S.J. 
  PLHG-DB: a Database of Peptide Ligands of Human G-protein Coupled Receptors 

(GPCRs) 

 
 

Friday, 5 October 
 

14.30 - 16.00 Poster Session No 2 
 

Systems Biology 
Poster No 02 :  Anastasakis, S. and Poirazi, Y. 
  Computational Modeling of Fear Memory Allocation in Amygdalar Neuronal 

Populations 

Poster No 05 : Charitou, Th., Pavlopoulos, G.A. and Bagos, P.G. 
  Large Scale Computational Analysis of Biological Networks: A Comprehensive 

Evaluation 

Poster No 08 : Kalantzaki, K., Bei, E., Garofalakis, M., Zervakis, M. and Kafetzopoulos, D. 
  Gene Interaction Networks based on Temporal Expansion of Graphical Models 

Poster No 15 : Jensen, K., Pletscher-Frankild, S., Jensen L.J., Brunak, S., Panagiotou, G and 
Kouskoumvekaki, I. 

  Disclosing the Medicine Value of the Vegetarian Diet by Global Characterization 
of the Plant Metabolic Space 

Poster No 26 : Papoutsi, A., Georgopoulou, D. and Poirazi, P. 
  Single-Neuron Integration of Background Activity Generates Prolonged 

Depolarized States in a PFC Model Cell 

Poster No 29 : Psarrou, M., Papoutsi, A. and Poirazi, P. 
  Influence of Dendritic Morphology on Single Neuron Arithmetic 

Poster No 33 : Roe, O.D. and Kerkentzes, K. 
  Differentially Expressed Genes of Major Lung Tumour Sybtypes and Normal Lung 

Tissue 

Poster No 36 : Tzamali, E., Sakkalis, V. and Marias, K. 
  Cancer Metabolism: Computational Study of the Lactate Secretion Metabolic 

Strategy 
  



Applied Bioinformatics 
Poster No 09 : Kannas, Ch.C., Achilleos, K.G., Antoniou, Z., Nicolaou, C.A., Pattichis, C.S., 

Neophytou, C.M., Savva, Ch., Constantinou, A.I., Kalvari, I., Kirmitzoglou, I. and 
Promponas, V. 

  GRANATUM-LISIs: Making complex in silico Predictive Models Accessible to Wet 
Biologists 

Poster No 10 : Kastellakis, G. and Poirazi, P. 
  Computational Modeling of Multiple Plasticity Rules in Dendritic Branches 

Poster No 12 : Konstantoudaki, X., Chalkiadaki, K., Papoutsi, A. and Poirazi, P. 
  Contribution of Distinct Interneuron Cell Types in Persistent Activity Properties in 

a Cortical Microcircuit Model 

Poster No 19 : Manioti, V.E., Kontou, P. And Bagos, P.G. 
  Empirical Assessment of Meta-Analysis of Gene Expression Data from Microarrays 

Poster No 21 : Nikolakakis, N.G., Braliou, G.G., Kontou, P.I. and Bagos, P.G. 
  The Role of Genetic Polymorphisms of Cytokines in End Stage Renal Disease 

(ESRD). A Meta-Analysis 

Poster No 30 : Psichias, K., Poirazi, P. and Sidiropoulou, K. 
  Biophysical Modulation of Persistent Activity in a Detailed Model Neuron of the 

Prefrontal Cortex 

Poster No 37 : Vainas, D., Roe, O.D. and Lagani, V. 
  Comparative Evaluation of Affymetrix and Illumina Genome-wide Expression Data 

in Pleural Mesothelioma 
     

Translational Bioinformatics 
Poster No 04 : Borboudakis, G. and Tsamardinos, I. 
  Incorporating Causal Prior Knowledge in Causal Models 

Poster No 11 : Kerkentzes, K. and Tsamardinos, I. 
  A Feature Selection Algorithm for Identifying High-Order Interactions in High-

Dimensional Biological Data 

Poster No 16 : Lagani, V., Kortas, G. and Tsamardinos, I. 
  Biomarker Signature Identification in "Omics" Data with Multi-class Outcome 

Poster No 25 : Papadakis, G., Garinis, G.A. and Lagani, V. 
  Analysis of Mouse Gene Expression Data in Ageing: a Temporal Clustering 

Approach 

Poster No 35 : Triantafillou, S. and Tsamardinos, I. 
  Predicting Associations from Multiple "Omics" Data Sets using Causal Discovery 
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Author Index 
(ΚΝ: Keynote Presentation, IN: Invited Presentation, ST: Session/Talk, PS: Poster Session/No) 

 
Achilleos, KG  PS2‐09               
Aerts, J  ST2‐3               
Alahiotis, N  PS1‐01               
Almirantis, Y  PS1‐22               
Anastasakis, S  PS2‐02               
Anastasiou, R  PS1‐28               
Antoniou, Z  PS2‐09               
Argiriou, A  ST7‐3               
Armen, AP  ST4‐2               
Arvanitidis, C  ST5‐2               
Bagos, PG  PS1‐07, PS1‐34, PS2‐05,  
  PS2‐19, PS2‐21       
Ball, G  IN‐4, ST6‐3             
Baltoumas, FA  PS1‐03               
Bazakos, Ch  ST2‐1               
Bei, E  PS2‐08               
Borboudakis, G  PS2‐04               
Braliou, GG  PS2‐21               
Bruce, D  ST7‐2               
Brunak, S  PS2‐15               
Chalkiadaki, K  PS2‐12               
Charitou, Th  PS2‐05               
Chitranshi, N  ST2‐2               
Christophides, G  PS1‐06               
Cinquemani, E  ST1‐1               
Cochrane, G  IN‐3               
Cokelaer, T  ST5‐1               
Constantinou, AI  PS2‐09               
Davenport, K  ST7‐2               
Dermitzakis, M  KN‐3               
Desiniotis, A  ST7‐2               
Detter, Ch  ST7‐2               
Dhondalay, GKR  ST6‐3               
Dialynas, E.  ST4‐3, PS1‐06, PS1‐20           
Dimou, NL  PS1‐07               
Doulis, AG  PS1‐24               
Dritsou, V  ST4‐3, PS1‐20             
Enright, A  KN‐1               
Fanini, L  ST5‐2               
Faulwetter, S  ST5‐2               
Ferreira, S  PS1‐28               
Frankild, S  ST5‐2               
Garinis, GA  PS2‐25               
Garofalakis, M  PS2‐08               
Georgopoulou, D  PS2‐26               
Glykos, N  ST7‐1, PS1‐27             
Goodwin, L  ST7‐2               

 
Hadjimichael, C  ST4‐1     
Hamodrakas, S  PS1‐03, PS1‐13, PS1‐14,  

PS1‐34 

Han, C  ST7‐2     
Iliopoulos, I  PS1‐23, PS1‐24   
Jensen, K  PS2‐15     
Jensen, LJ  ST5‐2, PS2‐15   
Kafetzopoulos, D  ST4‐1, PS2‐08   
Kafetzopoulou, LE  ST6‐3     
Kalaitzis, P  ST2‐1     
Kalantidis, K  PS1‐23     
Kalantzaki, K  PS2‐08     
Kalvari, I  PS2‐09     
Kannas, ChC  PS2‐09     
Karathanasis, N  ST4‐2, PS1‐23   
Kastellakis, G  PS2‐10     
Kerkentzes, K  PS2‐33, PS2‐11   
Kirmitzoglou, I  ST3‐2,PS2‐09   
Koliaraki, V   ST1‐3     
Kollias, G   ST1‐3     
Konstantoudaki, X  PS2‐12     
Kontodinas, I  IN‐2     
Kontopoulos, DG  ST7‐1     
Kontou, P  PS2‐19, PS2‐21   
Kortas, G  PS2‐16     
Kostiou, VD  PS1‐13     
Kotsanis, P  ST1‐1     
Kotta‐Loizou, I  PS1‐14     
Koumandou, VL  ST5‐3     
Kousathanas, A  PS1‐17     
Kouskoumvekaki, I  PS2‐15     
Kouvelis, VN  ST7‐2     
Kretsovali, A  ST4‐1     
Kyrpides, NC  ST7‐2     
Ladoukakis, E  PS1‐17     
Lagani, V  ST6‐2, PS2‐37, PS2‐16,  
  PS2‐25 

Lika, K  PS1‐17     
Lirakis, M  PS1‐17     
Logaridi, AS  PS1‐34     
Louis, K  IN‐1, ST4‐3, PS1‐06, PS1‐20

Louloupi, A  PS1‐23     
Lygeros, J  ST1‐1     
Lygerou, Z  ST1‐1     
MacCallun, RM  PS1‐06     
Malatras, A  ST3‐1     
Maniadi, EM  PS1‐18     
 



Manioti, VE  PS2‐19               
Manioudaki, M  ST2‐1               
Margaritis, KG  PS1‐32               
Marias, K  PS2‐36               
McHardy, A  KN‐2               
Michalopoulos, I  ST3‐1               
Mitraka, E  ST4‐3, PS1‐20             
Moreau, Y  ST2‐3, ST6‐1             
Moschopoulos, C  ST6‐1               
Neophytou, CM  PS2‐09               
Nicolaou, CA  PS2‐09               
Nikolakakis, NG  PS2‐21               
Nikolaou, C  ST1‐3, PS1‐22             
Oulas, A  PS1‐23, PS1‐24             
Ouzounis, ChA  ST7‐3, PS1‐31, PS1‐38           
Pafilis, E  ST5‐2               
Panagiotou, G  ST1‐2, PS2‐15             
Pandis, Y   ST1‐3               
Papadakis, G  PS2‐25               
Papadimitriou, K  PS1‐28               
Papadopoulos, A  ST3‐2               
Papandreou, NC  PS1‐28               
Papoutsi, A  PS2‐26, PS2‐29, PS2‐12           
Pappas, D  ST6‐2               
Pappas, KM  ST7‐2               
Patmanidis, I  PS1‐27               
Pattichis, CS  PS2‐09               
Pavlidis, P  PS1‐01               
Pavlopoulos, GA   ST2‐3, PS2‐05             
Pavloudi, C  ST5‐2               
Plakas, Th  PS1‐28               
Pletscher‐Frankild, S  PS2‐15               
Poirazi, P  ST4‐2, PS1‐23, PS2‐02,  
   PS2‐26,  PS2‐29, PS2‐10, 

PS2‐12, PS2‐30 

Pot, B  PS1‐28               
Potamias, G  ST4‐1               
Powe, DG  ST6‐3               
Promponas, VJ  ST3‐2, PS2‐09             
Psarrou, M  PS2‐29               
Psichias, K  PS2‐30               
Psomopoulos, FE  ST7‐3, PS1‐31, PS1‐38           
 
 
 
 
 
 
 
 
 
 
 
 

Pyrgiotis, TK  PS1‐32     
Ragoussis, J   ST1‐3     
Rapsomaniki, MA  ST1‐1     
Reczko, M   ST1‐3     
Redmond, S  PS1‐06     
Roe, OD  PS2‐33, PS2‐37   
Saez‐Rodriguez, J  ST5‐1     
Sakai, R  ST2‐3     
Sakkalis, V  PS2‐36     
Savva, Ch  PS2‐09     
Scorilas, A  ST5‐3     
Sidiropoulou, K  SP2‐30     
Sifrim, A  ST2‐3     
Stamatakis, A  KN‐4, PS1‐01   
Stratidaki, I  ST4‐1     
Supply, Ph  PS1‐28     
Tapia, R  ST7‐2     
Theocharis, Th  ST3‐2     
Theodoropoulou, MC  PS1‐03, PS1‐13, PS1‐34 

Tiwari, AK   ST2‐2     
Tollis, IG  PS1‐18     
Topalis, P  ST4‐3, PS1‐06, PS1‐20 

Triantafillou, S  PS2‐35     
Tripathi, PK  ST2‐2     
Tsaftaris, AS  ST7‐3     
Tsakalidou, E  PS1‐28     
Tsamardinos, I  ST4‐2, ST6‐2, PS2‐04,  
  PS2‐11, PS2‐16, PS2‐35

Tsaousis, GN  PS1‐14     
Tsiagas, G  PS1‐22     
Typas, MA  ST7‐2     
Tzamali, E  PS2‐36     
Vainas, D  PS2‐37     
Vasileiadou, K  ST5‐2     
Vatsiou, A  ST5‐1     
Vitsios, DM  PS1‐38     
Vogiatzaki, E  PS1‐24     
Vogiatzi, E  PS1‐01     
Woyke, T  ST7‐2     
Zervakis, M  PS2‐08     
Zoumadakis, C  ST4‐1, PS1‐24   

 

 



HSCBB_12 
 

Speaker List 
 

 

Graham BALL 
Nottingham Trend University 
School of Science and Technology 
Nottingham, UK 
graham.ball@ntu.ac.uk 
 
Nitrin CHITRANSHI     
Gautam Buddh Technical University 
Department of Pharmacy 
Luchnow, India 
Nitrin0916@gmail.com 
 
Guy COCHRANE 
EMBL 
European Bioinformatics Institute 
Cambridge, UK 
Cochrane@ebi.ac.uk 
 
Manolis DERMITZAKIS 
University of Geneva Medical School 
Department of Genetic Medicine  
and Development, Geneva, Switzerland 
emmanouil.dermitzakis@unige.ch 
 
Andreas DESINIOTIS 
University of Athens, Faculty of Biology 
Dept. of Genetics and Biotechnology 
Athens, Greece 
a.desiniotis@hotmail.com 
 
Vichy DRITSOU 
Institute of Molecular Biology and 
Biotechnology – FORTH 
Heraklion, Greece 
vdritsou@imbb.forth.gr 
 
Anton ENRIGHT 
EMBL 
European Bioinformatics Institute 
Cambridge, UK 
aje@ebi.ac.uk 
 
 

 
Liana KAFETZOPOULOU 
Nottingham Trend University 
School of Science and Technology 
Nottingham, UK 
graham.ball@ntu.ac.uk 
 
Nestoras KARATHANASIS 
University of Crete, Dept. of Biology 
and IMBB‐FORTH 
Heraklion, Greece 
Nk3932@hotmail.com 
 
Ioannis KONTODINAS 
Biomax Informatics AG 
Planegg 
Germany 
Ioannis.kontodinas@biomax.com 
 
Dimitrios‐Georgios KONTOPOULOS 
Democritus University of Thrace 
Dept. of Molecular Biology and Genetics 
Alexandroupolis, Greece 
dgkontopoulos@gmail.com 
 
Vasiliki Lila KOUMANDOU 
University of Athens, Faculty of Biology 
Dept. of Biochemistry and Molecular Biology 
Athens, Greece 
vkoumandou@biol.uoa.gr 
 
Kitsos LOUIS 
University of Crete, Dept. of Biology 
and IMBB‐FORTH 
Heraklion, Greece 
louis@imbb.forth.gr 
 
Apostolos MALATRAS 
University of Athens, Faculty of Biology 
Dept. of Biochemistry and Molecular Biology 
Athens, Greece 
amalatras@biol.uoa.gr 
 
 



Maria MANIOUDAKI 
Mediterranean Agronomic Institut of Chania 
Horticultural Genetics and Biotechnology 
Chania, Greece 
manioudaki@maich.gr 
 
Alice McHARDY 
Max‐Planck‐Institut für Informatik 
Computational Genomics and Epidemiology 
Saarbrücken, Germany 
mchardy@mpi‐inf.mgp.de 
 
Charalambos MOSCHOPOULOS 
Katholieke University Leuven 
Dept. Electrical Engineering‐ESAT, SCD‐SISTA 
Leuven, Belgium 
Charalambos.moschop@esat.kuleuven.be 
 
Christoforos NIKOLAOU 
BSRC “Alexander Fleming” 
Athens 
Greece 
Christoforos.nikolaou@gmail.com 
 
Evangelos PAFILIS 
Hellenic Centre of Marine Research (HCMR) 
Inst. Marine Biology, Biotechnology & 
Aquaculture (IMBBC, Heraklion, Greece 
pafilis@hcmr.gr 
 
Giannis PANAGIOTOU 
Technical University of Denmark, Center for 
Biological Sequence, Dept Systems Biology 
Lungby, Denmark 
gianni.panagiotou@gmail.com 
 
Georgios PAVLOPOULOS 
Katholieke University Leuven 
Faculty of Engineering – ESAT/SCD 
Leuven‐Haverlee, Belgium 
georgios.pavlopoulos@esat.kuleuven.be 
 
 
 
 
 
 
 
 

George POTAMIAS 
Institute of Computer Science, Foundation 
for Research and Technology‐Hellas 
Heraklion, Greece 
potamias@ics.forth.gr 
 
Vasilis PROMPONAS 
University of Cyprus 
Department of Biological Sciences 
Nicosia, Cyprus 
vprobon@ucy.ac.cy 
 
Fotis PSOMOPOULOS 
Center for Research and Technology Hellas 
(CERTH), Institute of Applied Biosciences 
Thessaloniki, Greece 
fpsom@issel.ee.auth.gr 
 
Maria Anna RAPSOMANIKI 
School of Medicine, University of Patras and 
Institut fur Automatik, ETH Zurigh 
Patras, Greece 
Rapsomaniki.marianna@gmail.com 
 
Alexandros STAMATAKIS 
Heidelberg Institute for Theoretical Studies 
Scientific Computing 
Heidelberg, Germany 
Alexandros.stamatakis@h‐its.org 
 
Alexandra VATSIOU 
EMBL 
European Bioinformatics Institute 
Cambridge, UK 
 
 
 
 
 
 
 
 
         

 
 



 

 

 

 

 

 

 

 

 

 

 

 

Keynote & Invited 
Lectures 

 

 

 

 

 

 

 



Computational Genomics of small RNAs 

Anton Enright 

European Bioinformatics Institute, EMBL, Cambridge, UK 

 

Small RNAs such as microRNAs (miRNAs) and piwi‐associated RNAs (piRNAs) have been shown to 
have diverse roles in genome regulation. In the case of miRNAs, a major goal is the development 
of  computational and experimental  techniques  for  the prediction and  validation of  their mRNA 
targets. We have developed a method  called Sylamer  for  the prediction and analysis of miRNA 
targets  that  utilises  seed  enrichment  analysis  to  determine  miRNA  targets  following  miRNA 
perturbation and profiling. We illustrate the performance of this method on a number of datasets 
including miR‐155 in mouse, miR‐430 in zebrafish and miR‐96 and its role in hearing.  

I will also focus on a recent collaboration with Dónal O'Carrol at EMBL Monterotondo on the role 
of piwi‐associated RNAs (piRNAs). These molecules have been shown to play an important role in 
the silencing of  transposons  in  the animal germline. We have been  trying examine  the enzymes 
and mechanisms associated with piRNA function in mouse. We a genetic strategy of creating ADH 
slicer  inactive mutant mouse enzymes, coupled with  large‐scale  sequencing of piRNAs  following 
pull‐down of these enzymes. Computational analysis of these data allow us to obtain new insight 
into the populations of piRNAs, their processing and role in the silencing of mouse transposons in 
the germ  line. Finally, I will discuss recent experimental results that seek to explain the diversity, 
scale and scope of adult piwiRNAs in the mouse male germ line. These molecules are believed to 
be important for meiosis and maintenance of adult germ line tissues. 

Throughout the talk I will discuss recent computational and technical advances  in the generation 
and analysis of Next Generation Sequencing data that have enabled many of the scientific projects 
we have been involved with over the past few years. 

 



Bio‐Ontologies and New Biology 
Kitsos Louis 

University of Crete, Dept. of Biology and Institute of Molecular Biology and Biotechnology‐FORTH, 
Heraklion, Greece 

 

It took a  few years until  life scientists started being aware and making use,  in  large numbers, of 
the revolutionary effects of the Gene Ontology in the handling of massive, modern biological data. 
This understanding of the first bio‐ontology to have been constructed, rapidly led to a boom in the 
area of ontology development  throughout biology, medicine  and  agronomy. My  laboratory has 
been active in this field for several years in the frame of the NIAID‐funded VectorBase project, and 
I will use some of the products of our own research efforts to outline why bio‐ontologies, beyond 
the boom mentioned, are  there  to  stay, helping expand and optimize  the bioinformatics‐based 
analysis of the results of high‐throughput studies. 

 



Inferring Genotype‐Phenotype Relationships in the Evolution of 
Human Influenza A Viruses 

Alice McHardy 

Max‐Planck‐Institut  für  Informatik,  Computational  Genomics  and  Epidemiology,  Saarbücken, 
Germany 

 
A  joint analysis of genetic, phenotypic and epidemiological  information  for  rapidly evolving RNA 
viruses  can  give  novel  insight  into  the  linked  process  of  their  epidemiology  and  evolution.  For 
instance, due to the rapid evolution of the surface proteins of human influenza A viruses, regular 
updates  of  the  vaccine  are  necessary  to  ensure  continued  protection.  I  will  discuss  several 
techniques that we have recently developed for the study of viral ‘phylodynamics’ and show their 
application to seasonal influenza A viruses: (1) Allele dynamics plots allow to visualize method the 
evolutionary  dynamics of  a  gene  over  time  in  a  population,  as well  as  to  identify  novel  alleles 
which might  be  under  directional  selection  and  rise  to  predominance.  AD  plots  for  the major 
surface  protein  of  seasonal  influenza  A  (H3N2)  and  the  2009  swine‐origin  influenza  A  (H1N1) 
viruses show  the succession of substitutions  that became  fixed  in  the evolution of  the  two viral 
populations.  They  also  allow  the  early  identification  of  those  viral  strains  that  later  rise  to 
predominance, which  is  important  for  the problem of  vaccine  strain  selection.   (2  )  'Phenotype 
trees'  allow  to  determine  phenotypic  weights  for  amino  acid  changes  in  the  evolution  of  a 
phenotype‐defining  protein  within  a  population  from  genetic  sequences  and  associated 
phenotypic  distances.  Again,  for  human  influenza  viruses,  recognizing  changes  in  the  antigenic 
phenotype  and  a  strains'  capability  to  evade  pre‐existing  host  immunity  is  important  for  the 
production of efficient vaccines. Antigenic  trees  inferred  from antigenic distances between viral 
isolates and associated genetic sequences for the major surface protein predict antigenic distances 
with  comparable  accuracy  to  antigenic  cartography.  Additionally,  it  identifies  both  known  and 
novel antigenically relevant sites, and amino acid changes with antigenic impact in the evolution of 
influenza A (H3N2) viruses from 1968 to 2003. (3) AdaPatch is a method which searches for dense 
and spatially distinct clusters of sites under positive selection on the protein surface using a graph‐
cut algorithm. For the hemagglutinin protein of human  influenza A viruses of the subtypes H3N2 
and H1N1,  our  predicted  sites  significantly  overlap with  known  antigenic  and  receptor‐binding 
sites.  From  the  structure  and  sequence  data  of  the  2009  swine‐origin  influenza  A/H1N1 
hemagglutinin and PB2 protein, we  identified  regions  that provide evidence of evolution under 
positive selection since  introduction of the virus  into the human population. The changes  in PB2 
overlap with sites reported to be associated with mammalian adaptation of the influenza A virus. 
All methods can be applied  for  the study of other  rapidly evolving genes  that are  important  for 
adaptation. 



Regulatory Genomics in Human Populations  
Manolis Dermitzakis 

University  of  Geneva  Medical  School,  Dept.  of  Genetic  Medicine  and  Development,  Geneva, 
Switzerland 

 

Molecular phenotypes are  important phenotypes  that  informs about genetic and environmental 
effects  on  cellular  state.  The  elucidation  of  the  genetics  of  gene  expression  and  other  cellular 
phenotypes are highly informative of the impact of genetic variants in the cell and the subsequent 
consequences in the organism. In this talk I will discuss recent advances in three key areas of the 
analysis of  the genomics of gene expression and cellular phenotypes  in human populations and 
multiple  tissues  and  how  this  assists  in  the  interpretation  of  regulatory  networks  and  human 
disease variants.  I will also discuss how  the  recent advances  in next generation  sequencing and 
functional genomics are bringing closer our hopes for personalized medicine. 



Knowledge Management for Systems Biology ‐  
from Personalised Medicine to Synthetic Biology 

Ioannis Kontodinas 

Biomax Informatics AG, Planegg, Germany 

 

Abstract ‐ Systems Biology based translational research promises better understanding of complex 
phenotypes and faster medical improvements while systems biology based improved biotechnical 
processes result in economic and ecologic production gains. Due to the amount and complexity of 
Systems  Biology  generated  information  it  requires  a  dedicated  knowledge  management 
infrastructure to connect and semantically integrate clinical/genetic data with current knowledge, 
sample biobanking, experimental data, in‐silico analysis and simulation.  

First  clinical  centres  of  excellence  now  start  to  deliver  on  the  promise  of  eHealth  by  applying 
statistical  classification of patients based on  complex  integrated data  to  improve diagnosis  and 
therapy  assignment.  Several  EU  research  projects  (FP6  BioBridge,  FP7  AirPROM  and  Synergy‐
COPD)  are  extending  this  statistical  approach  to  bring  information  from  molecular  data  and 
mechanistic insights from computational modelling into clinical decision processes at the centre of 
excellence. 

At  the  same  time  the  pharmaceutical  and  chemical  industry  is  transforming  into  a  biological 
industry,  increasingly  turning  to engineered  life  science processes  for production purposes. This 
engineering  process  requires  the  tight  integration  of  extensive  knowledge  and  data  from 
production organisms with to develop targeted optimisation strategies, with in‐silicio simulation of 
synthetic biology tasks to optimise execution of those improvement strategies and a repository of 
validated  genetic  elements  and  process modules  including  evidence  of  efficacy,  experience  on 
versatility enabling continuous feedback to select the ideal strategy for each individual use case. 

Here  we  will  present  the  application  of  a  general  knowledge management  environment,  the 
BioXMTM  framework,  in a  range of  life  science projects  from personalised medicine  to  synthetic 
biology. 

Introduction  ‐  In  life science research, knowledge generation relies on the collection,  integration 
and  analysis  of  a  diverse  set  of  relevant  up‐to‐date  information.  These  include  unstructured 
information from the literature, specifically extracted information from the multitude of available 
databases,  experimental  data  from  “‐omics”  platforms  as  well  as  high‐content  phenotype 
information and clinical data. Over the last 15 years a large number of methods and software tools 
have been developed to  integrate aspects of biological knowledge such as signalling pathways or 
functional annotation with experimental data. However, it has proven extremely difficult to couple 
true  semantic  integration  across  all  information  types  relevant  in  a  life  science  project with  a 
flexible  and  extendible data model,  robustness  against  structural  changes  in  services  and data, 
transparent usage, low set‐up and maintenance requirements and accessibility of legacy federated 
resources. 

Method  ‐  In  order  to  address  this  challenge we  deployed  the  BioXM  knowledge management 
environment  as  central  infrastructure  for  a  number  of  commercial  as well  as  public  projects. 
BioXM  allows  the  dynamic,  graphic  generation  of  domain  specific  knowledge  representation 
models  based  on  specific  objects  and  their  relations  supporting  annotations  and  ontologies. 
Wizards automatically adapted to the created knowledge model allow to map data from external 
sources for use as federated resource or for import. Visual browse and query interfaces are used 



to traverse the knowledge network and construct complex queries and retrievals. Web‐service and 
command  line  interfaces  enable  the  integration  of  data  analysis  and  presentation  methods. 
Browser  based  Web  applications  deploy  expert  knowledge  about  a  project  domain  and  the 
corresponding specific workflows to a broad user base in a simplified way. 

Result  ‐ Using  BioXM  a  chronic  obstructive  pulmonary  disease  (COPD)  specific  instance  of  the 
system  has  been  set  up  at www.copdknowledgebase.eu  allowing  users  to mine  COPD  specific 
molecular  networks,  clinical  and  experimental  data,  retrieve  sub‐networks  spanning  protein‐
protein  interaction,  pathway,  gene  ‐  disease  and  gene  ‐  compound  data  for  subsequent  data 
analysis, model building and simulation. The underlying knowledge network comprises more then 
3  million  objects  and  associations.  Analytical  applications  such  as  R‐scripts,  modelling  and 
simulation  tools, such as MathModellica, and standards  like SBML were  integrated and allow  to 
generate and simulate deterministic models. To parameterise and constrain the models, these are 
combined with data analysis tools such as ARACHNE which allows the generation of probabilistic 
networks from expression, metabolomic and proteomic data. 



European Nucleotide Archive:  Scaling  for Data  and  Facing  the 
Biodiversity User 

Guy Cochrane 

European Bioinformatics Institute, EBML, Cambridge, UK 

 

Rapid  technological developments  in nucleic acid sequencing have  led,  though sharp declines  in 
per‐base cost, to the broad spread of sequencing applications across and beyond the life sciences. 
The European Nucleotide Archive, the  long‐standing comprehensive repository for public domain 
sequence  and  related  data,  faces  two major  challenges  in  this  area:  first,  it must mount  an 
effective  technical response  to dramatic data growth and, second,  it must develop a strategy  to 
serve  the needs of a greatly more diverse userbase.  In  the  talk,  I will  introduce  the ENA and  its 
services, present CRAM, our software for the efficient reference‐based compression of sequence 
read data into compute‐accessible formats and, taking biodiversity data as example, I will present 
the  ENA's  highly  collaborative  strategy  to  provide  relevant  specialist  services  to  our  diverse 
userbase.  

 

 



Modelling Estrogen Receptor Pathways  in Breast Cancer Using 
an Artificial Neural Network Based Inference Approach  

Graham Ball 

School of Science and Technology, The John Van Geest Cancer Research Center, Nottingham Trent 
University, UK 

 

It is well known that estrogen receptor (ER) plays a pivotal role in the biology of breast cancer. It is 
an  commonly  used  prognostic  factor  predicting  a  favorable  response  to  treatment  and  better 
survival prospects. Hormonal treatment  is given  for breast cancers expressing positive estrogens 
and  progesterone  hormone  receptors. While  the  prognosis  of  ER  positive  patients  is  generally 
poorer  because  of  treatments  such  as  Tamoxifen  this  situation  has  been  reversed.   Little  is 
however  is known about the  interactions and pathways of the ER gene. Current  investigations of 
the ER pathway have largely focused on analysis of annotated literature based databases such as 
ingenuity  pathways  analysis.   Some  detail  is  also  known  of  the  ER  pathway, which  is  based  on 
reductionist studies of small numbers of markers. Here we aim to identify probes and thus genes 
that  interact with  ER  from  a  gene  expression  array  study  through  an  ANN  based  data mining 
approach;  identify  the  strongest  interactions  between  these  probes  through  an  ANN  based 
network inference approach and evaluate the biological relevance of the findings. 



Biodiversity  Informatics:  Problems  and  Challenges  for  an 
emerging Computational Science 

Alexis Stamatakis 

Heidelberg Institute for Theoretical studies, Heidelberg, Germany 

 

Biodiversity  informatics  are  currently  in  a  transition  toward  becoming  a  classic  computational 
science  because  of  the molecular  data  flood  that  is  generated  by  next‐generation  sequencing 
technologies. As such, the field is experiencing a transition that disciplines such as fluid dynamics 
and astrophysics underwent several decades ago.  In other words, using supercomputing systems 
for biodiversity research will become mainstream within the next 5 years.  I will address some of 
the main  challenges  inherent  to  this  transition  such  as  user  training,  reproducibility  of  results, 
spectacular bugs  in widely‐used phylogenetics software and complex analysis pipelines, and  the 
need for improving the scalability of current codes. I will conclude with a list of potential solutions 
and measures that may help to accomplish this transition. 
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ABSTRACT 
Motivation: Fluorescence recovery after photobleaching (FRAP) is 
a functional live cell imaging technique, used in studying protein 
dynamics in living cells. During a FRAP experiment, fluorescent 
molecules in a defined subcellular region are bleached by a short 
laser pulse, while the recovery of the fluorescence in the region is 
monitored by standard time-lapse microscopy. Analysis of FRAP 
recovery data provides information on the kinetic behavior of the 
studied molecules, including protein diffusion coefficients, distribu-
tion between mobile and immobile pools, protein residence times etc 
(Phair et al., 2004). 
Inference of kinetic parameters from FRAP data involves developing 
theoretical models of diffusion, binding and photobleaching process-
es in order to derive closed-form expressions of fluorescence recov-
ery. The parameters of the curves that correspond best to the data 
are chosen as most likely explanation of the underlying protein be-
havior. Different models have been proposed, broadly classified into 
diffusion, reaction and reaction-diffusion models, depending on the 
phenomenon considered dominant (McNally, 2008). Simplifications 
are inherent in these models, which may lead to inexhaustive or 
inaccurate exploitation of the experimental data (Mueller et al., 

2010). At the same time, the ever-increasing power of modern com-
putational systems has made it possible to simulate biological pro-
cesses in realistic environments at a particle level. Stochastic hybrid 
models that provide a realistic representation of the complexity of 
biological systems can be simulated in reasonable time. However, a 
parameter inference method cannot be obtained trivially by numeri-
cal optimization of the fit between simulated and experimental 
curves, since the repeated simulation of the system for iteratively 
refined values of the parameters remains computationally not feasi-
ble.  
 
Methods: In this abstract we propose an alternative approach for 
the inference of kinetic properties of proteins from FRAP data. Our 
proposed method is based on the numerical simulation of a stochas-
tic hybrid model of protein diffusion and binding at a particle level 
(Cinquemani et al., 2008).  
The key idea behind our method is in the a priori construction of a 
mapping from the space of parameters of the recovery curves to the 

space of parameters of the underlying molecule kinetics (diffusion 
coefficients, immobile fraction, residence times). To represent FRAP 
recovery curves we use the parameters of the best fitting sum-of-
exponential, obtained by solving a nonlinear constrained optimiza-
tion problem. Then, the unknown relationships between the two 
parameter sets are explored using a simple machine learning ap-
proach based on Neural Networks (NN). The construction of the 
mapping is based on a fixed and comparably small number of simu-
lations derived by random parameter sets which are used as a 
learning set for the NN. In this way we circumvent the burden in-
curred in simulating the model repeatedly in the search of the best 
fitting physical parameters.  
Given an experimentally determined recovery curve, inference of the 
kinetic parameters then simply amounts to fitting the data with a 
sum-of-exponential curve and feeding the obtained recovery param-
eters to the mapping. Last, a bootstrap procedure is used to com-
pute confidence intervals on the parameter estimates and investi-
gate the model sensitivity to physical parameters. 
 
Results: The proposed method was used for the analysis of DNA 
licensing protein Cdt1 and DNA replication/repair protein PCNA. 
GFP-tagged Cdt1 and PCNA, as well as a GFPnls protein used as 
control, were expressed in MCF7 cells and analyzed by FRAP. In 
addition, PCNA was analyzed by FRAP following whole-cell UV 
irradiation (10 J/m2). Simulations of 50000 molecules were used to 
derive FRAP curves for various physical parameter sets. The pa-
rameter identification method allowed the assessment of diffusion 
constants, fraction of immobilization and residence times. Our meth-
od accurately predicts behavior in accordance with earlier finding. In 
particular, we predict a purely diffusive behavior for GFPnls, transi-
ent interactions (scanning behavior) coupled to diffusion for Cdt1, 
and long-term immobilization coupled to diffusion for PCNA following 
UV irradiation. 
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ABSTRACT 
The bacteria that colonize the gastrointestinal tracts of 

mammals represent a highly selected microbiome that 

has a profound influence on human physiology by 

shaping the host’s metabolic and immune system ac-

tivity. Despite the recent advances on the biological 

principles that underlie microbial symbiosis in the gut 

of mammals, mechanistic understanding of the contri-

butions of the gut microbiome and how variations in 

the metabotypes are linked to the host health are ob-

scure. Here we mapped the entire metabolic potential 

of the gut microbiome based solely on metagenomics 

sequencing data derived from fecal samples of 124 

Europeans (healthy, obese and with inflammatory 

bowel disease). Interestingly, three distinct clusters of 

individuals with high, medium and low metabolic po-

tential were observed. By illustrating these results in 

the context of bacterial population, we concluded that 

the abundance of the Prevotella genera is a key factor 

indicating a low metabolic potential. These meta-

genome-based metabolic signatures were used to study 

the interaction networks between bacteria-specific me-

tabolites and human proteins. We found that thirty 

three such metabolites interact with disease-relevant 

protein complexes several of which are highly ex-

pressed in cells and tissues involved in the signaling 

and shaping of the adaptive immune system and asso-

ciated with squamous cell carcinoma and bladder can-

cer. From this set of metabolites, eighteen are present 

in DrugBank providing evidence that we carry a natu-

ral pharmacy in our guts. Furthermore we established 

connections between the systemic effects of non- anti-

biotic drugs and the gut microbiome of relevance to 

drug side effects and health care solutions.  
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ABSTRACT
Motivation:  We have previously demonstrated the 
arthritogenic function of TNF in a transgenic human TNF 
model of arthritis (TghuTNF/Tg197) and the reversal of 
disease progression by anti-TNF antibodies, which were 
subsequently introduced as most effective treatments of the 
human disease in the clinic. We bring forward a hypothesis 
that chronic activation signals targeting synovial  fibroblasts 
(SF)  lead to persistent alterations in their epigenetic 
programs, transforming these cells into the autonomous and 
aggressive effector cells inciting the whole spectrum of 
chronic pathogenic progression in arthritis.In order to assess 
changes associated with chronic or acute TNF-induced 
responses on SF occurring at the level of gene expression 
and chromatin structure we employed a combined analysis 
of FAIREseq  (Song  et  al.,  2011) and RNAseq in (a) 
TghuTNF SF which are subjected to chronic TNF over-
expression and (b) wild-type SF after acute stimulation with 
human TNF.
Methods: Synovial fibroblasts (SF) were isolated from wild-
type  (with and without the addition of exogenous TNF) and 
transgenic TghuTNF/Tg197 mice at 3 and 8 weeks of age. 
Wild-type  cells  treated  with  TNF  prior  to  sacrifice  were 
considered  to  represent  a  model  for  the  acute  state  of 
Rheumatoid  Arthritis  (RA),  while  cells  from  transgenic 
TghuTNF mice, constitutively expressing TNF were taken as 
a model for the chronic state of the disease. FAIREseq and 
RNAseq  was  performed  in  triplicate  samples  using  the 
SOLID-4 sequencing platform. We have employed a novel 
strategy, to analyze genomic signal enrichments at arbitrary 
length scales and have used this approach to define wide 
regions of open chromatin in FAIRE maps. As a means of a 
more detailed functional analysis, we have designed a gene 
set enrichment analysis methodology based on a binomial 
probability  test  assuming  two  states  (over-  vs  under-
expression).
Results: 
Analysis of FAIRE peaks revealed differential enrichment of 
chromatin  accessibility  between the  acute and the chronic 
states of RA. We find that for the acute state, peaks tend to 
be closer to the genes' transcription start site while for the 
chronic  state  this  relationship  is  much  more  diffuse,  with 
peaks also found at large distances from the closest gene.

By scanning the complete mouse genome in 500kb windows, 
we saw that clusters of state-specific peaks  tend to correlate 
stronger with the underlying gene expression pattern when 
compared to the chronic state-specific ones. Regarding the 
genomic distribution of  FAIRE peaks,  we found a  marked 
correlation for  FAIRE density to increase with the distance 
from the acrocentromeric region. This tendency was again 
less pronounced in the chronic than in the acute state. 
Fucntional  analysis of  the RNAseq data was performed at 
the levels of a) Gene Ontology and b) KEGG pathways. A 
simple,  yet  powerful  approach to assess over-  and under-
expression  enrichments  in  particular  gene  categories  was 
employed for both levels. 
GO analysis  revealed prominent  over-expression of  genes 
related  to  immune  response,  the  extracellular  matrix  and 
mitosis for the acute state, while on the other hand genes 
over-expressed in the chronic state were mostly related to 
the cytoskeleton, cell mobility and primary (RNA and protein) 
metabolic processes. A similar analysis at the level of KEGG 
pathways also showed marked differences between the two 
states. Chronic state over-expressed genes were related to 
increased  metabolism,  RNA  processing,  cell  mobility  and 
migration,  re-organization  of  the  cytoskeleton  and  had 
distinct preferences for the utilization of signalling pathways 
through MAPK, Wnt, VEGF and Notch, whereas acute state-
specific genes progressed their  signals mainly through the 
Jak-STAT,  TGF-  and  extracellular  matrix  interactions,β  
acting mostly on the acute immune response through Toll-
like receptors.
Discussion: 
Chronic  exposure  to  TNF  shows  increased  changes  in 
chromatin accessibility even away from known genes. When 
put  together, our results are suggestive of moderate but 
specific chromatin re-organization under chronic TNF 
induction that may lie at the basis of a more general 
expression reprogramming at the cellular level. 
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ABSTRACT 
Motivation: Olive cultivation is rapidly expanding and saline 
water is often used to fulfill irrigation requirements. Salt 
tolerance in olive is cultivar-dependent and it appears to be 
the result of a mechanism that prevents translocation of the 
toxic ions from the root to the tissues above ground level 
(Chartzoulakis, 2005; Therios, 2009).  
454 pyrosequencing is a powerful high throughput method 
that allows monitoring changes in transcript abundance. In 
this work we use 454 pyrosequencing to study the changes 
in transcript expression in roots and shoots of a salt tolerant 
cultivar, treated with NaCl. 
 
Methods: One-year old plants from the salt-tolerant cultivar 
‘Kalamon’ were treated with 120mM NaCl solution for a 
period of 90 days. After NaCl treatment, total RNA was 
isolated from roots and leaves of the treated and control 
samples and 454 GS FLX Titanium sequencer was used to 
analyze gene expression.  
Following quality control and trimming of raw data using 
Cutadapt v. 0.9 algorithm, clustering of sequences was 
performed using CD-HIT-EST algorithm. Subsequently, R-
test (R>8) was used to identify differentially expressed 
transcripts in roots and leaves.  
 
Results: Blast alignment of transcripts from both roots and 
leaves with known sequences and subsequent annotation 
revealed that a GO term could be assigned for almost 30% 
of transcripts. Despite the small percentage of annotated 
sequences, processes related to various metabolic 
processes, stimulus response and biological regulation were 
apparent. Molecular function of these transcripts are related 
to binding, catalytic activity, transporter activity, electron 
carrier activity and transcriptional regulation activity. 
Moreover, a more detailed search of the transcripts revealed 
sequences which are associated to salt stress such as 
glutathione reductase and superoxide dismutase (Kreps et 
al., 2002). Additionally, sequences related to ion transport 

were found such as Na+-H+ antiporter, Ca2+ antiporter 
cation exchanger, copper-transporting ATPase ran1-like and 
cation-transporting ATPase. 
Clustering of transcripts resulted in the identification of 4.210 
clusters comprising transcripts from both roots and leaves 
and 24.060 singletons. The expression of the transcripts in 
235 of these clusters was differentially regulated. These 
clusters appear to be related to processes like ‘stimulus 
response’ as well as ‘metabolic’ and ‘cellular processes’. A 
number of 49 clusters appear to be differentially expressed 
specifically in leaves. These clusters are related to biological 
processes such as ‘response to chemical stimulus’, 
‘response to stress’, ‘oxidation reduction’, ‘localization’ and 
various metabolic processes. In roots, 3 clusters are 
specifically differentially expressed in which no similarity with 
known sequences was identified. 
The 454 pyrosequencing platform has been extensively used 
in transcript analysis in a number of species (Barakat et al., 
2009; Novaes et al., 2008; Ohtsu et al., 2007) In olive it has 
also been used to analyze transcripts in olive fruit (Alagna et 
al., 2009). This study is the first that uses a high-throughput 
sequencing method to compare transcripts from olive roots 
and leaves. 
The small percentage of annotated sequences has been 
observed in other sequencing efforts in non-model species 
such as chestnut (Barakat et al., 2009), olive (Alagna et al., 
2009) and horseweed (Peng et al., 2010), possibly due to 
identification of untranslated regions or because these 
transcript are specific to the particular species. Despite that, 
annotated sequences in this study resulted in the 
identification of transcript that span a wide range of biological 
processes as well as salt stress response. 
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ABSTRACT 
Background: A central focus of Alzheimer’s cathepsin B 
genetics is the study of mutations that are causally 
implicated in deposition of amyloid precursor protein (APP). 
The identification of such causal mutations not only provides 
insight into neuro-biology but also identifies anti-Alzheimer 
therapeutic targets and diagnostic markers. Missense 
mutations are nucleotide substitutions produce deleterious 
effects commonly through their impact on primary amino acid 
sequence and protein structure. 
 
Methods: The method to identify functional SNPs from a 
pool, containing both functional and neutral SNPs is 
challenging by experimental protocols. To explore possible 
relationships between genetic mutation and phenotypic 
variation, we employed different bioinformatics algorithms 
like Sorting Intolerant from Tolerant (SIFT), Polymorphism 
Phenotyping (PolyPhen), and FASTSNP to predict the 
impact of these amino acid substitutions on protein activity of 
mismatch repair (MMR) genes, which are involved in 
encoding of lysosomal cysteine proteinase protein, 
Cathepsin B, and are involved in the proteolytic processing 
of APP which is suggested to be a causative factor in 
Alzheimer disease. 
 
Results: Out of a total of 999 SNPs in CTSB retrieved from 
dbSNP, we found 55 nsSNPs, 35 sSNPs, 165 mRNA 3'UTR 
SNPs, 12 SNP in 5'UTR and 732 intronic SNPs. Among the 
nsSNPs, a total of nine nsSNPs were found to be damaging 
by SIFT and one nsSNPs was found to be probably 
damaging by the structural homology-based method 
(PolyPhen). FASTSNP web server predicted twelve SNPs to 
be influencing splicing regulation and two were predicted 
with a medium to high risk (range of 3–4). The modeled 
mutant proteins with the total energy values compared with 
the native CTSB protein showed a mutation from proline to 
arginine at position 91 (rs11548596) on the surface of the 
protein, causing the greatest impact on its stability. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
Fig. 1 Schema representing the process of functional as-
sessment of SNPs by in silico methods. 
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Conclusion: Our current analysis focuses on SNPs in the 
coding regions, and our findings could explain a significant 
fraction of the Alzheimer risk that has been detected. This 
approach might also be applied to a relationship between 
SNP conservation levels and epidemiological studies of 
diseases other than Alzheimers. More importantly, this study 
builds a bridge from evolutionary biology to molecular 
epidemiology, which may further our understanding of 
disease-related SNPs and ultimately facilitate SNP 
genotyping in future studies. 
 
 
 
 
 
 
 
 
 

(a)                                                (b) 
 
 
 
 
 
 
 
 

(c) 
 
Fig 2 (a) Native structure (3PBH) showing proline at position 
91 (b) Mutant modeled structure (3PBH P91R) showing 
arginine residue at position 91. (c) Superimposed structure 
of native structure (3PBH) (green) with mutant modeled 
structure (3PBH P91R) (cyan). 
 
 
In summary, we have systematically and comprehensively 
evaluated structure and sequence-based computational 
prediction methods applied to variants in the CTSB genes 
and provided detailed structural explanations for the 
measured and predicted impact. The data presented here 
show that this novel bioinformatics approach to classify 
Alzheimer-associated variants is robust and can be used for 
large-scale analyses. Our approach will present the 
application of computational tools in understanding 
functional variation from the perspective of structure, 
expression, evolution and Phenotype. The existing in silico 
methods that we used can also be adapted by any 
investigator to a priori SNP selection or post hoc evaluation 
of variants identified in whole-genome scans. The best-
supervised learning algorithms are in greater agreement with 
experimental results than has been reported previously. 
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ABSTRACT 
Motivation: Next generation sequencing technologies have 
made it possible nowadays to shift research from a gene-
centric approach to a full genome view. While more accurate 
and advanced methods for detecting single nucleotide poly-
morphisms (SNPs) are produced, the available methods for 
identifying and visualizing larger structural variations (SVs) 
are still very immature. While current genome browsers can 
only compare a given DNA to the reference genome, it is 
currently not possible to directly compare multiple individuals 
simultaneously in an easy way. Therefore, the implementa-
tion of efficient approaches to explore, visualize the structur-
al variome and directly compare several different individuals 
is a necessity. In this article, we present a novel visualization 
approach, which utilizes Hilbert curves to visually explore or 
discover existing or new structural variations based both on 
Read-Depth (RD) and Pair-End (PE) information. A highly 
interactive open-source java application called Meander, 
implements the proposed methodology while it's functionality 
is demonstrated with an example below. Meander currently 
supports the exploration and visualization of both balanced 
and unbalanced inter and intra chromosomal variations while 
it allows the comparison between five samples simultane-
ously. The application is available at: 
https://sites.google.com/site/meanderviz 
 
Introduction: Recent technological advantages and high 
throughput techniques such as the 2nd generation commer-
cial technologies developed by Illumina (Bennett, 2004), 
Roche/454 (Margulies, et al., 2005) and Biosystems/SOLiD  
allow today the rapid sequencing of whole exomes in a rea-
sonable time frame and at a low cost.  While comparative 
genomics is now becoming more accessible, the identifica-
tion of genome rearrangements and nucleotide mutations 
and their relationship with genetic diseases still remains a 
challenge. In terms of exploring genome rearrangements 
(CNVs) such as insertions and deletions and their impact, 
efficient tools to visualize and analyze them are on demand. 
A great variety of tools to detect SNVs and predict their im-
pact is analytically reviewed in (Karchin, 2009). 

 
Methods: The theory of space-filling curves was first discov-
ered by mathematician Peano in 1890 (Peano, 1980). A 
space-filling curve is a continuous mapping from a lower-
dimensional space into a higher-dimensional one (2-
dimensions for this article). A useful property of a space-
filling curve is that it tends to visit all the points in a region 
once it has entered that region. Thus points that are close 
together in the plane will tend to be close together, in ap-
pearance along the curve. One of the most famous curves 
was proposed by Hilbert in 1891 (Hilbert, 1891), who gave 
the first geometrical interpretation. The Hilbert space-filling 
fractal curve visits every point in a square grid with a size of 
2×2, 4×4, 8×8, 16×16, or any other power of 2. Therefore the 
points that belong to the Hilbert curve are always 22n in num-
ber where n denotes the fold level. Notably, for fold-level 
n=9, every single pixel of the plane is covered for a plane of 
29x29=512x512=262,144 pixels. Due to its fractal geometry 
the Hilbert curve always splits an area into quarters, a pro-
cedure that can iteratively continue to infinitely. For fold-level 
equal to 1, for example, the curve is divided into four parts 
(1/41) which are mapped to the four quadrants of the 2D 
square. In the next iteration, for fold-level equal to 2, each of 
the previous quadrants is further divided in four sub-
quadrants, each one holding the 1/42 of the curve etc. The 
curve is everywhere continuous and nowhere differentiable. 
While in this article we use a 2D Hilbert curve to represent a 
chromosome, Hilbert curve extends readily to any number of 
dimensions.  
In this article we present Meander, a highly interactive tool 
that can be used for the exploration of structural variations 
based both on Read Depth (RD) or Pair End (PE) 
information. Meander is a standalone application built in 
Java and Processing.org languages. Meander can currently 
support one chromosome per session while it comes with 
two different types of visualizations. The first type involves a 
linear representation of a chromosome (1024 pixels length) 
while the second type utilizes the capabilities of the space-
filling Hilbert curve to show the same information at a much 
higher resolution (512x512=262.144 pixels). In both cases, 
the read-depth signal average is assigned to a bucket (pixel) 
accordingly. In the linear representation an average signal is 
calculated by diving the chromosome length by 1024 
bases/pixels. Similarly in the Hilbert representation each 
pixel/bucket holds the average signal ratio among L/262.144  
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bases where L is the chromosome length. After calculating 
the ratio averages,  a color is assigned to each pixel of each 
line by assigning a color with adjusted density. Thus for 
positive ratios (blue) the darker the color is, the higher the 
ratio is. Similarly, for negative ratios (yellow), the darker the 
color is the lower the ratio is. High density regions are 
indicitators of a possible variation. White pixels represent 
absense of signal or signal equal to zero. In the linear 
representation, pair-end positions are highlighted with Bezier 
curves whereas in the Hilbert representation, they are 
connected with straight lines. While users are able to switch 
between different views (reference vs sample), one can 
directly compare up four different samples against a 
reference using their log2 read-depth signal ratio. To explore 
data at different resolutions, Meander currently needs to 
precalculate the bucket contents for five different zoom 
levels. Notably, Meander can visualize deletions, insertions, 
tandem duplications, interchromosomal translocations, 
inversions and translocations. The dynamic coordinate 
system, the dynamic search by position, filtering according to 
coverage or pair-end distances make the tool user friendlier 
and easy to use. Meander also comes with algorithms to 
highlight areas with SVs that are supported by double 
evidence by combining a high log2 ratio in absolute value 
with the pair-end information. Finally, Meander, provides 
direct links to UCSC genome browser while exploring any 
position of a chromosome. Currently only 7 species (human, 
mouse, rat, drosophila, chimp, arabidopsis thaliana and 
zebra fish) are supported, something that will get extended in 
the future. 
 
Results: To demonstrate the functionality of Meander and 
show how combined pair-end and read-depth information 
can give double evidence of possible structural variations, 
we directly compare two Arabidopsis Thaliana strains (ICE97 
and ICE153) from the 1001 Genomes Project between each 
other as shown in Figure 1. Strain ICE153 was collected 
from Central Asia with sequencing depth 21X, latitude 41,45 
and longitude 70,05. Strain ICE97 on the other hand was 
collected from Southern Italy with sequencing depth 19X, 
latitude 41,62 and longitude 12,87. Consequently we aligned 
them to the TAIR10 version of the Arabidopsis reference 
genome using BWA (Li and Durbin, 2009) at default settings. 
We then converted the alignment to BAM and pileup formats 
using Samtools (Li, et al., 2009) and extracted read depth 
information from the pileup file and pairing information from 
the BAM file using a simple bash script. 
 
Discussion: Meander implements a proposed visualization 
approach to explore, discover and detect variations in a ge-
nome. It comes with a friendly GUI and is designed to aid 
non-bioinformatics researchers in the field of genomics. One 
of the future directions of Meander, involves data integration 
with public repositories and detection of the exact break 
points of a variation. In the field of visual analytics Meander 
could stand as a useful tool to evaluate the performance of 
workflows that are able to predict SVs following any method-
ology. Ideally, regions with high-density indicating existing 
structural variations should overlap with the predicted SV 

regions. In terms of further developing, we plan to extend 
Meander's functionality to support whole genomes or exo-
mes rather that isolated chromosomes, while allowing multi-
ple zooming panels, as one would be interested in looking at 
several different regions of a genome simultaneously. Com-
paring Meander with HilbertViz (Anders, 2009) application, 
we show that Meander is user friendlier and designed for 
non-experts targeted users as HilbertViz requires R coding 
and comes with several dependencies. In addition HilbertViz 
is focused on RD information while Meander supports PE 
mappings. 

 
Fig. 1.  The concept of Meander application. A) The Hilbert curve 
of a zoomed area of the chromosome showing the log2 ratio be-
tween two different straits of Arabidopsis plant at 512x512 pixel 
resolution. The blue blocks indicate an insertion whereas the yel-
low ones a deletion. B) The A Hilbert curve showing the Pair-End 
couplings at high resolution. C) A linear representation of the 
zoomed area of the chromosome showing the log2 ration between 
different Arabidopsis sample and the Pair-Ends which map at dif-
ferent positions. Double evidence about an insertion and a deletion 
is shown as combined RD and PE information are shown simulta-
neously. D) A Hilbert view of the whole chromosome 1 at zoom 
level 1 and the mappings of the Pair–Ends that map outside the 
selected zoomed area. E) A linear representation of Arabidopsis 
chromosome 1 at zoom level 1 and the PE mappings. F) A histo-
gram indicating the read depth of the two samples. The values 
change as the user mouse-hovers the Hilbert panel. Users can in-
teractively filter the pixels with RD below a certain value. G) His-
togram of the log2 ratio between the two samples and interactive 
filter to remove the pixels of ratio between selected intervals. H) A 
search by position box. I) Interactive threshold to filter the PE 
below a certain distance. 
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ABSTRACT 

Motivation: The way to obtain a pruned phylogenetic tree 

with the most representative leaves is a laborious, painstak-

ing job and the results are controversial. As, there is no algo-

rithm to identify the leaves which best represent their 

branches, we created MM algorithm to prune automatically 

as many leaves as the researcher needs, without any dis-

tance cutoff requirement, as related programs, such as iTOL 

(Letunic and Bork, 2011) and phyloPart (Prosperi, et al., 

2011), need. 

Methods: MM algorithm parses a rooted, weighted phyloge-

netic tree file in Newick format to search for the pair of 

leaves with the minimum distance between them. Then, it 

prunes the leaf of the pair, whose the average distance to 

the other leaves is maximum, to produce a pruned Newick 

file. This procedure repeats until a set number of iterations is 

met. However, this iterative process is time consuming and 

memory intense (on phylogenetic data of tens of thousands 

of leaves, completion time may be weeks and memory us-

age may surpass 20GB). Using heuristic methods, the exe-

cution time of MM is reduced to a few hours for large phy-

logenetic data: We find all the pairs of leaves which share 

the same immediate parental node, we identify the pair with 

the minimum distance between its leaves and we set that 

distance as a cutoff. Afterwards, we sort the distances be-

tween each leaf and its immediate parental node. We also 

identify the pair of connected internal nodes of the tree with 

the minimum distance. In a nested loop, we attempt to iden-

tify pairs of leaves which do not share the same immediate 

parental nodes, but have a smaller distance between each 

other than the cutoff, as follows: Starting from the pairs of 

leaves with the shortest distances to their immediate paren-

tal nodes, we sum those distances to the distance of the 

minimum internal node pair, to create a “pseudodistance”. If 

the “pseudodistance” is lower than the cutoff, we calculate 

the real distance of those two leaves, we store this distance 

in memory and if it is lower than the cutoff, it becomes the 

new cutoff value. The internal loops are broken when the 

“pseudodistance” is higher than the cutoff. This process iter-

ates until it finds the minimum real distance between any 

leaves. The next heuristic method is to find the total distance 

between those two leaves and the rest leaves from the tree. 

As this is CPU intense, we created an equation that calcu-

lates the difference Diffi,j of the total distances of leaves i and 

j to the rest of the leaves, without calculating the sum of the 

distances for each leaf, as follows: 

where c is the closest common node shared by i and j, n is 

the number of leaves outside c, di,c  and dj,c  are the dis-

tances from c to i and j, respectively, k is a leaf inside c, l is 

the number of leaves inside c and di,k and dj,k are the dis-

tances from i and j to k, respectively. 

Results: We downloaded from Ensembl (Flicek, et al., 2012) 

a tree which consists of 65 species whose genome is avail-

able on Ensembl. This tree displays heavy bias for primates 

and other mammals (Fig. 1A). We pruned all but the 5 most 

representative species: A fungus, two protostomia (a nema-

tode and an arthropod) and two deuterostomia (an ascidian, 

and a vertebrate) (Fig.1B). 

Execution time of MM algorithm is greatly reduced through 

the use of heuristic methods. Pruning LTPs108_SSU tree of 

9281 bacterial species or strains (Munoz, et al., 2011), leav-

ing the 30 most representative leaves of bacterial phylogeny, 

is completed in 2 hours, on a 2.6GHz dual core laptop, with 

4GB of memory.  

 

Discussion: As opposed to MM algorithm, programs such 

as iTOL or phyloPart require a threshold distance value to 

collapse branches or identify clusters, respectively. MM algo-

rithm only prunes a set number of leaves, leaving the rest of 

the leaves intact. We believe that its functionality is very use-

ful for removing biases in clustered data, such as experimen-

tal data from various tissue samples, homologous se-

quences, gene expression data, etc, and thus it can be in-

corporated in other applications. 
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Fig. 1. A) The Ensembl species tree (species also in the pruned 
tree, in red). B) Pruned version of the Ensembl tree with the 5 most 
representative species.  
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ABSTRACT 
Motivation: Using Graphics Processing Units (GPUs) and 
their massively parallel computational resources through the 
NVIDIA CUDA framework in Bioinformatics applications 
demonstrated promising results (Vouzis and Sahinidis, 
2011). As such, we propose the use of a similar approach to 
speedup sequence analysis algorithms, in particular CAST, a 
popular tool used for masking low-complexity regions (LCRs) 
in protein sequences (Promponas et al., 2000), known to 
lead to increased sensitivity in sequence database searches. 
Methods: We developed and implemented a CUDA-enabled 
version (GPU_CAST) of the recently presented multi-
threaded CAST software (Papadopoulos et al., 2012) and 
benchmarked its performance against the sequential and 
multi-threaded versions. The proposed software implementa-
tion uses the NVIDIA CUDA libraries to take advantage of 
the inherent parallel characteristics of the CAST algorithm to 
execute the calculations on the GPU card of the host com-
puter system. CUDA-enabled GPU cards are composed of a 
massive number of processing elements designed to host 
multiple threads that execute the same instructions over dif-
ferent data in parallel. Using this programming paradigm, 
normally we can accelerate data-intensive applications, such 
as CAST. GPU_CAST partitions the data in a number of 
threads using a similar approach with the one presented in 
(Papadopoulos et al., 2012) making efficient use of the GPU 
card's processing elements. The, still under development, 
prototype utilizes appropriate CUDA functions to copy data 
from the host system RAM to the GPU memory prior to the 
execution of core CAST computations and vice-versa, as the 
data that will be used by the GPU processing elements must 
first be loaded on the memory of the GPU card. GPU_CAST 

was programmed to maintain the same input/output interface 
as the original tool while producing identical results.  
Results and Discussion: The proposed GPU_CAST tool 
was evaluated against the initial sequential version (sCAST ) 
and the multi-threaded version (mCAST). We used an Intel 
Core i7 720 @ 2.66GHz machine with 8GB RAM and an 
NVIDIA GeForce GTX480 graphic card. We compared 
execution times, with the benchmark datasets shown in Ta-
ble 1. GPU_CAST shows speedups of 1.7x-8.3x (on average 
5x) when compared to sCAST and speedups up to 4.9x over 
the multi-threaded mCAST. While CAST is accelerated when 
executed on the GPU, the speedup greatly depends of the 
dataset. For example, on the complete proteome of Plas-
modium falciparum the execution time is cut in fifth, while for 
the smaller Haemophilus influenzae proteome GPU_CAST 
yields similar execution time as mCAST. In order to deter-
mine the actual impact of GPU_CAST, memory transfers 
between the host's RAM memory and the GPU have to be 
considered.  As shown in the last column of Table 1, the 
performance of the proposed GPU_CAST deteriorates when 
the time needed for the memory transfers is also included, 
with the overall execution time being at least double for all 
benchmark cases. However, there are datasets such as P. 
falciparum where GPU_CAST still maintains the advantage 
even when memory overheads are accounted. We plan on 
exploring optimization techniques for minimizing memory 
overheads in order to further improve GPU_CAST. 
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Benchmark sCAST  
(sec) 

mCAST  
(sec) 

GPU_CAST 
(sec) 

GPU_CAST Speedup 
sCAST       mCAST 

GPU_CAST w/  
Memory Overhead 

haem 4 2.4 2.4 1.7x 1x 9.6 

p.falciparum 528 313 64 8.3x 4.9x 114 

viral.1.protein 747 311 153 4.9x 2.03x 589 

 
Table 1.  GPU_CAST performance results compared to sCAST and mCAST 
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ABSTRACT 
Motivation: microRNAs (miRNAs) are short non-coding 
RNAs that negatively regulate gene expression at the post-
transcriptional level in many developmental and metabolic 
processes (Bartel, 2004). miRNAs regulate a variety of bio-
logical processes, including signal transduction, tissue differ-
entiation, apoptosis disease, and carcinogenesis (Cullen, 
2009; Ventura and Jacks, 2009). Recent studies have 
demonstrated that miRNA are necessary for embryonic stem 
(ES) cell differentiation (Kanellopoulou et al., 2005) and re-
programming of somatic cells to pluripotency. This study is 
focused on examining the patterns of miRNA expression in 
the course of ES cell differentiation by embryoid bodies 

Methods: Deep sequencing. Using the Ion Torrent PGM™ 
sequencer1, deep sequencing was performed on four sam-
ples which were collected from undifferentiated (day 0) and 
differentiated (embryoid bodies from days 2, 4 and 8) mES 
cells. Small RNA was isolated using mirVana miRNA Isola-
tion Kit (Applied Biosystems) and miRNA libraries prepara-
tion was performed with the Ion Fragment Library Kit (Life 
Technologies, Darmstadt, Germany) according to the proto-
col. The miRNA libraries were prepared for sequencing and 
deposited on the chip. In total, four 314-chip sequencing 
runs (40 cycles per run) were performed. Ion Torrent data 
were analysed using the CLC Genomics Workbench2, a 
cross-platform desktop application, targeting a total of 500 
MIRs. 
Filtering MIR data. Putatively artifact and uninteresting MIR 
counts we applied two filtering operations over the relative to 
the total Ion Torrent reads data. 1Filter-1: Non-Significant 
Changes. The difference between the (relative) maximum 
and minimum MIR values (max-min) over all days is com-
puted, and the median of the respective values is computed. 
Each MIR that exhibits a max-min difference greater the 
computed median is retained otherwise it is ruled-out. Apply-

  
1 http://www.iontorrent.com/products-ion-pgm/ 
2 http://www.clcbio.com/genomics 

ing filter-1 a total of 251 MIRs were ruled-out with the re-
maining 249 to be (subsequently) checked against filter-2; 
2Filter-2: Non-Significant Counts. For each day the respec-
tive median over all MIR (relative) counts is computed. Each 
MIR that exceeds in at-least one day the corresponding me-
dian is retained, otherwise it is ruled-out. Applying filter-2 (to 
the retained after filter-1 249 MIRs) a total of 75 MIRs were 
ruled-out, with the remaining 174 MIRs to be retained for 
further analysis.  
Clustering MIR data. A Graph-Theoretic Clustering (GTC) 
methodology, specially suited for time-series data, was ap-
plied on the relative time-series count profiles of the retained 
174 MIRs. GTC is founded: (a) on the Qualitative Dynamic 
Discretization (QDD) of time-series numeric values – QDD 
captures and reflects the (statistically) significant trend of the 
time-series, and results into a discrete transformation of a 
time-series profile using respective nominal values (ʻL'ow, 
ʻM'edium, ʻH'igh) to represent it, e.g., H-L-L-M, and (b) on the 
iterative splitting of the minimum-spanning tree (MST) of a 
complete weighted graph which is formed by the MIR 
count/expression profiles as nodes, and the similarities be-
tween MIR profiles as weights for the corresponding graph 
edges. GTC encompasses a variety of similarity/distance 
computation metrics. In the current work we utilized the nom-
inal similarity between the nominal transforms of two time-
series. For example, the similarity between the nominal time-
series profiles H-L-M-H and L-L-M-H is 0.75 (i.e., they agree 
on three out of four nominal values).  The nodes that accu-
mulate in the finally formed (and hierarchically organized) 
MST sub-trees compose the respective final clusters. GTC is 
implemented in Prolog (SWI-Prolog), and has been success-
fully applied in other biomedical domains (Potamias, 2003; 
Potamias and Dermon, 2004). 
Results: Applying the GTC clustering methodology on the 
(relative to the total number of reads) MIR count profiles, a 
set of four basic clusters was induced (with the restriction 
of at-least 10 MIRs in each cluster). A total of 24, 35, 14 and 
86 MIRs are included in the four C1, C2, C3 and C4 clusters, 
respectively (two more clusters were also induced but with 
less than 10 MIRs each). For all MIRs in a basic cluster and 
for each day we compute the respective day average over 
the max-row/[0,1] normalized expression count values. This 
average is considered as the cluster's representative ex-
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pression level for the respective day, with the levels over all 
days to compose the overall cluster's differentiation pat-
tern. The differentiation patterns of the four basic clusters 
are shown in Figure 1. 

 
Fig. 1.  Differentiation Patterns of MIR clusters 

 

 

 

Most of the clusters exhibit a drastically decreasing differen-
tiation profile from day-0 to day-2, except of cluster C3 (Fig-
ure 1) that exhibits a more-or-less steady pattern (i.e., undif-
ferentiated cells). Moreover, all clusters exhibit (drastically) 
increasing differentiation patterns in the next days, except of 
cluster C4 that shows a more-or-less steady (undifferentiat-
ed) pattern.  Our experiments confirm the identity of a signa-
ture miRNA profile in pluripotent cells. 
Discussion: The work described above was generated by 
the hypothesis that miRNAs play a key role in ES cell func-
tion. We identify patterns of expression in the progression 
from undifferentiated to differentiated cells. The majority of 
miRNAs are expressed in the undifferentiated state and sup-
pressed when cells differentiate. This correlates with ES 
cells being considered transcriptionally hyperactive. The role 
for selected miRNAs in maintenance of the undifferentiated, 
pluripotent state is under investigation. Interestingly, a small 
group of the identified miRNAs clearly showed a different 
(undifferentiated) expression pattern from day-0 to day-2 
(Figure 1, C3 with 14 MIR members), reinforcing the possibil-
ity of playing critical role in the differentiation of mESCs. 
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ABSTRACT 
Motivation: MicroRNAs are small, ~22 nucleotides long, 
single-stranded non-coding RNAs that play an important 
regulatory role in both animals and plants by binding at 
target sites on messenger RNAs (mRNAs), leading to mRNA 
cleavage or translational repression (Bartel, 2004). They 
originate form a primary transcript, which is first processed 
by the Microprocessor complex, whose core component is 
the RNase III enzyme Drosha (Vermeulen, et al., 2005), in 
the nucleus, and by another RNase III termed Dicer 
(Vermeulen, et al., 2005), in the cytoplasm to produce a 
double stranded complex, the miRNA:miRNA* duplex. One 
or both of these strands serves as the mature miRNA. This 
paper addresses the challenging issue of identifying mature 
miRNAs, which are molecules with a critical role in regulating 
gene expression. Novel miRNAs are currently identified 
primarily via next generation sequence methodologies, which 
are expensive, time consuming and tissue dependent. Very 
little work has been done in computationally identifying the 
mature miRNAs themselves and the accuracy of these tools 
is quite low. We use a computational method based on 
Support Vector Machines to predict the exact location and 
length of the miRNA:miRNA* duplex within a given miRNA 
hairpin.   
 
Methods: A miRNA:miRNA* duplex consists of two hairpin 
subsequences on each of the two arms of a miRNA 
precursor (hairpin), called the 5’ strand and the 3’ strand of 
the duplex. We can define a duplex by the positions of its 
four ends on the generating hairpin sequence; we name 
them k55, k53, k35 and k33 corresponding to the 5’strand 
5’end, 5’strand 3’end, 3’strand 5’end and 3’strand 3’end 
positions, respectively. Fig.1 shows an example of a real 
hairpin with all the above quantities annotated. In order to 
produce the candidate duplexes, first we calculate the 
statistical distributions of the overhangs’ and matures’ 
lengths on the given training set and remove the outlier 
values. Then we utilize two scanning windows, one on each 

Fig. 1. Secondary structure of the has-mir-17 hairpin on which the 
miRNA:miRNA* duplex is shown in grey. 
 
strand. The length of these windows ranges between the 
minimum and maximum values of the respective 
matures’ length distribution. We keep only the candidate 
duplexes whose overhangs’ lengths are represented in the 
training set’s distribution. 
To select among all candidate duplexes we use a polynomial 
kernel SVM. To train these models, a fixed-length numerical 
vector representation of training examples is required. Only 
nucleotide sequence information is used in the 
representation. Nucleotide sequences are converted to 
binary vectors, using a 1-of-4 encoding: bases A, T, G and U 
are represented as 1000, 0100, 0010 and 0001 respectively. 
A problem with using a fixed-vector representation is that the 
strand sequences are of variable size. We pad with zeros in 
the middle of a mature sequence, so that the first and the 
last nucleotides are always represented with the first and last 
variables respectively. Also zero padding takes place at the 
beginning, for 5’ end flanking regions or at the end, for 3’ end 
flanking regions. 
In order to produce our SVM model we used the latest 
version of miRBase (release 17.0: April 2011) (Kozomara 
and Griffiths-Jones). We selected 656 human - mouse 
hairpin sequences, with known duplexes and not multi-
branch structures, and used a 5-fold cross-validation 
technique to train our model on these sequences. 
Specifically, for each miRNA hairpin in the training set, we 
generated all possible duplexes ~10.000. Only 100 randomly 
selected negatives duplexes per positive sample were used 
for training. The SVM software used was the MATLAB 
interface for LIBSVM (Chang and Lin). The best performing 
combination of parameters was selected using 5-fold cross-
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validation in a previous version of the algorithm: degree 3 of 
the kernel and length 14 for the flanking regions. The 
distribution of the two classes is quite unbalanced (1:100); 
we thus used two cost parameters, one for each class. 
Specifically, the cost parameters for the positive and 
negative class were (number of samples)/ (2*number of 
positive samples) and (number of samples)/ (2*number of 
negative samples), respectively. The final performance and 
the performance during cross-validation are measured in 
terms of predicting the exact location of the duplex, which is 
more informative and intuitive to a biologist. 
For comparison reasons, a final SVM model using the above 
parameters was re-trained on the positive dataset of 
MaturePred’s animal model (Xuan, et al.), which was 
downloaded from its website 
(http://nclab.hit.edu.cn/MaturePred/). Again, entries with 
unknown duplexes and/or multi-branch structures were 
filtered out and the remaining 1784 hairpins were used to 
train the SVM model. This was done in order to generate a 
final SVM model that is directly comparable to MaturePred. 
We also compare our tool to a Trivial classifier. For any 
given hairpin, the location of each of the four ends in known 
duplexes is found by calculating its distance from the tip of 
the terminal loop. The average distances are then used to 
generate the predictions of the ‘Trivial’ classifier for any new 
hairpin in the hold out set.  
 
Results: In order to assess the generalization performance 
of our tool and to compare it with MaturePred we use a blind, 
hold-out set, of 220 hairpins from MaturePred’s test set in 
which we filter out entries with unknown duplexes, multi-
branch structures, and all human mouse hairpins, which 
were used during parameter optimization in the earlier 
version of the algorithm. As MaturePred generates 
independent predictions for each strand, we consider the 
highest scoring predictions per strand as the two sides of a 
hypothetically predicted duplex. We also compare the 
models’ performance on each strand separately. As is 
evident in Table 1 and Fig.2, our algorithm (“DuplexSVM”), , 
outperforms both the Trivial  and MaturePred algorithms  in 
identifying the miRNA:miRNA* duplex as well as each of its 
four  corners independently.  

 
Table 1.  DuplexSVM – Trivial – MaturePred accurate prediction  
on the Hold Out set, 0 nts deviation. 
 
Discussion: In addition to significantly outperforming the 
current state of the art tool for mature miRNA prediction, 
MaturePred, this is, to the best of our knowledge, the first 
tool capable of accurately predicting the actual 
miRNA:miRNA* duplex, by providing both start  and  end 

Fig.2 Cumulative distribution of  the m ean absolute error (MAE)  
over all location predictions; MAEs up to 20 nts are displayed. 
 
position predictions in both strands, without utilizing a fixed 
size window and without making the assumption of a fixed 2 
nts overhang length. Future work aims to further improve the 
performance and generalization capacity of our algorithm by 
adding more features, applying our model to more species 
and comparing its performance to additional state-of-the-art 
tools. 
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Accurate Predictions (%) – Hold Out 
 

k55 k53 k35 k33 
All 

corners 

DuplexSVM 57 24 52 35 7.2 

Trivial 18 10 20 12 0.4 

MaturePred 18 20 12 9 0 
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ABSTRACT

Motivation: MicroRNAs (miRNAs) are short (∼22 nt long) non-
coding RNA molecules that regulate gene expression. They induce
translational repression and gene silencing by typically binding to the
3’ untranslated region (3’UTR) of complementary strands of messen-
ger RNAs (mRNAs). Some thousands of miRNAs have already been
reported in the literature; version 18.0 of miRBase (Kozomara and
Griffiths-Jones, 2011) contains 18.226 entries representing precursor
miRNAs in 168 species, which express 21.643 mature miRNA pro-
ducts. While the number of identified miRNAs grows very fast, the
experiments aiming at detecting the multiple mRNA targets of each
miRNA increase also rapidly. As a result, large data sets of miR-
NAs together with their experimentally detected targets are stored
in various databases. Examples of such popular miRNA databa-
ses are microRNA.org (Betel et al., 2008), miRBase (Kozomara and
Griffiths-Jones, 2011) and TarBase 6.0 (Vergoulis et al., 2011).

Using an ontology to classify the information included in such data-
bases can result in inter-relating the latter and/or their schemata.
Thus, knowledge sharing and discovery among different sources is
easier achieved. Yet, there is no ontology representing the necessary
information regarding miRNAs; RNA Ontology (RNAO) (Hoehndorf
et al., 2011) serves as an upper ontology for RNAs and the Ontology
for MicroRNA Target Prediction (Townsend et al., 2010) captures only
the information required to express the prediction of targets without
fully covering all the aspects of the area.
Methods and Results: In an attempt to capture and represent the
existing knowledge regarding miRNAs and their functions, we have
developed the miRNA Ontology (miRNAO). The information expres-
sed within it includes, among others, molecular entities and parts,
their structures, the processes they take place in, the functions in
which they participate and their roles. The first version of miRNAO
contains 416 classes and 9 property types.

A large number of terms included in miRNAO have already been
defined in other popular ontologies. In such cases, we choose to
import these terms from these popular ontologies, in order to re-use
the existing knowledge and facilitate knowledge sharing and reuse.
Even though the re-creation of these terms would allow us to define
them according only to our scope, importing them from other well
established ontologies brings up a great advantage: interoperability
among different databases is accomplished. The majority of shared
terms come from the Gene Ontology (GO) (Ashburner et al., 2000)
and the Sequence Ontology (SO) (Eilbeck et al., 2005).

miRNAO adheres to the OBO Foundry Principles (OBO-Foundry,
2006). Moreover, its upper classes are classified according to the
Basic Formal Ontology (BFO) (Simon et al., 2006). Since many
ontologies of the domain adhere to the conceptualization of BFO,
interoperability among them is thus achieved.

Conclusions: miRNAO is the first ontology in the literature designed
to express all the necessary information related to miRNAs. Exploi-
ting miRNAO in different knowledge bases can be very beneficial,
both in terms of information extraction within each source and also by
exchanging and deriving information from different sources.
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ABSTRACT 
Motivation: An existing software, called CellNOpt [1], 
provides functionalities to build predictive logic models of 
signaling pathway by optimizing a prior knowledge network 
(PKN) to signaling data (e.g. phosphoproteomic). The 
optimization procedure is currently conducted via a genetic 
algorithm (GA). In this work, we consider two other 
optimization methods: Metropolis Hasting (MH) [2] and 
Simulated Annealing (SA) [3]. Our primary objective was to 
obtain a more effective optimization process that could 
possibly result in faster training and better sampling. We 
demonstrate the potential interest of these methods on two 
datasets: a simple example (Toy) and a more realistic and 
complex example (Liver) [4]. 
 
Methods: CellNOptR (http://www.cellnopt.org) is a R 
package that provides different frameworks in the context of 
training logic model to data: Boolean, Fuzzy [4], differential 
equations (ODEs) and Time course [1,5]. Here, we focus 
only on the Boolean logic case where the state (edge) of 
each protein (node) is defined as inactive (0) or active (1) 
(Fig. 1) and the state of the entire protein interaction network 
as a set of bits (edges), which we refer to bitstring hereafter.  

 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

 
MH and SA algorithms belong to MCMC (Monte Carlo 
Markov Chain) methods. They are used to sample probability 
distributions whose parameter follows a Markov Chain (i.e. 
new proposed parameter depends only on the parameter at 
the previous time). In our case, we use these methods for 
optimization (i.e., new proposed parameter is generated by a 
neighbor function that uses the best parameter found during 
the optimization). Thus, the parameter is the bitstring 
mentioned above and the neighbor function randomly swaps 
a number of bits (e.g. [1,1,1] is converted with one swap to 
[1,1,0]). The number of the swaps being a user parameter.  
The fitness of the model with respect to the data each time is 
given by an objective function (score) already implemented 
in CellNOptR and used in the GA method. In order to 
compare the average performance of the GA, MH and SA 
algorithms statistically, each of the algorithms was run for 
100 times on a cluster. Comparisons with the Genetic 
Algorithm (GA) in terms of convergence and the optimized 
models (low scores) (Fig. 2) are studied. The implementation 
of MH and SA was made in Python language calling the 
objective function from CellNOptR via Rpy2. 
 
Results: Firstly, we started with the Toy example that 
contains 16 edges (Fig. 1). We know from an exhaustive 
search that the optimum score is 0.02964. Running the MH, 
SA and GA methods over 1000 calls of the objective 
function, we see that the MH and SA methods converged 
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Fig. 1: Example of PKN based on the Toy example. Black edges 
are active (1) states and grey are inactive (0) states. In the 
algorithms the models are represented as a list of bits (bitstring). 
For example, the model shown here is coded as follows: [1, 1, 0, 1, 

1, 0, 1, 1, 0, 0, 1, 1, 1, 0, 0, 0]. 

Fig. 2: Distribution of the best scores obtained with MH and GA 
for the same amount of objective function calls (1000) and 

simulations (100). 

http://www.ncbi.nlm.nih.gov/pubmed?term=Saez-Rodriguez%20J%5BAuthor%5D&cauthor=true&cauthor_uid=19953085
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quicker. However, on this small example all the algorithms 
reached the optimum value. In the case of the Liver model, 
which has 99 edges, again, the MH and SA methods 
converged faster but also are able to reach lower scores 
than the GA method did. Indeed, the estimation of the 
average best score over 100 simulations gives the following 
values: MH: 0.0308, SA: 0.0312, GA: 0.0453. The 
distribution of the best scores is shown in Figure 2. It is worth 
mentioning that if the algorithms run longer (e.g., 5000 calls), 
the GA method has time to converge as well. However, the 
MH and SA methods still give slightly better optimized 
models than GA (MH: 0.02897, GA: 0.02994).  

Discussion: We have shown that while the GA method 
explores a wider parameter space (due to the population 
size at each call of the objective function that mixes the 
model significantly), it takes more time to converge than the 
MH and SA methods. Another interest of the MH and SA 
methods is the small number of parameters: the MH 
algorithm requires only one parameter (number of swaps of 
the neighbour function); the SA has one additional 
parameter: the cooling temperature. 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

 

This is an advantage over the GA algorithm that has five 
parameters (e.g.  population size, mutation rate). It is 
important though to mention that the number of swaps in the 
proposal function may need to be different according to the 
model size in order to obtain optimal results. We have also 
thoroughly investigated the behavior of the MH and SA 
methods as a function of the number of swaps. The MH 
algorithm was also implemented in R, with the aim to be 
available in CellNOptR package. In this work, we restrict 
ourself to the Boolean case, but the extension to other cases 
is in progress and should be straightforward for the Time 
course and Fuzzy logic cases that use a similar objective 
function as in the Boolean case. We plan to examine their 
behavior as well to the ODE case that rely on continious 
parameters rather than discrete. Finally, the comparison of 
the algorithms presented in this work will be extended to 
other stochastic algorithms [6] (e.g., evolutionary algorithms), 
as well as deterministic algorithms (Integer Linear 
Programming (ILP; [7]) or Answer Set Programming (ASP; 
[8]). While ILP and ASP have advantages over stochastic 
methods, their application are limited to the simple Boolean 
case, and therefore our study of stochastic methods sets the 
basis to identify the best optimization scheme for each 
modeling formalism. 
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Fig. 3: Best scores as a function of objective function calls 
(1000) for the GA, MH and SA methods. Each curve is averaged 
over 100 simulations. MH and SA methods converged whereas 

GA has not yet reached the optimum. 
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ABSTRACT

Motivation: The identification of species mentions in 
scientific documents can have a beneficial effect to a wide 
range of scientific projects. Improving protein mention 
recognition and protein-protein association extraction 
(Gerner et al., 2010) are two such cases.
The ability to classify documents according to the organisms 
they mention can also support document indexing, retrieval 
and clustering systems (Gerner et al., 2010).
The association of taxonomic mentions in a cross-scientific-
domain collection of documents can support the synthesis of 
biological knowledge across several levels of its organization 
(such as the molecular, the organismal and ecosystem one).
Databases, such as the NCBI Taxonomy [1], that act as a 
nexus among species (and their lineage), genetic 
sequences, relevant population variation information, and 
other related pieces of knowledge, are facilitating such 
efforts.

Methods: SPECIES follows a dictionary lookup approach to 
identify taxonomic mentions. A curated dictionary, based on 
the taxon name information available in the NCBI Taxonomy, 
orthographically expanded and combined with run-time term 
matching constitute its core (Fig 1).
A manually curated list of common English words that 
unfortunately happen to be species names as well ensures 
that these words are excluded from the analysis (Fig 1).

Results: Functionality: SPECIES is a command line 
application capable of identifying taxonomic mentions at the 
level of species in documents and mapping them to 
corresponding NCBI Taxonomy[1] database entries.
Given a folder with plain text files, SPECIES based on its 
taxonomic name and synonym dictionary reports the 
taxonomic mentions (start, end position in each document), 

Fig. 1. Document annotation process and underlying components. 
The only parameter required by SPECIES is the path to a folder 
with plain text documents. 

the detected term and the corresponding NCBI Taxonomy 
database record identifier (Fig 1).
Besides binomials following the Linnaean naming 
convention, recognised taxonomic mentions include 
acronyms, common names and abbreviations, as well as 
misspellings and the rest of the naming types supported by 
the NCBI Taxonomy [1].
Additionally, SPECIES is able to: consider the different ways 
authors may write an organism, such as “zebrafish, zebra-
fish, zebra fish”, and detect abbreviated forms of scientific 
names (e.g. C. sativa) and disambiguate them to their full-
length co-mentioned species name (if any).

Performance: To evaluate SPECIES it has been compared 
against Linnaeus (Gerner et al., 2010, [2]),a commonly used 
species name recognition system. The two systems were 
compared both in terms of tagging accuracy (Table 1) and in 
terms of tagging speed (Fig 2). These are preliminary results 
and subject to further improvement upon software release.

S800 Corpus: To thoroughly evaluate the accuracy of 
SPECIES a novel abstract-based corpus has been manually 
annotated (Table 1). The annotation comprised the 
identification of organism mentions and their mapping to the 
corresponding NCBI Taxonomy identifier in800 PubMed [3] 
abstracts. 
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A. Linnaeus Corpus (L100)
Software LINNAEUS SPECIES

Precision 75.7% 82.4%

Recall 97.7% 97.3%

F-score 85.3% 89.2%
B. Species  Corpus (S800)
Software LINNAEUS SPECIES

Precision 79.7% 78.3%

Recall 90.3% 90.3%

F-score 84.7% 83.8%

Table 1.  SPECIES and LINNAEUS accuracy evaluated at the 
document level against the manually annotated corpora of A. 
Linnaeus (L100, full-text-based) and B. the novel Species corpus 
(S800, abstract-based) (Precision =TP/ TP+FP, Recall = 
TP/TP+FN,  F-score = 2*precision*recall/(precision+recall))

Fig. 2. Document annotation process and underlying 
components. The only SPECIES and LINNAEUS tagging 
speed measured against of set of ~536K PubMed [3] 
abstracts (experiment conducted using a single-thread run 
on an Intel 2,27GHz, 24 GB RAM).

To  better  assess  the  performance  of  organism  name 
identification  in  journals  from  different  scientific  fields  the 
abstracts were selected from representative journals 
in:Bacteriology, Botanics, Entomology, Medicine, Mycology, 
Protistology, Virology and Zoology.
For interested researchers S800 has not only been 
annotated at the species level;higher taxa mentions (such as 
genera, families and orders) have also been considered.

Discussion: Future Directions: In this experiment SPECIES 
focused on identifying taxonomic mentions at the species 
level. Its simple architecture (Fig 1) ensures its increased 
extensibility. SPECIES could be extended e.g. to identify 
genera and other higher taxa mentions as well as other 
types of entities. To better satisfy the aims of biodiversity 
research we are already experimenting with the identification 
of environment descriptive terms (Fig 3) based on the 
Environmental Ontology [4]. Functional traits and life-cycle 
stages are other entity types of interest.  Conducting co-
mentioning analysis among these entity types is a mid- to 
long-term objective.

Fig. 3. A tag cloud displaying the most frequently co-mentioned 
environment descriptive terms in PubMed with a small European 
snail Nassarius reticulatus. The term font-size corresponds to the 
co-mentioning  frequency  (figure  created  using  [5],  experiment 
conducted on November 2011).
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ABSTRACT 
Motivation: Kallikreins are members of the serine protease 
family1 S1. Human plasma kallikrein, encoded by the KLKB1 
gene on chromosome 4q34-35 is synthesized in the liver as 
an inactive precursor and circulates in the plasma. Once 
activated by coagulation factor XII, plasma kallikrein liberates 
kinins (bradykinin and kallidin) from the kininogens, peptides 
responsible for the regulation of blood pressure and activa-
tion of inflammation2. The human tissue kallikrein and kallik-
rein-related peptidases (KLKs), are a family of 15 secreted 
serine proteases with diverse expression patterns and 
physiological roles. These include cancer-related processes 
such as cell growth regulation, angio-genesis, invasion, and 
metastasis3-4. Several KLKs possess significant favorable or 
unfavorable prognostic value in various malignancies, since 
aberrant expression of distinct KLKs is associated with clini-
copathological parameters. This has prompted scientists to 
investigate their potential as cancer biomarkers. Notably, 
prostate-specific antigen (PSA), the gene product of KLK3, is 
the most widely used biomarker in clinical practice today. 
KLKs are encoded by the largest contiguous cluster of pro-
tease genes in the human genome (19q13.3-13.4), which 
makes them ideal for evolutionary studies aiming to infer the 
direction and timing of gene duplication events. Previous 
studies on the evolution of KLKs have traced mammalian 
homologs as well as an early origin of the family in aves, 
amphibia and reptilia, placing the emergance of KLKs at 330 
mya5. However, no study has addressed the evolutionary 
and functional relationships between human tissue and 
plasma kallikreins, or the evolution of alternative splicing 
isoforms. 
 
 
Methods: In order to elucidate the evolutionary and func-
tional relationships between human tissue and plasma kallik-
reins, we performed comprehensive phylogenetic analyses 
of KLK homologous proteins in the context of the evolution of 
the greater serine proteases family. Sequences of plasma 
and tissue kallikreins and their alternative transcripts were 

collected form the NCBI and Ensembl databases. Se-
quences were aligned using Muscle; ProtTest was used to 
estimate the appropriate model of sequence evolution, and 
phylogenetic analysis was performed by three separate 
methods: the programs MrBayes, PhyML and RAxML were 
used. 
 
 
Results: Plasma and tissue kallikrein share the Trypsin-like 
serine protease domain, but plasma kallikrein contains addi-
tional C-terminal PAN/APPLE domains which mediate pro-
tein-protein or protein-carbohydrate interactions. Our results 
indicate an early divergence of KLKB1, which groups closely 
with plasminogen, and chymotrypsin, as well as complement 
factor D (CFD), in a monophyletic group distinct from trypsin 
and the other KLKs. Our phylogeny results on the tissue 
kallikreins largely confirm previous analyses for the gene 
duplication events leading the the expansion of the tissue 
kallikrein family. Alternative transcripts for each KLK form 
monophylletic groups.  
 
 
Discussion: Plasma kallikreins form a monophylletic group 
which is shown to diverge separately from the tissue kallik-
rein family. This is the first study to address the evolutionary 
relationships between human tissue and plasma kallikreins. 
Future work will focus on functional relatiosnhips between 
tissue and plasma kallikreins, and include identification of 
common regulatory miRNAs, inhibitors, and SNPs. 
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ABSTRACT 
Motivation: Biological databases are considered as essen-
tial tools as they are online repositories that host vast vol-
umes of data for every possible aspect of biological re-
search. However, their main problem is that they have ex-
tremely high cost of maintenance. Consequently, they fail to 
be updated which is vital as new papers are published every 
day. Additionally, the biological knowledge generated by 
clinicians, biologists and geneticists is distributed amongst 
many different general and specialized databases so many 
often it is really difficult for the researchers to ensure the 
consistency of the information they use in their specific pro-
ject. Moreover, it is proved that in order to obtain biological 
knowledge, an execution of a series of data retrieval, integra-
tion and analysis steps are required. Therefore there is an 
incremental need for environments within bioinformatics 
tools can be easily pipelined and where bioinformatics data 
will be processed without manual intervention.  
 
Methods: A new trend to tackle the problem of the distribut-
ed biological knowledge is the construction of specialized 
collaborative databases, which are curated by scientists in 
the field wanting to share their knowledge with the communi-
ty. The implementation most of them is based on MediaWiki 
engine as it is easy to adapt and to use. Wikis also allow the 
straightforward inclusion of new data from all registered us-
ers, succeeding this way to keep their data updated. Appar-
ently, the registered users of such specialized collaborative 
databases are known scientists in the field, which is reassur-
ing about the consistency of the hosted data.  
However, in each case, special needs and specific goals are 
raised that cannot be tackled by the generic MediaWiki en-
gine such as the demand of data analysis or different forms 
of representation of the hosted biological information. There-
fore, it is obvious that Wiki technology should be combined 
with data analysis or other bioinformatics data sources. This 
is succeeded through the implementation of MediaWiki ex-
tensions, which are pieces of code that add new functionali-
ties or improve existing ones of the MediaWiki software.  
As discussed before, these specialized collaborative data 
repositories should also be able to exchange data and to 
execute data analyses with other data sources or grid re-
sources in a scalable and flexible way. Semantic Web tech-
nologie create a standardized framework and allow hosted 

data to be integrated and reused by other bioinformatics web 
applications.    
 
Results: A successful example that combines all the afore-
mentioned methods is the Wiki portal, which is specialized 
on congenital heart defects (CHDs), called CHDWiki. This 
portal focuses on mapping out the genes that are related to 
this kind of phenotypes and their relation with recorded clini-
cal cases. Until now, it succeeded on bringing together sci-
entists from various hospitals and institutions whose re-
search focus on CHDs.    
A MediaWiki extension, called WikiOpener, is implemented 
that allows the use of a variety of data analysis tools, such 
as gene prioritization, and the use of a combination of data-
bases. 
Besides that, the hosted data are available as an RDF store 
simplifying this way the integration of these data in numerous 
Bioinformatics pipelines. Currently, RDF data are available in 
two formats: RDF/XML and Notation 3 (N3).   
 
Discussion: Future work will be focused on the further 
enabling this kind of portals on Semantic Web interactions. A 
SPARQL endpoint will be deploied and a REST API will be 
created which will allow users to perform  queries such as: 

• The genes associated with a given (or any) 
phenotype 

• The mutations associated to a given gene 
• The patients with anomalies covering a given gene 
• etc. 

and will output the each time results on XML records. 
Furthermore, the created platform will be applied on other 
disease classes. 
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ABSTRACT 
Motivation: biosciences’ researchers often attempt to identi-
fy small subsets of molecular quantities maximally predictive 
with respect to a given outcome: the identification of diag-
nostic/prognostic biomarker signature for cancer diseases is 
probably the most common example for this type of task.  
Current statistical algorithms for biomarker identification 
usually return a single signature; unfortunately, it is often the 

case that multiple signatures are equally predictive for a giv-

en task. Poor statistical power due to low sample size, as 
well as more interesting issues like intrinsic redundancy in 
biological processes, can make impossible to distinguish 
between two or more signatures. 
Independently by the reasons causing the multiple-
signatures issue, considering a single signature and discard-
ing several, equivalent others is definitely detrimental; re-
searchers may find some of the discarded signatures easier 
to measure in a clinical setting, or they may be interested in 
analyzing the whole signatures set for scientific purposes. 
In this work we present a statistical algorithm, namely the 
Statistically Equivalent Signatures (SES) algorithm, that at-
tempts to identify a set of equivalent, highly predictive signa-
tures for a given target outcome. We experimentally validat-
ed the proposed method on three high-dimensional, gene 
expression datasets. Our results confirm that SES is able to 
return highly predictive signatures that are statistically undis-
tinguishable among each other.   
 
Methods: SES algorithm: Figure 1 reports the pseudo code 
of the proposed method. The algorithm is based on statistical 
tests of conditional independence: we denote with pXT.W the 
p-value of the test with the null hypothesis that X and T are 
conditionally independent given a set of variables W. 
The set of selected variables S is initially empty; all variables 
V are considered for inclusion (R V) and every variable is 
equivalent to itself (Qi  i). During the main loop the algo-
rithm alternatively attempts to (a) include in S the variable 
maximally associated with T conditioned on any possible 
subset of the already selected variables and (b) exclude from 
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Algorithm SES 

 
Input: 

    Dataset on predictive variables V 

    Target variable T,  
    Significance threshold a,  

    Max conditioning set k 

 
Output: 

    A set E of size n of variables sets Qi , i=1, …, n such that one can 

    construct a signature by selecting one variable from each set Qi 
 

// Remaining variables 

R V 
// Currently selected variables 

S   
// Sets of equivalences  

Qi  i, for i = 1, …, |V| 

 

Repeat 

    for all X  R  S 

        if  Z  S\{X}, |Z|  k, s.t., pXT.Z > a then 

             

            R  R \ {X}; S  S \ {X} 

 

            //Identify statistical equivalences, i.e., X and Y seem  
            //interchangeable 

            if  Y  Z, s.t., Z’ (Z  {X}) \ {Y}, pYT.Z’ > a 

                QY  QY  QX 

            endif 

 

        endif 

    endfor 

  

    M = argmax{X  R} min{Z  S}, |Z|  k} -pXT.Z     
    R  R \ {M}; S  S  {M} 

 

until R   
 

Repeat the for-loop one last time 

// Pack all the identified equivalences in one data structure 

E   

For all i  S 

 E  E  {Qi} 

endfor 

return E 
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S any variable X that is not anymore associated with T given 
a subset Z of other variables in S. Once a variable is exclud-
ed from S, it cannot be inserted anymore. 
 
Fig. 1.  SES method pseudo code; see the text for a detailed com-
ment on the algorithm. 

However, before definitely eliminating X from S, the algo-
rithm tries to identify any variable Y in Z that is undistin-
guishable from X; if such a variable exists, the list of X-
equivalent variables QX is added to QY. 
Finally, all equivalence lists Qi, i  S, are returned as output. 
The equivalent signatures can be built by picking one varia-
ble at the time from each Qi. 
 

Dataset #Samples #Vars Reference 

Leukemia 52 11225 Armstrong et al. (2002) 

Lymphoma 227 7399 Rosenwald et al. (2002) 

Prostate Tumor 102 10509 Singh et al., (2002) 

Table 1.  Characteristics of the datasets employed during the vali-
dation: for each dataset the number of samples and variables, as 
well as the literature reference are reported.  

Experimental validation: Table 1 reports the characteristic of 
the three gene expression datasets we selected for validat-
ing the SES algorithm. Each dataset was subdivided in five 
non-overlapping folds; each fold was used in turn as test set, 
while the remaining data were employed as training set. The 
SES algorithm was applied on each training set, and the 
predictive capabilities of the retrieved multiple signatures 
were tested on the respective test set. Each time one signa-
ture at random was selected as reference signature, and we 
tested whether the predictive performance of the remaining 
signatures were falling within the 95% Confidence Interval 
(CI) of the reference signature’s performance. We further-
more applied a single-signature identification algorithm, 
namely the Max-Min Parent Children (MMPC, Tsamardinos 
et al., 2006) to all datasets. MMPC is able to select highly 
predictive feature sets, and thus it is an ideal candidate for 
contrasting the predictive performances of the signatures 
retrieved by the SES algorithm.  Support Vector Machines 
(SVMs) were used for producing testable predictions. Predic-
tive performances were measured with both accuracy and 
Receiver Operating Characteristic (ROC) Area Under the 
Curve (AUC) metrics. The Clopper-Pearson method (Clop-
per and Peason, 1934) was used for calculating accuracy 
confidence intervals, while a bootstrapping approach was 
employed for estimating AUC confidence intervals. SES, 
MMPC and SVM parameters were fixed a priori and were not 
optimized.   
 
Results: the experimental validation confirmed that the sig-

natures retrieved by the SES algorithms are statistically in-

distinguishable, i.e., have equal predictive power. Table 2 
summarizes the main results obtained with the accuracy 
metric; AUC results are practically identical, thus we dropped 
the respective table. The multiple signatures obtained on 
both the “Leukemia” and “Prostate Tumor” show relatively 
little variation: both datasets present an average percentage 
accuracy variation (with respect to the reference signatures) 

of 3.2% and 12.9%, respectively. The Lymphoma dataset 
presents instead a wider variation across multiple signatures’ 
accuracies (24.6%), mainly due to the low performances 
achieved by the reference signatures. Reference signatures’ 
accuracies are employed as denominators in calculating 
percentage variations; thus, low reference signatures per-
formances tend to inflate the average percentage accuracy 
variation.  
Notably, for all datasets the percentage of accuracies that 

fall within the 95% confidence interval of the reference signa-

ture’s accuracy is 100% (i.e. all signatures fall in the 95% 

confidence interval). These results indicate that the perfor-

mances provided by the multiple signatures retrieved from 

the SES algorithm are statistically indistinguishable at a 0.05 

significance level.  
Finally, we employed the Binomial test (Howell, 2007) and a 
bootstrapping-based empirical test for comparing, respec-
tively, accuracies and AUCs of SES reference signatures 
and MMPC signatures. Tests results always provide p-
values way above the 0.05 significance level, indicating that 
SES and MMPC retrieve signatures with comparable predic-
tive capabilities.  
 

Dataset 
Reference 

Accuracy 

Accuracy 

Range 

Accuracy 

%Range 

95% CI 

Coverage 

Leukemia 0.92 0.113 12.9% 100% 

Lymphoma 0.60 0.141 24.6% 100% 

Prostate 

Tumor 
0.92 0.03 3.2% 100% 

Table 2. Accuracy results averaged over five different folds. 
“Reference Accuracy” is the performance achieved by the refer-
ence signature. “Accuracy range” is the interval of accuracies 
spanned by the multiple signatures; “%Range” is the accuracy 
range subdivided by the accuracy performance of the reference 
signature. The 95% CI coverage is the percentage of accuracies 
that fall within the 95% confidence interval of the reference signa-
ture’s accuracy. 

Discussion: we presented an algorithm for addressing the 
multiple signatures problem, and we validated the proposed 
algorithm on three high-dimensional, gene expression da-
tasets. The results confirmed that the signatures retrieved by 
SES are statistically indistinguishable across each other and 
that are comparable, in terms of predictive capabilities, with 
the signatures selected by the well-performing (as proven in 
Tsamardinos et al., 2006) MMPC algorithm.  
Future work will concentrate on further developing the pro-
posed method, in order to discover sets of smaller, more 
predictive, statistically equivalent multiple-signatures. 
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ABSTRACT 
Motivation: Breast cancer is a complex disease that 
presents itself with great heterogeneity and is one of 
the most common malignancies present in women. Its 
complexity is introduced through the different distinct 
biological features it presents and the diverse clinical 
outcomes. Tumor cell migration and metastasis are 
major factors in the morbidity and mortality of breast 
cancer. The ability to identify biomarkers that will allow 
the prediction of treatment outcomes and provide 
treatment guidance is essential. The main objectives 
here were to analyze gene expression profiles in 
breast cancer patients to identify molecular signatures 
corresponding to possible disease management path-
ways and to identify biomarkers for treatment strate-
gies. The subsequent aim was to screen a statistically 
significant amount of samples to validate the relation-
ship between the adrenergic receptor and breast can-
cer, to determine possible mechanism pathways and 
to identify a list of key gene signatures, which were 
tested for confidence and validated as specific mark-
ers using genomic techniques.  
 
Methods: The EMBL-EBI database library was used 
to identify a suitable dataset for our analysis, the ac-
cessible microarray data presented the opportunity for 
analysis of a statistically significant cohort. The micro-
array data was analyzed using the ANN stepwise 

method, which incorporates a three-layer feed-forward 
MLP with a BP algorithm and a sigmoidal transfer 
function. A non-reductionist network growth approach 
was used to identify possible markers. The top 100 
results form each gene input were studied and pat-
terns within them were further identified. Computation-
al tools such as Statistica and Cytoscape were utilized 
for the data preparation and analysis.  A final list of the 
most common genes was created and two of the 
genes were chosen for validation. Genomic validation 
was conducted using immunohistochemistry.  
 
Results: The adrenergic receptor (ADRBx) was of 
great interest thus the analysis was focused on identi-
fying markers that interfere with it. The genes from the 
analysis were further examined to identify those which 
would ultimately provide insight into the relationship 
between the receptor and metastasis. A list of top 
genes was identified, including SCARA5, FHL1 and 
ENPP2. Genes identified have been found to be in-
volved in metastatic pathways within the literature, 
which confirms our analysis and our results.  
 
Discussion: Azare J., et al, report that ENPP2, which 
is a glycoprotein with lysophospholipase D activity, is 
involved in breast cancer by promoting cell migration, 
metastasis and angiogenesis through the generation 
of lysophosphatidic acid. Ding et al., identified that 
FHL1 interacts with estrogen receptors and regulates 
breast cancer cell growth, thus playing an important 
role in carcinogenesis.  Further validation of the genes 
identified, and further analysis would ideally provide 
greater insight and more validity to our results. Future 
work would include different approaches to the specific 
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analysis, using genes that have already been identified 
to be involved in metastatic pathways, thus allowing to 
obtain further information about the pathways cancer 
undertakes during metastasis. Current analysis has 
been conducted on an ER+ cohort, future work would 
include analyzing ER- and healthy groups, thus to 
identify possible differences or commonalities. This 
would ultimately provide a greater insight and validity 
to our data and also statistical significance which 
would allow for more generalized conclusions.  
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ABSTRACT 
Motivation: Gene duplications are a major evolutionary 
force, contributing to genomic plasticity and allowing for the 
appearance of complex regulatory pathways and novel func-
tions [1]. Identifying duplications manually can be a long and 
arduous process, whereas no automated alternative was to 
this day available. To fill this gap, we present a Pipeline for 
Intraspecies Duplication Analysis. Pinda is a Web service 
that facilitates the detection and analysis of gene duplication 
events. It can be of use in inferring likely functions of newly 
discovered genes and proteins, aiding the exploration of 
recently sequenced genomes. 
 
Methods: Pinda automates the gene duplication detection 
procedure, connecting various bioinformatics software in an 
extensive analysis protocol: from sequences retrieval (PSI-
BLAST [2] / BLASTn [3]) to dendrogram creation (Clustal 
Omega [4] / Kalign2 [5], ZORRO [6], ClustalW [7]) and from 
calculation of duplication confidence to Gene Ontology [8] 
terms comparison. Results are being sent to the user via 
email, including a possible duplications table sorted by Level 
of Confidence, alignments and NJ-trees. 
The service has been written in Perl, Javascript and R, 
whereas its source code is freely available under the GNU 
AGPL license. 

Fig. 1.  Pinda’s starting page at 
http://orion.mbg.duth.gr/Pinda  

  
 
 
 
Fig. 2.  Pinda’s parameters page. 

 
 
 
 

Results and Discussion: Pinda’s reliability has been con-
firmed through a wide test set of genes and proteins. Its re-
sults have been found to be in full accordance with literature. 
As an example of a validated application of Pinda, Fig. 3 
shows results obtained on submission of the SIR2 protein 
from Saccharomyces cerevisiae.  Pinda successfully recog-
nized the SIR2/HST1 duplication [9], with the respective 
UniProt IDs of P06700 and P53685. 
In conclusion, Pinda provides a thorough and customizable 
automatic approach to gene duplication detection, while at 
the same time remaining user friendly and requiring mini-
mum manual 
intervention. 
 
Fig. 3.  A sample 
of Pinda’s results.  
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Introduction 
Zymomonas mobilis is an ethanologenic alpha-

proteobacterium studied for biofuel production 

due to the fact that it ferments sugars to ethanol 

and carbon dioxide to almost perfect yields (1). 

Genome sequence analysis for several strains of 

the species is currently underway at the US DOE – 

Joint Genome Institute (DOE-JGI), in 

collaboration with the University of Athens 

(Community Sequencing Programs CSP_788284 

and CSP_52; 2). Z. mobilis subsp. mobilis ATCC 

29191 was included in the collection of strains 

examined since it is regarded as the phenotypic 

centrotype (best representative strain) of the 

subspecies mobilis (3), the taxon that harbors the 

most rigorous Zymomonas strains. ATCC 29191 

was first isolated from Elaeis palm sap 

fermentations in Kinshasa, Congo, and upon 

inspection it has proven to be superior to other Z. 

mobilis strains in levan (polyfructan) production 

(4). Additionally, although it is well comparable to 

the applied and patented Z. mobilis ATCC 31821 

derivatives as to fast growth and ethanol yields, 

ATCC 29191 is curiously thermosensitive, which 

offers an interesting basis for functional genomics 

analyses.  It is also worth noting that in latest years 

ATCC 29191 has served as a model for the 

investigation of the respiratory chain of Z. mobilis 

(5), in an effort to address energy metabolism in 

this organism. 

Methods 
Total DNA from ATCC 29191 was prepared (6) 

and used for whole-genome shotgun sequencing at 

the DOE-JGI using a combination of Illumina and 

454 technologies.  For this, constructed were an 

Illumina GAii library (6,353,828 reads totaling 

228.7 Mb), a 454 Titanium standard library 

(515,697 reads) and one paired-end 454 library 

with an average insert size of 22 kb (168,806 reads  

totaling 121.6 Mb of 454 data; 

http://www.jgi.doe.gov). The 454 Titanium 

standard and paired-end data were assembled with 

Newbler version 2.3, while Illumina data were 

assembled with VELVET, version 0.7.63. Final 

data integration made use of parallel phrap, 

version SPS - 4.24 (High Performance Software, 

LLC). Possible mis-assemblies were corrected 

using gapResolution and Dupfinisher (7), or after 

sequencing bridging PCR fragments. Gaps were 

closed by editing in Consed, by PCR and by 

Bubble PCR primer walks. A total of 217 

additional reactions and 2 shatter libraries closed 

gaps and raised the quality of the finished 

sequence to 0.00 errors per 10 kb.  The final 

assembly was based on 75.5 Mb/228.1 Mb of 

454/Illumina data, respectively (38.3x/115.8x 

genome coverage, accordingly). For ORF 

prediction and annotation, Prodigal 

(http://compbio.ornl.gov/prodigal/) and BLAST 

were applied, whereas for tRNA and rRNA 

recognition, tRNAscan-SE and RNAmmer were 

used. Functional assignment of genes was 

performed by searching translated ORFs against 

the SPTR (TrEMBL), Pfam, TIGRfam, COG, 

KEGG databases or by implementing the IMG-ER 

platform. Genome structure comparisons made use 

of ACT, BLASTn and MegaBLAST.  

Results 
ATCC 29191 contains a circular chromosome 

1,961,307 bp in size (46.21% GC content), and 

three plasmids, namely p29191_1, p29191_2 and 

p29191_3, of 18,350 bp, 14,947 bp, and 13,742 

bp, respectively (GC contents of 41.02%, 42.19% 

and 44.21%) (8). The entire genome has 1,765 

protein-coding genes (chromosomal- and plasmid-

located), as well as 51 tRNA genes and 9 rRNA 

genes (3 rRNA clusters) lying on the chromosome 

(Table 1).  The ATCC 29191 genome is 95,057 bp 

smaller than that of reference strain ATCC 31821 

(ZM4; 9), and shares an average of 97% identity. 

Synteny is retained for the largest part, with the 
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exception of observed local shuffling that may be 

due to transposase presence. Indeed, 27 well 

characterized transposases can be found on the 

chromosome and plasmids, and this number is 

prone to increase after hypothetical gene curation.  

Approximately 41 genes – assigned, pseudo- or 

hypothetical – are unique to ATCC 29191 

compared to ZM4, whereas for the larger in size 

ZM4, 115 genes are unique. Interestingly, many of 

the genes unique to ATCC 29191 are located on 

three genomic stretches bearing least resemblance 

to ZM4 (coordinates 110991-115129, 1298096-

1304030 and 1861489-1864804), which, amongst 

others, include DNA helicase, transporter and 

tellurium resistance genes. The plasmids were 

found to harbor genes encoding for replicon 

maintenance (replication, stabilization and plasmid 

addiction), metabolism, regulation, transposition, 

and DNA restriction/modification functions. 

Discussion 
We here present the preliminary analysis of the 

genome of Z. mobilis subsp. mobilis ATCC 29191, 

a strain endowed with the notable capacity for 

combined ethanol and polyfructan production. 

Chromosomal islands bearing unique genes, the 

large numbers of putative mobile elements, and 

the interrelationship between the distinct 

physiological properties of this strain and the 

respective genetic background, are directions of 

immediate interest for future studies. The finished 

genome of ATCC 29191 is going to contribute to 

the overall comparative analysis that will illustrate 

the core, accessory, and pangenome complement 

of Z. mobilis.   
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Chromosome: ZM4 NCIMB 

11163 

ATCC  
10988 

ATCC 
29191 

Total Size  (kbs) 2,056 2,125 2,022 1,961 

G+C content (%) 46.33 46.64 46.22 46.21 

Total ORFs 1,998 1,884 1,697 1,756 

No of rRNAs 9 9 6 9 

No of tRNAs 51 51 48 51 

transposases 2 6 32 27 

Plasmids: 5 3 6 3 

Total size (kbs) 166.6 98.7 121.7 47.04 

Total ORFs 156 84 108 52 

Table 1: Key genomic features of representative Z. mobilis strains 
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ABSTRACT 
Motivation: Glucosinolates are active compounds that con-
tain sulfur and nitrogen, found as secondary metabolites in 
certain plant taxa and especially in cruciferous vegetables, 
such as the Brassicales family. They remain inert unless the 
plant receives damage and they are brought into contact with 
the enzyme myrosinase, releasing glucose and highly reac-
tive breakdown products such as isothiocyanates, nitriles, 
epithionitriles and thiocyanates. Several decades ago 
glucosinolate breakdown products were considered only as 
natural toxicants and used accordingly (e.g. as natural pesti-
cides). However, the situation changed in 1992 after the 
identification and purification of sulforaphane (from 
glucoraphanin) exhibiting anticarcinogenic properties. Our 
goal is to determine the qualitative and quantitative charac-
teristics of the glucosinolate biosynthesis pathway across the 
entire available plant pangenome. 
Methods: A thorough literature investigation resulted in a 
compilation of 39 Plant entire genomes. However, the quality 
of annotation in the corresponding peptide sequences 
showed significant variance, ranging from the low hundreds 
(Eutrema parvulum) to approximately 150,000 (Zea mays). 
In order to maintain a high quality inclusion level for the plant 
pangenome, we set two thresholds; the low threshold was 
defined by the number of sequences available for 
Theobroma cacao (~1,000) which has been deemed 
necessary for inclusion, as a negative control. The higher 
threshold has roughly set around the number of peptide 
sequences available for Arabidopsis thaliana (~40,000). 
Ultimately 32 genomes were identified within this range. 
Using the information extracted from [1], [2] and [3], 61 
Arabidopsis thaliana genes were identified as coding for 
known enzymes involved in the Glucosinolate Biosynthesis 
pathway and were used as the basis for the homology matrix 
construction. Finally, the data was clustered using the MCL 
algorithm producing 31 clusters. 
Results: Using data and processes described previously, we 
discover the presence/absence of the relevant enzymes 

shown in Fig. 1, where each row corresponds to one of the 
31 gene clusters. Each gene cluster may contain either one 
or several genes of similar function (highlighted gene 
names), and the order of appearance to the steps in the 
Glucosinolate Biosynthesis metabolic pathway. Each column 
corresponds to one of the 32 selected plant genomes. The 
relative distance between the species can be established by 
the taxonomic tree depicted on the top of the figure. Each 
cell is colored in accordance to the log-odds ratio of the 
homology data; a white-to-red coloring scheme denotes the 
values from low to high. Species with no homologues for 
specific genes / gene clusters are shown as black. 
Discussion: It is evident that there are several species that 
lack parts of the Glucosinolate pathway, such as algae and 
lower plants (e.g. Physcomitrella patens and Selaginella 
moellendorffii), or even the entire pathway, such as 
Theobroma Cacao and, surprisingly, Malus X Domesticus. 
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Fig. 1.  Log-odds values for the 31 clusters against the 32 plant 
genomes. The orange highlighted gene names correspond to clus-
ters of genes. Black cells correspond to gene clusters with no hom-
ologues in the corresponding genome. 
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ABSTRACT

Motivation: CpG islands (CGI) have been recently placed in the focus of 

a number of works for reasons that go beyond their well-established role 

in gene regulation. Apart from the known proximity to genes and their 

very  frequent  overlap  with  transcriptional  start  sites,  CGI  have  been 

related to origins of bidirectional DNA replication (OBR). The inevitable 

co-localization  of  these  elements  leads  to  interesting  compositional 

patterns which are most probably related to the effect of the processes of  

transcription  and  replication  occurring  in  these  genomic  regions. 

Therefore  a more detailed study of  such  compositional  and structural 

properties  in  all  CGI  may  lead  to  interesting  hypotheses  about  the 

functional roles of a significant proportion of CGI which are not related to 

transcription start sites (the so-called "orphan" CGI). 

Methods: CGI for the human genome were compiled from(Illingworth et 

al.  2010) and summed up to  25495 cases.  TSS were extracted from 

RefSeq version for hg18, keeping only unique cases, which led to the 

retrieval  of  26302 sites.  These  were  split  in  TSS for  plus and minus 

strand genes (13411 and 12891 cases respectively). OBR were obtained 

from a genome scale study published recently (Martin et al. 2011) for two 

distinct cell  lines (K562 and MCF7) using the nascent strand method.  

These were subject to an overlap analysis and only the ones overlapping 

to  at  least  one nucleotide of  their  length were kept,  which led to  the 

retrieval  of  29764 cases.  Analysis  was conducted  at  the  levels  of  a) 

nucleosome  positioning  b)  sequence  composition  c)  intersection  with 

known genes d) intersection with origins of replication e) transcriptional 

probability based on a number of markers including histone marks based 

on a chromatin-state HMM constructed for 9 distinct cell types (Ernst et 

al. 2011). 

Results: 
1.  By  comparing  the  predicted  versus  the  experimental  nucleosome 

enrichment in TSS-related and TSS-unrelated CpG islands we observed 

that CGI away from genes show a relatively high nucleosome occupancy 

that is in agreement with the one indicated by the underlying sequence 

while this is not the case for the ones close to TSS. The enrichment of  

nucleosomes in "orphan" CGI may have possible implications in different 

or multiple functional roles of these elements. 

2. We were able to define particular compositional preferences that differ  

between the TSS-related and unrelated CGI. These may be summed to 

one main finding: the extensive “loading” of A vs T and G vs C, a loading 

whose  sign  was  abruptly  inversed  over  the  center  of  the  CGI.  This 

"compositional signature" that is particular to TSS-related CGI was also 

observed in a subset of orphan CGI that were, nevertheless, linked to 

transcriptional activity through various lines of evidence. 

3.  We  found  a  persistent  pattern  of  gene  organization  in  extended 

regions surrounding CGI. Most importantly we have observed that CGI 

tend to mark regions where genes are "switching" orientation, i.e. they 

are transcribed in opposite directions. This feature constitutes a novel 

link between CpG island localization and large-scale gene organization. 

4. On-going work is focusing on the study of the localization of “orphan  

CGI”,  which  show  transcriptional  activity  and/or  delineate  gene 

orientation changes.  There are strong indications that  such sites  may 

carry  additional  functions  related  to  the  cellular  processes  of 

compartmentalized  gene  expression  and  the  coordination  of  DNA 

replication.

Discussion: The obtained results show that at a first level, a significant  

percent of “orphan” CGI (~30%) even though located away from known 

protein genes, show signs of transcription. This may be attributed to a 

number of possible alternatives and even though miRNA encoding may 

be ruled out based on our analysis, the possibilities for other types of 

cryptic transcripts exist cannot be discarded. In addition, we were able to 

define specific compositional and structural tendencies that appear to be 

related to transcriptional activity of CGI, regardless of their proximity to 

known genes, an observation that is in agreement with a general notion 

of  "orphan"  CGI  being  linked  to  transcription.  Nevertheless,  the large 

majority  of  "orphan"  CGI  remained  un-related  to  transcription through 

various lines of evidences and for various cellular types, which leaves the 

question of function of these regions open. Whether these regions are 

probably  functional  under  very  specific  conditions,  or  play roles other  

than  regulatory  such  as  structural  is  worth  further  exploration.  Our 

results, showing increased nucleosome positioning within "orphan" CGI 

as well as changes in gene directionality around gene-related CGI may 

indicate  additional  functional  roles  for  CGI  that  are  connected  to  the  

overall  genome  organization  in  eukaryotes.  Whether  these  observed 

preferences  are  a  driving  force  or  a  result  of  large-scale  genome 

architecture remains to be investigated. 
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ABSTRACT 

Motivation: Even though Streptococcus thermophilus is the 

only widely appreciated dairy starter within the Streptococ-

cus genus, certain members of the Streptococcus bo-

vis/Streptococcus equinus complex, i.e. Streptococcus ma-

cedonicus and Streptococcus infantarius have been also 

associated with milk and its products. The recently com-

pleted genome of S. macedonicus ACA-DC 198 (isolated 

from traditional Greek Kasseri cheese) is expected to facili-

tate the assessment of the adaptation of this species to the 

milk environment. 

 

Methods: The sequence of pSMA198 was identified during 

the genome sequencing of S. macedonicus ACA-DC 198. In 

brief, total DNA of S. macedonicus was subjected to 

pyrosequencing on a 454 GS-FLX Titanium sequencer 

(Roche Diagnostics) according to the manufacturer’s 

instructions at Genoscreen. A round of bulk pyrosequencing 

was followed by a 3-kb paired-end pyrosequencing. The 

acquired sequences were assembled using Newbler into 7 

scaffolds. An attempt was made to align the scaffolds 

against a genomic optical map of S. macedonicus generated 

at OpGen, after which 3 scaffolds remained unaligned. 

Further analysis supported that one of the scaffolds is a 

potential plasmid. Full sequence of pSMA198 was acquired 

at a >100X coverage during the hybrid assembly of the 

pyrosequencing data and the data obtained after an 

additional round of HiSeq 2000 Illumina sequencing at 

Fidelity Systems, Inc.  

Annotation of the plasmid was performed using three ab-

initio predictors, i.e. heuristic GenMark, FgenesB and 

MetageneAnnotator in combination with the annotation 

pipeline RAST. Only genes predicted by all tools or genes 

receiving high scores were considered for further analysis. 

Apart from the functional annotation of deduced proteins 

based on the RAST’s subsystems technology, we also 

employed appropriate WU-Blast similarity searches. 

Pseudogenes were considered on the basis of presence or 

absence of ribosome-binding sequences, of short or long 

genes and on the basis of split genes due to frameshifts. The 

origin of replication (ori) and the origin of mobilization (oriT) 

were identified based on previously determined sequences 

in plasmids related to pSMA198.   

 

Results: Streptococcus macedonicus ACA-DC 198 carries a 

novel plasmid of 12,728 bp assigned as pSMA198. The 

plasmid has a 35.0% G+C content, lower than that of the S. 

macedonicus chromosome (37.6%), indicating that it may 

have been acquired from another organism. Overall 17 

CDSs were annotated on pSMA198. The first gene codes for 

a replication initiation protein (Rep). The rep gene showed 

87% identity (e-value 1.7e
-196

) with the respective gene 

found on plasmid 1 of L. lactis subsp. cremoris SK11. Among 

the WU-Blast hits of Rep we identified the RepB proteins of 

the pCI305 and the pWV02 plasmids (78% identity, e-value 

7.4e
-162

 and 75% identity, e-value 2.6e
-152

, respectively) that 

are the prototypes of the pCI305/pWV02 family of the 

lactococcal theta-replicating plasmids. Multiple sequence 

alignment of the top Rep hits including the RepB proteins of 

pCI305 and pWV02 revealed a high degree of conservation 

over most of their length. Analysis of the proteins with 

InterProScan determined four Pfam sequence signatures 

corresponding to the initiator Rep protein (Rep_3, PF01051), 

the L. lactis RepB C-terminal (L_lactis_RepB_C, PF06430) 

and two consecutive winged helix-turn-helix transcription 

repressor DNA-binding (Wing_hlx_DNA_bd, G3DSA: 

1.10.10.10). The first signature is typical of theta replicons’ 

Rep proteins, while its combination with the second 

signature seems to be characteristic of the RepB proteins of 

the pCI305/pWV02 family.  

Subsequently, we looked upstream of the rep gene in an 

attempt to identify the ori of pSMA198. WU-Blastn similarity 

searches and multiple sequence alignment directed us 
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towards a pCI305/pWV02 type of ori. Indeed, we determined 

a segment spanning 242 nucleotides that contains an AT-

rich region, three and a half direct repeats (DRs) of 22-bp 

iterons and two inverted repeats (IRs). This structure 

includes all the necessary elements for the binding of the 

required protein complexes, the melting of DNA, the initiation 

of the replication and the control of plasmid copy number. 

The pattern of the pSMA198 ori along with the similarity of its 

Rep with the lactococcal RepB shows that pSMA198 is 

certainly a member of the narrow host range pCI305/pWV02 

family of replicons, which are normally found in Lactococcus 

species.  

Even though pSMA198 is not a self-transmissible plasmid, a 

cis-acting oriT that would allow its mobilization in the 

presence of a true conjugative plasmid was also predicted 

upstream of mobC. The oriT exhibited a region of six 

consecutive IRs and two DRs. In addition, we determined an 

identical nick site to those proposed previously for plasmids 

pS7a and pS7b, eight bases after the end of IR3. Once 

more, these structures were highly conserved among several 

lactococcal plasmids including pCI305. 

The relation of pSMA198 to other plasmids was further 

investigated. WU-Blastn searches supported that the closest 

plasmids were of lactococcal origin. pSMA198 showed 

highest identity over the entire length of its replication and 

mobilization backbones to plasmids pSK11b (78% identity, 

e-value 8.4e
-253

) and pVF22 (96% identity, e-value 0.0), 

respectively. Plasmid pSK11b has been isolated from L. 

lactis subsp. cremoris SK11, which is a widely used 

industrial starter in cheese making, and plasmid pVF22 has 

been isolated from the raw milk cheese strain L. lactis subsp. 

lactis biovar. diacetylactis DPC3901. Interestingly, the 

similarity between pSMA198 and each of the two plasmids 

mentioned above was basically restricted to the loci under 

investigation (i.e. the replication or the mobilization 

backbones). This led us to look for the plasmid that would 

have the highest identity with the complete sequence of 

pSMA198. The plasmid identified was pIL5 that has been 

isolated from L. lactis subsp. lactis IL594, which is also a 

cheese starter. pIL5 exhibited 97% identity (e-value 0.0) over 

approximately the three quarters of the pSMA198 sequence. 

It should be emphasized that apart from the closest similarity 

hits mentioned above, the overriding majority of top hits in all 

similarity searches for the different features annotated on 

pSMA198 at the protein or nucleotide level originated from L. 

lactis dairy strains. For example, nine out of the ten top hits 

for the replication backbone derived from strains isolated 

from milk or its products. 

The possibility of genetic exchange between pSMA198 and 

the chromosome of S. macedonicus ACA-DC 198 was also 

examined. In the attempt to identify such regions, we 

employed two different strategies. Initially, we investigated 

for the presence of chromosomal genes showing high 

identity to the genes found on pSMA198 or its related 

plasmids. We determined a region within a large genomic 

island of S. macedonicus ACA-DC 198 showing ≥ 99% 

identity with pIL5 that contained genes SMA_0309 and 

SMA_0310 coding for CadC and CadA, respectively. 

Noteworthy, the cassette of the cadmium resistance 

regulator (cadC) and the cadmium efflux ATPase (cadA) has 

been previously suggested to have been transferred 

horizontally to S. thermophilus from L. lactis. An additional 

chromosomal gene, SMA_2044, exhibited ≥ 93% identity to 

the corA1 gene of pVF22. In pVF22 two Mg
2+

 and Co
2+

 

transport proteins are encoded by corA1 and corA2. We then 

examined the genome of S. macedonicus for the existence 

of genes that could probably have derived from plasmids of 

the pCI305/pWV02 family in general. A chromosomal region 

where five out of six genes (involved in nucleotides’ 

biosynthesis and its regulation) highly identical (≥ 95% 

identity) to the respective region of plasmid pGdh442 was 

found. Plasmid pGdh442 belongs to a L. lactis plant isolate.  

 

Discussion: Our findings demonstrate that pSMA198 is a 

novel member of the pCI305/pWV02 family of theta-

replicating plasmids. The pCI305/pWV02 replicon has been 

shown to be of narrow host range, mainly replicating in 

Lactococcus spp. pSMA198 is the first streptococcal plasmid 

to be described within this family. Based on the levels of 

identity of the pSMA198 replication backbone, which may 

reflect its evolutionary history, to the respective backbones of 

other plasmids, our data supports that S. macedonicus 

acquired pSMA198 from L. lactis. This exchange took place 

most probably in the milk environment as the overriding 

majority of closest related plasmids to pSMA198 (i.e. 

pSK11b, pVF22 and pIL5) are of dairy origin. This is in 

agreement with the isolation source of S. macedonicus ACA-

DC 198 and the fact that S. macedonicus strains have dairy 

products as their primary ecological niche. The acquisition of 

pSMA198 by S. macedonicus ACA-DC 198 seems not to be 

a recent event. Prominently, the fact that the chromosome of 

S. macedonicus ACA-DC 198 and pSMA198 exhibit a high 

percentage of pseudogenes, indicates that they may have 

both evolved under the same gene decay processes. In 

addition, the potential exchange of genetic material between 

the chromosome and the plasmid designates a long co-

existence of the two replicons. We propose that our overall 

analysis of pSMA198 points towards the habituation of S. 

macedonicus ACA-DC 198 to the dairy environment. 
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ABSTRACT 
Motivation: G-protein coupled receptors (GPCRs) are one 
of the largest families of membrane receptors in eukaryotes.  
Heterotrimeric G-proteins, composed of Gα, G and G sub-
units, mediate for most GPCR functions.  Receptor stimula-
tion after the binding of a suitable ligand leads to G-protein 
heterotrimer activation and dissociation into Gα and G 
subunits.  These subunits then regulate the function of vari-
ous effectors, leading to many kinds of cellular and physio-
logical responses (Oldham, et al., 2008).  Effectors are a 
diverse group of proteins that, through their interactions with 
G-proteins, either act as second messengers or lead to di-
rect physiological responses. (Kristiansen, 2004).  Experi-
mental and bioinformatics studies have provided useful in-
formation on the  interactions between G-proteins and effec-
tors (Sprang, et al., 2007), however until recently little was 
known concerning the GPCR - Gα interaction complex. 
 
Methods: Initially, we performed an extensive literature 
search on Gα interactions with GPCRs and effectors, 
gathering information from crystal structures, mutagenesis 
experiments and computational studies.  We then retrieved 
all relevant structures from PDB (Berman, et al., 2000) and 
identified Gα surfaces and residues that participate in 
interactions.  Interface residues were identified using 
SPPIDER (Porollo, et al., 2007).  Sequences of Gα subunits 
with solved structures were retrieved from UniProt 
(UniProt_Consortium, 2012) and aligned with ClustalX 2.1 
(Larkin, et al., 2007).  Crystal structures of active and 
inactive Gα subunits, as well as members of different 
families and subfamilies, were compared through structural 
alignments using the Dali Server (Holm, et al., 2010) and 
PyMol (DeLano, 2002).  The electrostatic potential of Gα 
structures was calculated using APBS (Baker, et al., 2001). 
 
Results: Specific Gα sites, including the N- and C-termini 
and elements in the Gα GTPase region may act as 
interacting surfaces for GPCRs as well as effectors.  These 
sites differentiate in structure between different Gα states.  
The extend of shifting of these regions during G-protein 

activation varies between Gα families.  Comparison of 
different Gα subunits shows diversity between different 
families as well as subfamilies in terms of sequence, 
structure and electrostatic properties. 
 
Discussion: We have identified a number of parts of the Gα 
subunit surface that may participate in interactions both with 
receptors and with effectors.  The behavior of these surfaces 
during G-protein activation may account for their role in the-
se interactions, while the diversity of their sequence and 
structural properties can be a factor in the Gα subunit's se-
lectivity towards its binding partners.  Furthermore, the diver-
sity of the electrostatic potential of the Gα surface suggests 
that electrostatic complementarity might be an important 
factor for Gα interactions.  Information provided by this study 
may be applicable to more detailed studies of the structural 
basis of G-protein interactions with GPCRs and novel effec-
tors. 
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ABSTRACT 
Motivation: Heterotrimeric G-proteins are molecular switch-
es that turn on intracellular signaling cascades in response 
to the activation of G-protein coupled receptors (GPCRs) by 
extracellular stimuli.  They are composed of three subunits, 
α, β and γ.  Their nomenclature is determined by their α-
subunit and they can be classified in four families depending 
on the structure and function of their α-subunits: Gαs, Gαi/o, 
Gαq/11, Gα12/13.  It is obvious that signal transduction through 
heterotrimeric G-proteins is a mechanism of particular im-
portance which controls the intracellular transfer of messag-
es and ensures the proper function of organisms (Oldham, et 
al., 2008).  Our goal was to be able to detect members of the 
four distinct families, the Gβ and the Gγ subunits of G-
proteins from sequence alone.  For this purpose, profile Hid-
den Markov Models (pHMMs) were built and checked for 
their credibility.  These models were then applied to the five 
proteomes in order to identify and classify potential G-
proteins. 
 
Methods: We initially retrieved all G-protein sequences of α, 
β and γ subunits from the UniProt/Swiss-Prot database 
release 2010_09.  With these data we constructed six 
statistical models (pHMMs) for the four known heterotrimeric 
G-protein families, for the Gβ and for the Gγ subunit.  In 
order to construct these pHMMs, we implemented multiple 
alignments, which then were used as input in the HMMER 
package (Eddy, 2006; Eddy, 1998).  In order to build the 
pHMMs we used not only positive but also negative training 
sequences so as to make the models more specific (HMM-
ModE) (Srivastava, et al., 2007).  After the build process, the 
six pHMMs were converted to HMMER v3.0.  The six models 
that were developed were then tested for their reliability 
against the whole UniProt/Swiss-Prot database.  We finally 
defined the cutoff value as: (TC+NC)/2, where TC stands for 
Trusted Cutoff and NC as Noise Cutoff.  After check, our 
models and the Pfam model for the Gα subunit (PF00503) 
were used to detect potential G-proteins within the 

proteomes of five model organisms (Escerichia coli, 
Arabidopis thaliana, Saccharomyces cerevisiae, Drosophila 
melanogaster and Homo sapiens). 
 
Results: The results from the search performed against the 
5 proteomes are: In E.coli no G-proteins were detected, as 
expected.  In A.thaliana and S.cerevisiae we found Gα 
subunits using the Pfam pHMM, but these could not be 
categorized in any of the four families.   In S.cerevisiae we 
detected Gβ and Gγ subunits, whereas in A.thaliana we 
were not able to detect Gγ subunits.  In D.melanogaster and 
Homo sapiens members of all four families and also the Gβ 
and Gγ subunits were detected.  In general, the six pHMMs 
we constructed could detect with accuracy the G-proteins in 
the given proteomes and our results were in agreement with 
the proteomes’ annotation.  In the contrary, Pfam’s pHMM 
for the Gα subunit tends to overpredict. 
 
Discussion: The results of this study suggest that the 
constructed pHMMs could be used for the detection and 
classification of G-proteins in proteomes.  Our future goal is 
to create a web application, in order for scientist to be able to 
use our method.  Furthermore, we could construct specific 
pHMMs for other Gα subunits, such as the Gαf in 
D.melanogaster and the Gα subunits of fungi and plants. 
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ABSTRACT 
Motivation:  Intrinsically disordered proteins (IDPs) and re-
gions (IDRs) possess no rigid 3D structure under physiologi-
cal conditions, yet they are functionally active (Uversky, 
2011).  Molecular Recognition Features (MoRFs) are defined 
as short regions that undergo disorder-to-order transition 
upon binding to their partners and are considered to be im-
plicated in protein-pr otein interactions (Mohan et al., 2006; 
Vacic et al., 2007).  Membrane proteins constitute approxi-
mately 30% of fully sequenced proteomes and they are re-
sponsible for a wide variety of cellular functions (Krogh et al, 
2001).  The aim of the current study was to identify and ana-
lyse MoRFs of membrane proteins and their relations with 
‘aggregation-prone’ peptides on the in teraction surface of 
their partners. 
 
Methods:  Datasets of putative MoRFs was constructed 
from the Protein Data Bank, selecting membrane p rotein 
fragments between 10 and 70 residues, which interact with 
proteins longer than 100 residues.  T he assumption was 
made that such short amino acid sequences would be less 
likely to form a rigid  3D structure prior to interaction.  Two  
non-redundant sets we re created and further used for 
analyses: transmembrane MoRFs and peripheral membrane 
MoRFs.  
 
Results:  After ex tensive studies of membrane MoRFs, 
MoRF-containing proteins and MoRFs’ partners, which al-
lowed us to full y characterize them in terms of seque nce, 
structure and function, current res earch is f ocused on two 
directions.  Firstly, we seek to identify the interfaces between 
membrane MoRFs and their binding partners and assess 
their characteristics.  The main interest lies in the determina-
tion of their compositional biases.  Secondly, we aim at clari-
fying the sequence and spatial relations, if any, between the 
residues composing these interfaces and the location of ‘ag-
gregation-prone’ peptides on the interaction surface of 
MORFs’ partners.  
 

Discussion:  T hese studies will help us to obtain useful 
insights for the mechanisms of protein-protein interactions 
and possibly facilitate prediction of membrane MORFs 
interaction sites with their patners.  

REFERENCES 
Uversky V. N. (2011) Intrinsically disordered proteins from A to Z. Int J Biochem 

Cell Biol 43(8), 1090-103. 
Mohan A., Oldfield C.J., Radivojac P., Vacic V., Cortese M.S., Dunker A.K., Uversky 

V.N. (2006) Analysis of molecular recognition features (MoRFs). J Mol Biol 
362(5), 1043-59. 

Vacic V., Oldfield C.J., Mohan A., Radivojac P., Cortese M.S., Uversky V.N., Dunker 
A.K. (2007) Analysis of molecular recognition features, MoRFs, and their binding 
partners. J Proteome Res 6(6), 2351-66. 

Krogh A., Larsson B., v on Heijne G., S onnhammer E. L. (2001) Predicting 
transmembrane protein topology with a hidden Markov model: application to 
complete genomes. J Mol Biol 305(3), 567-80. 

04/10/2012
Session 1 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Algorithms 



Session: 1                            Proceedings of the 7th conference of the
Hellenic Society for Computational Biology & Bioinformatics - HSCBB12

FORTH, Heraklion, Crete, Greece, 4-6/10/2012
04/10/2012

ChromatoGate: A Tool for Detecting Base Mis-Calls in Multiple Sequence Alignments
by Semi-Automatic Chromatogram Inspection

Nikolaos Alachiotis,1,∗ Emmanouella Vogiatzi,2,3 Pavlos Pavlidis,1 and Alexandros Stamatakis1

1 The Exelixis Lab, Scientif c Computing Group, Heidelberg Insitute for Theoretical Studies (HITS gGmbH), Heidelberg, Germany
2 Institute of Marine Biology and Genetics (IMBG), Hellenic Centre for Marine Research (HCMR), Heraklion Crete, Greece

3 Department of Genetics and Molecular Biology, Democritian University of Thrace, Alexandroupolis, Greece
∗Correspondence to: nikolaos.alachiotis@h-its.org

ABSTRACT
Motivation: Automated DNA sequencers generate chromatograms
that contain raw sequencing data. They also generate data
that translate the chromatograms into molecular sequences of
A, C, G, T, or N (undetermined) characters. Since chromatogram
translation programs frequently introduce errors, a manual inspection
of the generated sequence data is often required. Traditionally,
users inspect every base call in a sequence, assess the quality
of the corresponding chromatogram peak, and decide whether the
base call is accurate or not. As sequence numbers and lengths
increase, visual inspection and manual correction of chromatograms
and corresponding sequences on a per-peak and per-nucleotide
basis becomes an error-prone, time-consuming, and tedious process.
Methods: We introduce ChromatoGate, a open-source software that
accelerates and partially automates the inspection of chromatograms
and the detection of respective sequencing errors for bi-directional
sequencing runs. The goal is to generate multiple sequence
alignments (MSAs) with a minimal number of sequencing errors. This
is achieved by a step-by-step alignment assembly and correction
procedure which is illustrated in Figure 1. This approach requires the
user to inspect only a limited number of peaks in every chromatogram.
In general, our approach treats every polymorphic site as a

potential sequencing error. Usually, the sequencing error rate is not
large (typically < 1%; ?). Hence, base mis-calls will generate low
frequency polymorphisms. If a polymorphic site is not generated by a
sequencing error but represents a true polymorphism, all characters
at this site must have a clear, unequivocal chromatogram signal. If
the corresponding peaks for a few characters at a polymorphic site
are ambiguous, this can be attributed to a sequencing error rather
than to a true polymorphism. Thus, the user only needs to visually
inspect the chromatogram peaks of the comaparatively small fraction
of base calls that differ from the majority of bases at the site.
Results: To obtain an estimate of potential analysis time savings, one
of the authors, EV, tested ChromatoGate on 325 Mullus surmuletus
sequences from the D-loop region with a length of 350 base pairs.
Using ChromatoGate, EV required some hours to correct errors and
assemble a curated MSA. EV estimates, that prior to ChromatoGate,
the manual error correction would have taken several days and, in
addition to this, would also have been potentially more error-prone.
Discussion: ChromatoGate allows for rapildy identifying and
correcting base mis-calls as generated by capillary and gel-
based sequencers. It also allows for aligning and merging forward
and backward sequences and computing respective consensus
sequences. ChromatoGate maintains meta-data that allows the user

to “go back” and inspect chromatogram peaks at any point of the MSA
assembly process and correct potential errors.
Availability: www.exelixis-lab.org/software.html.
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from the sequencer
Input DNA reads

Degap 1st alignment and realign: Generation of 2nd Alignment
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Fig. 1. The steps of the ChromatoGate framework. The dashed-line boxes
represent actions that need to be performed manually. The single-line boxes
are used to refer to operations that can be performed by third-party software
and the double-line boxes refer to ChromatoGate functions.
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 ABSTRACT 
Motivation: Within the context of genetic association studies 
(GAS) and genome-wide association studies (GWAS) there 
is a variety of statistical techniques in order to conduct the 
analysis but a common problem is the lack of knowledge 
concerning the model of inheritance. Some methods are 
usually called genetic model-free (GMF), in the sense that 
they do not rely on pre-specifying the genetic model of in-
heritance, while others make such assumptions beforehand. 
The methods that make assumptions concerning the model 
of inheritance are powerful under the correct model specifi-
cation but suffer from a decrease in power when the as-
sumption does not hold. On the other hand, the GMF meth-
ods are robust, but they are not so powerful compared to the 
methods that assume a genetic model. Several approaches 
have been proposed for deriving robust procedures that will 
detect the true underlying model of inheritance and, at the 
same time perform the analysis maximizing the power and 
preserving the nominal type I error rate. The primary goal of 
this work is to implement as many as possible robust meth-
ods within the statistical package STATA and subsequently 
to make the software available to the scientific community. 
 
Methods: Some of the robust methods are based on the 
theory of efficiency robust procedures (Freidlin, et al., 1999; 
Gastwirth, 1985), namely the Maximum Efficiency Robust 
Test (MERT) and the maximum (MAX) test (Freidlin, et al., 
2002). MERT is a linear combination of the optimal Cochran-
Armitage trend tests (CATT) for the recessive and dominant 
models whereas the MAX test is based on the simple idea to 
test all three possible models and choose the one with the 
largest score. Furthermore, other methods use the devia-
tions from Hardy-Weinberg equilibrium (HWE) for the selec-
tion of the underlying genetic model (Joo, et al., 2010; Zheng 
and Ng, 2008). In the Genetic Model Selection (GMS) 
method, Zheng and Ng showed that the Transmission Dis-
equilibrium Trend Test (ZHWDTT) is positive under the reces-
sive and negative under the dominant genetic model (Zheng 
and Ng, 2008). Joo and coworkers proposed the Genetic 
Model Exclusion (GME) procedure, in which the dominant or 

recessive model of inheritance is excluded if ZHWDTT>0 or 
ZHWDTT<0 respectively, while, when ZHWDTT =0, the additive 
model is selected (Joo, et al., 2010). Finally, in the MIN2 
method a combination of test statistics is used (Joo, et al., 
2009). Since such methods are not available for STATA up 
to date, we implemented them in STATA v.10. 
 
Results: Robust methods based on the MAX statistic, the 
MERT statistic, the MIN2, as well as the GMS and the GME 
procedures were implemented in STATA and immediate 
commands were constructed. The main difficulty in imple-
menting the above-mentioned methods is the fact that they 
are computationally intensive since (with the exception of 
MERT) the asymptotic properties of the estimators cannot be 
derived analytically and other methods are needed. Con-
cerning MAX, GMS and GME, we used a several fast monte 
carlo simulation methods in order to calculate accurate p-
values, whereas for MIN2, we relied on numerical integra-
tion. 
 
Discussion: This is the first complete effort to implement 
procedures for robust analysis and selection of the appropri-
ate genetic model in GAS or GWAS using STATA. Since 
there are only a few available software implementations of 
the robust methods for meta-analysis of GAS or GWAS our 
future goal is to extend our software in the context of meta-
analysis using STATA. The software is available at 
www.compgen.org/tools/robust-methods.  
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ABSTRACT 
Motivation: Metabolic pathways are series of chemical reac-
tions occurring in a cell. Each pathway describes a step-by-
step modification of an initial compound to another. Numer-
ous distinct pathways co-exist within a cell. This complete 
set of metabolic pathways is called the metabolic network of 
the cell. Metabolic data are typically modeled as graphs [1], 
in which nodes represent metabolites while edges represent 
chemical reactions between metabolites. However, a various 
problems may arise in analyzing and representing metabolic 
knowledge using graphs, since graphs are used to model 
one-to-one relations.  A more plausible and accurate model-
ing framework can be offered by hypergraphs [2]. 
 
Methods: Hypergraphs are a generalization of ordinary 
graphs, where a hyperedge, can connect any number of 
vertices. The vertices are the compounds and the 
hyperedges are the reactions, connecting the compounds. 
The usual representation of a metabolic reaction in biochem-
ical textbooks uses hyperedges. This modeling was imple-
mented in the VisBolic tool. VisBolic has been created for the 
analysis and visualization of metabolic pathways and net-
works. It acts as a database browser (for the whole metabol-
ic database), as an analyzer and as a viewer. 
 
Database The data of VisBolic database are derived from 
KEGG database [3]. The main reasons behind selecting 
KEGG as the data source for VisBolic database were the 
versatility of data present in KEGG, its completeness and the 
fact that the KEGG data are updated on a regular basis. The 
KEGG data are stored in flat files making the development of 
a parser necessary for storing them in a relational database, 
making them amenable to computer analysis by VisBolic. It 
should be noticed that the flat files for metabolism have 5,38 
GB size.  
 
Query Browser For making a query the user first chooses the 
element and then the element’s attribute for searching. The 
results are presented in a new window. The user can navi-

gate from one window displaying information about a particu-
lar element e.g. a reaction, to another window with infor-
mation about a related object, e.g. an enzyme that catalyses 
the reaction. 
 
Analysis VisBolic implements a variety of quantitative metrics 
for the multi-purpose analysis of metabolic networks. These 
metrics include measures related to shortest paths, centrali-
ties (degree, betweenness and closeness) and neighbor-
hood. VisBolic also implements algorithms for the computa-
tion of traversals, components, shortest paths and cycles in 
the hypergraph. Different distributions can also be computed 
by VisBolic, such as Degree, Average Clustering Coefficient, 
Shortest Path Length, Path Length, Shared Neighbors and 
Topological Coefficients. VisBolic provides also information 
about general statistics over the VisBolic database and 
about the current selected model. 
 
Visualization The hyperedges could be simulated by insert-
ing a dummy node towards the end of the edge which is 
connected to all source vertices and another dummy node at 
the front of an edge which is connected to all target vertices, 
as shown in Figure 1. It should be noticed that the dummy 
vertices are inserted at the forking positions, where the 
hyperedge has multiple source or target nodes. Therefore, at 
most two dummy vertices are inserted per hyperedge. If a 
hyperedge has one source and one target node, it is treated 
as a common edge. 
 
 
 
 
 
 
 
Fig. 1. An example of a hyperedge. Dummy nodes are inserted at 
the branch positions. The small black circles represent dummy 
nodes. 

 
Results: This method forces the production of hypergraph-
like drawings. In fact these drawings represent graphs that 
look like hypergraphs. Consequently, the main advantage of 
this method is that it could exploit the variety of existing 
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graph drawing techniques [4], producing hypergraph like 
drawings. In other words, the drawing and analysis are ame-
nable to the huge corpus of methods and algorithms from 
graph theory. The graph drawing algorithms, which are part 
of the yFiles API [5], provided by the tool are: hierarchical, 
orthogonal (classic), orthogonal (compact), organic (classic), 
organic (smart) and circular. An example of the visualization 
of a pathway using the proposed method can be seen in 
Figure 2. Drawing of that pathway generated by Cytoscape 
[6] is also presented. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. Drawing of Pyruvate metabolism of Saccharomyces 

cerevisiae with organic layout algorithm using (a) VisBolic and (b) 

Cytoscape. The pathway has 24 reactions and 45 compounds. In 

(a) the drawing is planar. 

 
Our method usually produces clearer and more readable 
drawings that are planar or have few edge crossings, where 
the reactions are clearly visible and separated. However, 
classical visualization algorithms treat dummy vertices as 
’normal’ nodes, producing sometimes less readable draw-
ings. Therefore, as the size and the density of a pathway 
increases, the drawing becomes less readable. 
 
Discussion: Although there are numerous pathway tools, 
none can capture all the requirements of the metabolism 
context. The tools usually deal with one or more aspects of 
metabolism while neglecting others. However, even this indi-
vidual study is important for the understanding of this com-
plex cellular function. Similarly, although VisBolic is a notable 
tool for querying, analysis and visualization of metabolic 
pathways, there are still many features to be improved. The-
se features range from technical, such as the improvement 
of the GUI, to more complicate such as the integration of 
data from different sources or the integrated analysis of dif-
ferent biological pathways. 
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ABSTRACT 
Motivation: Computational methods for miRNA target prediction 
vary in the algorithm used; and while one can state opinions about 
the strengths or weaknesses of each particular algorithm, the fact of 
the matter is that they fall substantially short of capturing the full 
detail of physical, temporal, and spatial requirements of 
miRNA::target-mRNA interactions.  Here, we introduce a novel 
miRNA target prediction tool called Targetprofiler that utilizes a 
probabilistic learning algorithm in the form of a hidden Markov model 
trained on experimentally verified miRNA targets. Using a large 
scale protein down-regulation dataset we validate our method and 
compare its performance to existing tools. We find that Targetprofiler 
exhibits greater correlation between computational predictions and 
protein down-regulation and predicts experimentally verified miRNA 
targets more accurately than 3 other tools. Concurrently, we use 
primer extension to identify the mature sequence of a novel miRNA 
gene recently identified within a cancer associated genomic region 
and use Targetprofiler to predict its potential targets. Experimental 
verification of the ability of this small RNA molecule to regulate the 
expression of CCND2, a gene with documented oncogenic activity, 
confirms its functional role as a miRNA. These findings highlight the 
competitive advantage of our tool and its efficacy in extracting bio-
logically significant results. 
 
Methods:  
miRNA sequences 
Five benchmark mirs (let7b, mir155, mir1, mir16 and mir30a) were 
used for scanning 3’UTRs. Experimentally supported miRNAs and 
targets from the online database Tarbase version 5 (Papadopoulos, 
et al., 2009) were also used for validation.  
Human 3’UTRs 
The 3UTR genomic sequences were obtained from the UCSC ge-
nome browser (Karolchik, et al., 2007).  
Mock miRNAs 
Mock or artificial miRNAs were generated in order to obtain an indi-
cation as to the false positive rate of our prediction methodology. 

These mock miRNAs were produced as described in (Maragkakis, 
et al., 2009).  
Training HMM to Recognize Features of MiRNA::Target-mRNA 
Interactions 
Profile Hidden Markov Models (Eddy, 1998) algorithms were utilized 
as previously described (Oulas, et al., 2009).  
HMM score an d validation of predictions using Tarbase 5 
miRNAs 
To further validate our prediction methodology we utilize the 100 
miRNA targets corresponding to 47 miRNAs from Tarbase version 
5.  
Scanning all human 3’UTRs using 5 benchmark miRNAs from 
pSILAC 
We scanned all human 3’UTR using our trained HMM for miRNA 
gene targets for 5 benchmark miRNAs (let7b, mir155, mir1, mir16 
and mir30a) previously used in a large scale miRNA target verifica-
tion assay (Selbach, et al., 2008).  
Transfection assay  
Human HeLa 229 were transfected in the 24-well plates in serum-
free DMEM by using Lipofectamine 2000 (Invitrogen, Carlsbad, 
California) according to manufacturers' instructions 
 
Results:  
Comparison to existing Target Prediction Tools  
Use of 5 benchmark miRNAs and data form pSILAC  
In order to assess Targetprofiler’s performance in comparison to 
existing state-of-the-art methods, we next compared the optimum 
results obtained from Targetprofiler using the abovementioned 5 
benchmark miRNAs with the optimum results from other prediction 
tools. As shown in Table 1, Targetprofiler outperforms all listed tools 
when tested on the pSILAC dataset. 
Computational prediction of c-miR-Ch9 targets 
Following the experimental verification of the mature miRNA se-
quence of c-miR-ch9, we used Targetprofiler to scan all human 
3’UTRs for potential targets of c-miR-ch9. A total of 33 predicted 
targets for c-miR-ch9 achieved an HMM score of 6.2 (maximum 
score assigned by Targetprofiler = 6.7) or higher (see Supplemen-
tary Material Table S2) and 17 of these where 8mers (as per Guo et 
al, 2010 (Guo, et al., 2010)). One of these high scoring targets 
(HMM score: 6.2) was found to be located on a 3’UTR transcribed 
from chromosome 12.  The miRNA::target-mRNA was an 8mer and 
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displayed a low free energy (-23.70∆G). Moreover, the seed was 
fully conserved in 7 other organisms, excluding chimp. On selecting 
a miRNA target site for experimental verification it can be informa-
tive to obtain an intersection of predictions from other available tar-
get prediction tools. This target site was further confirmed by 4 other 
tools (TargetScan, StarMir (Long, et al., 2007), PITA, DianaMicroT) 
which were used to perform target prediction using our novel miRNA 
sequence. The gene corresponding to this 3’UTR was CCND2, a 
gene with documented oncogenic activity (Wang, et al., 2010) that is  
known to play a role in the G1/S transition of the cell cycle.   
Experimental verification of the c-miR-Ch9::CCND2 interaction 
Since c-miR-Ch9 was found in a genomic region that is frequently 
deleted in various cancer types and CCND2 has a documented 
oncogenic activity (Wang, et al., 2010), the predicted interaction 
appears, at least in principle, quite plausible. Thus, we next per-
formed experiments using reporter constructs carrying a Firefly 
luciferase reporter to test whether the predicted interaction is func-
tional (see Fig 1).  
 
Table 1. Comparison of optimum results from target prediction tools using 
pSILAC proteomic data. 

 

 
Fig. 1. miRNA-sensor assay using luciferase expression as an 
indicator of miRNA activity after transfection of HeLa cells with vari-
ous constructs. (a) Relative luciferase expression after transfection 
of HeLa cells with triplet-cassette constructs: pGL4-10 – an empty 
pGL4-10 vector for standardization control, pGL4-10 + wt-Triplet – 
vector containing a wild-type triplet cassette containing potential 
binding sites for c-miR-Ch9, pGL4-10 + mut-Triplet  – a vector con-
taining a triplet cassette with mutated binding sites for c-miR-Ch9. 
(b) Relative luciferase expression after transfection of HeLa cells 
with 3’UTR constructs. pGL4-10 – an empty pGL4-10 vector for 
standardization control, pGL4-10 + wt-3’UTR – vector containing a 
wild-type 3’UTR containing a single potential binding site for c-miR-
Ch9, pGL4-10 + mut-3’UTR  – a vector containing a single mutated 
potential binding site for c-miR-Ch9. (c) The pGL4-10 + wt-Triplet 
cassette transfection was repeated with concurrent addition of anti-
LNA for our c-miR-Ch9. (d) An average over all transfection experi-
ments performed (total of 5 experiments with 3 triplicates for every 
condition). 
 
Discussion: In conclusion, our study uses an integrative approach 
in which the prediction of a putative pre-miRNA is followed by the 
experimental verification of its mature sequence and the computa-
tional prediction of a target for this miRNA is experimentally con-
firmed using reporter assays. By capitalizing on the advantages of 
combining computational with experimental approaches, this work 
provides novel, validated computational tools along with important 
experimental findings that are likely to open new avenues for 
miRNA-related cancer research.   
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ABSTRACT 
Motivation: An internet-based free software tool is presented th at 
streamlines data processing and improves efficiency of the methyla-
tion sensitive amplified polymorphic (MSAP or MS-AFLP) ma rkers. 
Results: With t he help of t he present tool a  series of treat ment 
states can be compared to a reference state. Subsequently, and for 
each separate marker detected, a comparative profile is produced 
and assigned to  one of the sixt een possible m ethylation change 
patterns. The tool then produce s a summar y of demethylation, de 
novo methylation, other, or no c hange events, provides descriptive  
statistics and tests as well as dendrogram figures to aid with visuali-
zation. It significantl y reduces manual processing and e rror during 
data handling.  
Availability and Implementation: MSAP Analyzer is freel y avail-
able at http://mirna.imbb.forth.gr/InitialMSAP.html 
Supplementary material: http://mirna.imbb.forth.gr/FigureS1.doc 
Contact: ioannis@iti.gr 

1 INTRODUCTION  
MSAP has been  previously established and detects genome-wid e 
epigenetic variation in the for m of DNA methylation polymor-
phisms of anonymous sequences. It allows for a first estimate of 
DNA methylation changes when s carce species-specific genomic 
information is available. MSAP was first adapted from (Rey na-
Lopez, et al., 1997) who modified the protocol for amplified frag-
ment length po lymorphism (AFLP) originally described by (Vos, 
et al., 1995) to incorporate the use of methylation-sensitive restric-
tion enzymes. According to this technique random fragments o f 
total genomic D NA are produced following DNA digestion with 
two isoschizomer restriction endonucleases differentially sensitive 
to the methylation status of th eir recognition sequence and amp li-
fied twice with 1 (pre-s elective amplification) or 2-4 (s elective 
amplification) added nucleotides, respectively (Cervera, et al., 
2003). MSAP [also abbr eviated as MS-AFLP (Verhoeven, et al.,  
2010)] were recently modified to exploit high th roughput capacity 
of fluorescent capillary sequencers (Salmon, et al., 2005; Wilson 
and Dann, 2011) leading to an even higher volume of raw data.   

2 MSAP DATA ANALYSIS STEPS 
Binary Matrix Formation 
Following selective amplification MSAP markers are visualized as dif fer-
ent bands in gels or peaks depending on whether amplification products are 
analysed by sequencing gel or capillary electrophoresis (Cervera, et al ., 
2003). Irrespective of the syste m employed for fragment analysis, binning 
and sizing all markers in each a mplified sample needs to be identified in 
accordance with t he specific technical requirements of the sequencing 
system employed. Customarily, marker nomenclature involves primer / 
enzyme combination (PEC) employed and am plified fragment size. The 
input data set is manually constructed by the user  by scoring presence or 
absence of every m arker detected across the entire da ta set and across a ll 
genotypes but separately for each P EC. Different PECs produce di fferent 
files which ar e then uploaded in “M SAP Analyzer” separately, one a t a 
time. Input data thus produced are initially translated by “MSAP analyzer” 
into a binary matrix of 1s and 0s (i.e. presence vs. absence respectively for 
a given marker fragment) across all genoty pe*treatment combinations, 
separately for each PEC. Marker presence (‘1’) or absence (‘0’) indicat es 
whether the specif ic isoschizomer has successfully cut their target se-
quence; in t urn pointing to the compliance of the  restriction site to t he 
methylation requirements of each is oschizomer. For comparisons to take  
place a reference sample has to be defined.  
 
Event Types-quadruplet data construction 
The second step in the evaluation pipeline takes into account the different 
sensitivities of the isoschizomers to differing methylation patterns of their 
recognition sequence CCGG. By combining already published methylation 
change patterns (Hao, et al., 2004) and methylation event types (Fiuk, et al., 
2010) quadruplet event types were constructed (see manual) which corre-
spond to the methylation pattern changes produced from the state change of 
each individual ti ssue studied (i.e. methylation pattern before and af ter 
treatment application, before and after change in tissue physiological state, 
etc). 
 
Cluster Analysis 
Following experimental treatment, and in case where more than two stat es 
are assayed, a ranking of methylation changes introduced per sample across 
the whole experiment can be visualized in the form of a similarity dendro-
gram  For that “MSAP analyse r” employs as clustering algorith ms either 
Neighbour Joining (Saitou, 1987) or the hierarchical clustering method of 
Unweighted Pair Group Method with Arithmetic Mean Average (UPGMA) 
(Sokal, 1958) (see Fig. S1) and as distance measures a choice from Jac-
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card’s, Pearson’s, Euclidean or Manhattan coefficients. Depending o n 
experimental design and hypothesis being tested resulting dendrograms can 
provide interesting insights  regarding, for example, the tendency of sam-
ples to cluster around the individual they originate from , variants cluster-
ing together on the basis of a stress type, its intensity and duration, identify 
the direction of methylation change across a str ess component gradient 
(such as concentr ation or time), etc. Ranking in base d on the sum  of all 
changes per sample irrespective of exact event types. 
 
Statistical Analysis 
This newly designed software allows for the evaluation of  the occurrence 
of un-methylated and methylated CCGG loci and the r ate of distr ibutions 
with respect to known methylation patterns. It also provides a tally  of 
markers contributing to each of the 16 alternate events  

3 MSAP ANALYZER –WEB INTERFACE AND 
USER INTERACTION  

MSAP analyzer provides a user  interactive interface for perform-
ing all MSAP d ata analysis steps mentioned above. Fig. S1 (see 
supplementary information) depicts screen shots from every step of 
the evaluation pipeline of “MSAP Analyzer”. Fig. S1A shows the 
construction of the binary matrix following processing of the inpu t 
data files. The f irst column of Fig. S1B indicates marker sizing 
irrespective of whether the marker appeared in the “M” –reference 
sample or the “X” sample. In addition, the sum of all event types is 
produced for each individual and for every PEC (data not shown). 
“MSAP analyzer” allows the user to establish different comparison 
levels by contrasting any number of methylation profiles to a refer-
ence profile thu s producing as many comparisons as need ed. In 
Fig. S1C a cluster analysis is shown given a cluster matrix con-
structed after the summation of all results from the a ll different 
primer combinations. The user can s pecify from a s election of 
distance measures as well as clustering algorithms and execute the 
cluster analysis multiple times with different parameters in order to 
view changes in the d endrogram. Fig. S1D shows a summary  of 
the event types and the corresponding bands asso ciated with these. 
Fig. S1E screen  shot from the s tatistical analysis output which  is 
performed using known methylation patterns (Fiuk, et al., 2010; 
Hao, et al., 2004) as mentioned above. Furthermore, the user can 
choose from a selection of PEC em ploying 2 different pairs of 
isoschizomers (EcoRI and HpaII/MspI or EcoRI and Acc65I/KpnI) 
widely employed in the literature and which have known methyla-
tion sensitivities. 
In the demonstration ex ample of Fig. S1D a summing matrix ini-
tially shows the number of occurrences of every event type (with 
respect to known methylation patterns) for all individuals and from 
all 4 primer combinations used. It also depicts specific bands asso-
ciated with a s pecific methylation pattern, allowing the us er to 
manually associate a specific event type (in binary notation) with a 
specific event or to employ as many PECs as desired. This enables 
the user to track back and select a specific band in order to proceed 
with further cloning/sequencing experiments. Fig. S1E shows a 
table entitled “STATISTICS” where in itially the total number of 
event types is calculated (Total). Next, the total value of variation 
is computed ( Total variance), which corresponds to all types of 
variation [(de-novo methylation, de-methylation, other variatio n 
(unclassified)]. 
The percentage of specific methylation change patterns with r e-
spect to the total number of all changes (event types) is then calcu-

lated (Total Variance, %) as  well as the per centage of var iation 
corresponding to each and every type (de novo Methylation%, de-
methylation %, other Variance %). The same calculations are per-
formed separately for every individual.  
In general M SAP analyzer provides a us er friendly interface for 
analyzing MSAP data. It supports all downstream calculation steps 
of this method and allows for user  interaction at various stages of 
the analysis pipeline. A detailed manual is available, which further 
describes this w eb service and can be found o n the MSAP web 
page (http://mirna.imbb.forth.gr/InitialMSAP.html).  
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ABSTRACT
Motivation:  Sanz  and  coworkers  [1]  showed  that  the  choline 
binding  region  of  the  LytA protein  (LytA197 –  210[wt])  and  its 
mutant LytA197 – 210[ND] adopt a native-like  β-hairpin  structure 
in  an  aqueous  solution  while  retaining  their choline-binding 
specificity. We studied the folding of the LytA197-210[ND] peptide 
using  extensive  (13.7μs  long)  molecular  dynamics  simulations 
starting  from  the  unfolded  state.  During  these  13.7μs-long-
simulations only  one  folding  event  has  been  recorded,  which  is 
rather surprising for such a short peptide. Here we present results (in 
the form of folding landscapes) from the combined analysis of all of 
our  trajectories.  The  results  appear  to  be  consistent  with  the 
presence of significant kinetic frustration for this peptide.

Methods: All simulations were performed with the program 
NAMD[2]  starting  from  the  extended  (unfolded)  peptide 
state.  The trajectories were analyzed using CARMA[3] and 
VMD  [4].  Several  different  combinations  of  force  fields 
(AMBER99SB  and  99SB-ILDN),  temperatures  (320K, 
340K,  360K)  and  water  models  (TIP3P,  TIP4P-Ew)  have 
been tested.  For  the purposes of  this  preliminary analysis, 
these  trajectories  have  been  treated  as  mergeable,  and  the 
results reported  here  correspond to a hypothetical trajectory 
that  combines all of our simulations. Clearly, the  resulting 
(merged)  landscapes  do  not  correspond  to  any  physically 
valid description of an energy landscape,  and can only be 
used for a coarse characterization of the peptide's behaviour.

Fig.1  The central landscape depicts the distribution of the peptide's conformations projected on the top two principal components from 
dihedral principal component analysis performed with carma (image drawn with opendx). The cluster analysis has been performed using 
all 17 million peptide structures recorded in our simulations. Representative structures (backbone-only) of four of the major clusters are 
shown as skeletal models. DSSP-derived secondary structure assignments are indicated with color (cyan →  turn, yellow → β, white → 
coil). The structure at the top-right-hand-corner is the native structure. 
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Fig.2  Folding landscape projected on the radius of gyration 
(Rg) vs. similarity with the native structure (q). The isolated 
peak at high q values correspond to the native structure. Note 
the presence of numerous structures with native-like radius of 
gyration, but low q values.  

Results : Figures 1 & 2  show projections of our simulations 
on  selected  order  parameters  as  indicated  in  the  respective 
figure legends. Both diagrams appear to indicate the presence 
of significant frustration in the peptide's folding landscape. For 
example, the landscape of Figure 1 shows that numerous non-
native conformations are sampled during the simulations, with 
no  clearly  identifiable  funnel-like  gradient  leading  to  the 
native structure  (noting in  this  connection that  this  diagram 
shows  the  distribution  of  no  less  than  17  million  peptide 
structures).  The  few  prominent  conformations  that  are 
identifiable  are  comparable  in  density  with  the  native 
conformation.  We  also  note  the  presence  of  significant 
populations for β-hairpins with mis-aligned β-strands. Figure 2 
resembles the energy landscapes for folding proteins[5,6]  but 
lacks the pronounced curvature expected from a polypeptide 
that  folds  on an  ideal  funnel-like landscape.  This  is  clearly 
seen by the accumulation of structures with both low Rg and 
low q values. The presence of a saddle point at q~0.5 may be 
indicative  for  the  presence  of  a  high-energy  transition  state 
leading to the native structure.

Discussion :  In summary,  and  with  the  reservations arising 
from  the  limitations  of  our  analysis,  it  appears  that  the 
LytA197-210[ND]  peptide  suffers  from  significant  kinetic 
frustration  with  very  many  non-native  structures  being 
transiently stabilized during our simulations. The presence of a 
significant energy barrier at an assumed transition state (Figure 
2) can not be excluded, but the absence of highly populated 
native-like intermediates indicates that there is no funnel-like 
gradient leading to native state.
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ABSTRACT
Presentation Format: Poster
Motivation: The need for storing and analyzing large datasets has
grown tremendously over the last few years, thus the biology has
increasingly turned into a data-rich science. Multiple pattern matching
can be applied to biological databases in order to locate nucleotides
and amino acid sequence patterns. Sequential implementation
approaches are not recommended for these kind of processes
because of the ineffectiveness of the performance.

Multiple pattern matching is widely used in many areas of
computing, including bioinformatics and intrusion detection systems.
In Kouzinopoulos and Margaritis (2011), a performance study of well
known multiple pattern matching algorithms applied on biological
sequence databases has been presented. The highly parallelism
computation power of Graphic Processor Units (GPUs) has been
exploited in Huang et al. (2008) and Lin et al. (2010) with the creation
of parallel implementations of the Wu-Manber (WM) and Aho-
Corasick (AC) algorithms respectively for network intrusion detection
systems. In Pyrgiotis et al. (2012) the OpenCL API was used for the
implementation of the WM algorithm on biological datasets, and a
significan speedup of 31.27 was achieved for the best case. Finally,
in Kouzinopoulos et al. (2012) a performance study of some multiple
pattern matching algorithms -including the WM- have been presented.
Algorithms were implemented and executed on a hybrid system,
composed by both distributed and shared memory architectures.

To the best of our knowledge there is no research that combines
architectures such as OpenCL and MPI for the implementation of
the WM algorithm applied on biological datasets. This motivated
us to implement the above algorithm on a cluster accelerated with
GPUs. This paper evaluates the hybrid parallel variation of the WM
algorithm - which was initially proposed by Wu and Manber (1994)
- by comparing the running time of the search phase with the
corresponding running time of the sequential implementation.
Methods: For the implementation of the algorithm, two levels of
parallelization of the searching phase were developed. The firs one
refers to the parallelization that takes place into the GPU by using
the OpenCL framework, while the second refers to the one that
happens among the cluster workstations, by using the Message
Passing Interface (MPI).

The implementation is based on master-worker model, where the
master node is responsible for the coordination of the execution
while the worker nodes are accountable for the searching. Due to
homogeneity of the cluster there is a static distribution of the input
text pointers among the worker nodes, and that means that each one
has to manage the same amount of data. To ensure that the correct
result will be found during the searching phase, each worker process
has to receive an extra m− 1 overlapping characters, where m is the
length of the pattern. Due to the nature of the algorithm that scans
backwards, each process except for the firs one, has the overlap
reversed as shown in Fig. 1.

Fig. 1. Distribution of the input text to the workers nodes.

Within each worker process, OpenCL is used for further
parallelization of the data. The chunk of text that corresponds to a
node is assigned to the GPU and then is divided further to additional
sub-chunks, each one for an OpenCL work-item which is the smallest
execution entity. Further details about the OpenCL framework are
presented in Khronos OpenCL Working Group (2010).

As it was mention above, all nodes have the same setup, including
a commodity GPU GeForce GT 240 with 512 MB of global memory
and 16 KB of local memory. According to NVIDIA (2011) the graphic
card is of 1.2 compute capability with 12 compute units and 96 scalar
processors. As far as the CPU of the computer system is concerned,
it consist of an Intel Core(TM) i3 530 with a 2.93 GHz clock speed
and 4 MB of cache memory. Finally, the main memory of the systems
where the experiments have been executed consist of 4 GB.

For the evaluation of the algorithm, the practical running time of
the searching phase was used as a measure, which is the total time
in seconds an algorithm needs to fin all occurrences of all patterns
into a text. Two experiments have been conducted with the following
datasets:

• The FASTA Nucleic Acid (FNA) of the A-thaliana genome with
size of n = 116.237.486 characters and alphabet Σ = {a, c, g, t}
of four nucleotides.

• The SWISS-PROT Amino Acid sequence database with a size
of n = 177.660.096 characters and alphabet Σ = { a, c, d, e, f ,
g, h, i, k, l, m, n, p, q, r, s, t, v, w, y} of 20 different characters.

The pattern set which was used consist of 100, 1.000 and 10.000

patterns respectively, where each one had a length of m = 8.
The number of work-items that were used in each execution is the
maximum possible, depending on the size of the input text and the
length of the patterns.
Results: Before the presentation of the results, it could be mentioned
that these are preliminary and we are going to conduct two more
experimental executions where the input text will be larger than the
corresponding presented in the current abstract. The parallel variation
of the algorithm is not effective when applied in small input data.
This happens because of the inefficien usage of the computational
resources resulting low speedups, in many cases less than 1, which

c© The Hellenic Society for Computational Biology and Bioinformatics, with permission from the authors, 2012. 1
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Fig. 2. Running time of the WM algorithm for the FNA database with
10.000 number of patterns.
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Fig. 3. Running time of the WM algorithm for the SWISS-PROT database
with 10.000 number of patterns.

means that the sequential implementation of the algorithm has better
performance than the parallel. Due to that reason we have chosen
large datasets and we intend to have two more executions with larger
texts in order to achieve better results.

Figures 2 and 3 present the running time of the sequential
execution (CPU), the parallel GPU execution (OpenCL) as well as the
parallel hybrid execution (MPI - OpenCL) for FNA and SWISS-PROT
biological databases. Y-axis is on logarithmic scale presenting the
running time in contrast with x-axis which is on linear scale presenting
the worker nodes. It can be observed that the lines representing the
parallel GPU execution and the corresponding sequential one have
stable values for the running time in the diagram, because they refer
to an execution of only one GPU and CPU respectively, without being
affected by the number of workers.

Speedup represents how much the parallel implementation is faster
than the corresponding sequential one. More specif cally, a speedup
of about 29 has been achieved for the best case between the hybrid
parallel version and the sequential implementation, for the input text
FNA where the alphabet is 4. Respectively for the case of SWISS-
PROT where the alphabet is 20, a speedup of about 10 was achieved.
Discussion: The performance of the algorithm may be altered, by
varying parameters such as the alphabet, the number of workers, the
number of patterns as well as the size of the input text. Based on
the experiments, it can be observed that as long as the alphabet is
small - in our case of size 4 - the speedup improves. On the other
hand, bigger alphabets - in our case of size 20 - deteriorates the
speedup. As mentioned above, the size of text parameter improves
the performance of the algorithm as it increases. Resulting from the
f gures 2 and 3, it can be observed that the more worker nodes there
are, the better speedup is achieved. Finally, as far as the number of
patterns is concerned, it can be concluded that bigger speedups can
be achieved when this number increases.
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Abstract 

Mitochondrial DNA (mtDNA) of Metazoa is a small, circular molecule with few non-coding 

regions. The prevailing theory suggests that natural selection constantly reduces mtDNA size, because 

small molecules accumulate fewer deleterious mutations and replicate faster. Nevertheless, mtDNA 

shows length variation within Metazoa and retains non-coding regions, which could have been discarded 

under selection pressure. We explored MitoZoa database and examined the length distribution in 2564 

metazoan mtDNAs to test which factors and which evolutionary forces determine the length variation in 

mitochondrial genomes. Our results show that length variation of non-coding regions largely determines 

the variation in length of whole mtDNA genomes. However, more than half mtDNA genomes (1460) that 

belong to different taxonomical groups have similar lengths in their mitochondrial genomes. We suggest 

that natural selection does not necessarily lead to smaller mtDNA sizes (directional selection), but might 

lead to an intermediate, constant size (balancing selection) with the non-coding regions probably playing 

a regulatory role in retaining the length of mtDNA constant. 

 

Keywords: Metazoa, mtDNA, genome length, variability. 
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ABSTRACT 
Motivation: In the post-genomic era, one key problem is the 
interpretation and understanding of the complex functional 
and evolutionary relationships between genes. The 
evolutionary history of metabolic pathways can provide 
significant insights into the organization of functionally 
related genes, and the way they interact with each other in 
biological space and time. There have been several 
approaches toward this goal in general and ancestral 
genome content reconstruction in particular, both at the gene 
content [1] and, recently, at the pathway content level [2]. 
 
Methods: A key aspect in the attempt to deduce the 
evolutionary history of a specific biological pathway is the 
definition of the target genomes. A delicate balance between 
boundary conditions is required: on the one hand, a dataset 
can contain a representation of closely related strains within 
a species (i.e. a single, local pangenome); on the other 
hand, a dataset can encompass several remotely related 
genomes. In the former case pathway presence/absence 
profiles might be highly homogeneous thus providing limited 
contrast for adequate ancestral reconstruction. In the latter 
case, pathway presence/absence profiles might be too 
different, limiting our ability to infer a continuum of events. 
We have invented ways of maintaining sufficient 
heterogeneity to allow successful ancestral reconstruction 
inference. This step requires the detection of presence or 
absence of a specific pathway against target genomes and 
ultimately the internal nodes of the reference phylogenetic 
tree. By performing detailed homology clustering analysis of 
pathway components across selected datasets, it is possible 
to generate ancestral pathway inference diagrams (Figure 
1). 
 
Results: We are able to generate projections of pathway 
inference across a number of key examples providing 
positive and negative controls, in collaboration with 
colleagues within the Microme project. Our ultimate goal is 

the creation of an automated method that will assist users of 
metabolic databases to assess the evolutionary extent of a 
given query pathway. This method will need to be coupled 
with adequate visualization components as possible plug-ins. 
The resulting output of the inference/visualization software is 
the annotation of a phylogenetic tree with the gain or loss of 
the involved pathways in the study. 
 
Discussion: In this study we report our technical progress 
on the reconstruction of metabolic pathway content of 
paleomes, which ultimately can lead to the large-scale 
application of this battery of methods across metabolic 
databases and entire genome sequences. 

 
Fig. 1.  Inference of presence (white) or absence (black) of 12 
different metabolic pathways and variants across 10 pangenomes. 
The pangenomes are ordered according their taxonomic tree, 
presented at the top of the Figure. 
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ABSTRACT 
Motivation: In computational biology, various data formats 
for a multitude of complex biological data types have arisen. 
Specifically, databases of metabolic pathways have been 
developed based on different internal data models. Thus, 
access and manipulation of those data has become critical to 
facilitate access to these resources. Adoption of common 
formats with regard to metabolic pathway representation 
along with the development of software tools supporting that 
common format has become imperative. One of the most 
widely accepted standards for biological pathway data ex-
change is BioPAX [1]. We cite the most important tools that 
utilize the BioPAX format and we also present a new tool 
that extends its functionality. 
Methods: BioPAX is a collaborative effort to develop a 
standard biological pathway data exchange language and 
format. It is an open file format under the LGPL license and 
covers a large spectrum of data such as metabolic path-
ways, molecular interaction networks and signaling path-
ways. It allows a broad range of detail and multiple levels of 
abstraction for data representation. Many software tools 
have been developed in order to support, utilize and extend 
the capabilities of the BioPAX format. The fundamental tools 
are the Paxtools, which is a Java library specially designed 
for accessing and manipulating data in BioPAX format, and 
the BioPAX Validator, available either online 
(http://www.biopax.org/biopax-validator/check.html) or 
through a console application. Moreover, several tools have 
been developed that enable the visualization of biological 
data encoded in BioPAX format, e.g. of metabolic pathways. 
The most popular BioPAX visualizers are Cytoscape [2] (us-
ing the BiNoM plugin), SybiL [3] and Chisio BioPAX Editor [4] 
supporiting primarily level 3 BioPAX format and providing a 
graphical representation of a pathway as a reaction network, 
based on graph theory visualization techniques. 
We are developing a console application based on the 
Paxtools library, that adds up to the BioPAX functionality with 
the addition of a flag within a BioPAX file, indicating the 

presence/absence of an entire pathway or of specific pro-
teins of a pathway. This flag is inserted with the addition of a 
custom structured comment, starting with a predefined pre-
fix, as a sub-element of a Pathway or a Protein element. It 
also provides the ability to extract the genes list from a 
BioPAX file and also an elementary BioPAX validation utility 
based on the official BioPAX Validator. 
Results: The tool that has been developed offers the possi-
bility of creating alternative versions of a pathway where 
some or all the nodes are missing and it was constructed as 
a contribution to the MICROME project 
(http://www.microme.eu). 
Discussion: The wide adoption of BioPAX as a common 
format for pathway data representation will eliminate the 
overhead of conversions between different data models and 
boost the computational pathway research. Furthermore, the 
use of existing tools that support the BioPAX format and the 
development of new tools that exploit its capabilities will en-
force the effort of establishing a common format that enables 
the integration of diverse pathway data sources. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1.  Visualization of pathway samples using the most popular 
BioPAX visualizers. 
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ABSTRACT 

The characterization of natural phenotypic variation 
within and between populations has become an important 
tool in understanding the spread of an infectious disease. 
Given the interplay between three different organisms, this 
becomes even more crucial in the case of vector-borne dis-
eases. The falling cost of high-throughput genotyping makes 
it now possible to perform very large scale association stu-
dies on field isolates, although at the same time this increas-
es the need for IT tools that can handle these massive data 
sets. Therefore, working with partners from other model or-
ganism databases, VectorBase (Lawson et al., 2009) devel-
opers participated in the development of the Natural Diversi-
ty module (Jung et al., 2011) of the Chado (Mungall et al., 
2007) database schema that can handle such large-scale 
population and variation data. Chado’s simple, ontology-
centered, design means that it is capable of handling data 
from a wide range of experiments, both those of a “classical” 
nature and those of the genomic era. 

For initial public testing of the database, we have 
imported insecticide resistance and karyotype data for just 
over 15,000 mosquito samples originating from around 1600 
field collections, and more than 34,000 phenotype/genotype 
assay results. For display of this data we have developed a 
lightweight browser and JavaScript library; this queries the 
main data server and formats it using a set of highly custo-
mizable display methods such as bar charts, scatter plots, 
and geographic maps. By separating the display code from 
the data retrieval we aimed to make it easy for users to de-
velop their own displays when ours are not suitable. This 
approach also enables us to display data from other re-
sources alongside VectorBase data. 

Data can be submitted to VectorBase via spread-
sheet-like forms using the free open source ISA-Tab applica-

tion suite, which greatly assists with formatting and ontology 
term selection. Application programming interface (API) 
source code, database schemas, JavaScript libraries and full 
documentation for the submission process are all available 
online. 
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ABSTRACT 
Motivation: Infectious diseases are caused by pathogenic 
microorganisms, such as viruses, bacteria, parasites or fungi 
and can be spread directly or indirectly from one person to 
another. Indirect transmission occurs with the help of a vec-
tor organism, Malaria and Dengue are two of those vector-
borne diseases. Malaria is caused by the Plasmodium para-
site, while Dengue is caused by any of the four serotypes of 
the Dengue virus (DENV-1 to 4). Responsible for the trans-
mission of both diseases are female mosquitoes which act 
as a vector. In the case of malaria the vector belongs to the 
Anopheles genus and in the case of Dengue, to the genus 
Aedes (WHO, 2009).  
    Both diseases are life threatening with millions of clinical 
episodes every year (http://www.cdc.gov). The number of 
studies and vaccine trials regarding Dengue and malaria has 
increased over the last years, as has the amount of data. 
The need for interoperability, a “common language”, know-
ledge management, decision support and reasoning has 
become clear.  
Methods: Under the framework of the Infectious Disease 
Ontology (IDO) project (Cowell & Smith, 2010), we created 
the Malaria Ontology (IDOMAL) (Topalis et al., 2010) and we 
are now developing the Dengue Ontology (IDODEN. The 
decision to develop IDOMAL and IDODEN as an extension 
of the basic IDO-core was made to ensure interoperability 
with already existing infectious disease ontologies and those 
to come in the future. Furthermore, this will ensure that all 
components are compatible with existing databases and 
schemas used throughout the community, e.g. VectorBase 
(Lawson et al., 2009),ViPR (Pickett et al., 2012) and Eu-
PathDB (Aurrecoechea et al., 2007). Interoperability in these 
three databases has been ensured through their decision to 
implement ontologies. Both ontologies are based on the Ba-
sic Formal Ontology (BFO) (Grenon et al., 2004). 
IDOMAL and IDODEN contain ontological descriptions cov-
ering a wide spectrum ranging from those that deal with the 
disease itself, to vector biology, to pathogen biology and to 
epidemiology. This complexity is due to the three different 
organisms involved in the disease (vectors, pathogens and 
human hosts), as well as to the fact that mostly populations 

are involved, rather than individuals. According to the OBO 
Foundry rules, both ontologies import terms from already 
existing ones such as MIRO (Mosquito Insecticide Resis-
tance Ontology) (Dialynas et al., 2009), instead of creating 
duplicates of terms in other ontologies. All of the unique 
terms are subclasses of already existing higher level ontolo-
gy terms. 
Results: Our aim is to develop ontologies that will help the 
Malaria, Dengue and the infectious disease community in 
general, in the fight against those diseases by increasing 
data exchange, enabling interoperability and contribute to 
the Dengue Support System. IDOMAL is already publicly 
available and continuously updated. In the case of IDODEN, 
this is only a preliminary version of it, as it will continue to 
expand and change to encompass new scientific develop-
ments. We are aiming for the first version to be available at 
the end of the year. 
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ABSTRACT 
Motivation: G-protein coupled receptors (GPCRs) are 
transmembrane receptors that mediate most of their intracel-
lular actions through pathways involving activation of G-
proteins.  They form the major group of receptors in eukary-
otes and they possess seven transmembrane α-helical do-
mains (Kristiansen 2004) and are usually classified into sev-
eral classes, according to the sequence similarity shared by 
the members of each class.  GPCRs are activated by a vari-
ety of endogenous ligands such as amines (biogenic and 
trace), peptides, amino acids, glycoproteins, prostanoids, 
phospholipids, fatty acids, nucleosides, nucleotides and Ca2+ 
ions.  They also act as sensory receptors for various exoge-
nous ligands like odorants, bitter and sweet tastants, phero-
mones, and photons of light (Kristiansen 2004).  PLHG-DB is 
a publicly available, relational database that contains data 
only about the peptide ligands that interact with human 
GPCRs (http://bioinformatics.biol.uoa.gr/plhg_db/).  The pep-
tide ligands are classified into different families, subfamilies 
and types, and their specific interaction with the GPCRs is 
provided.  Likewise, GPCRs are classified in different clas-
ses, families and subfamilies, according to known classifica-
tion, but there is no detailed information provided about the 
specific GPCRs. 
 
Methods: The collection and annotation of the data in 
PLHG-DB is the outcome of the following procedure:  
Initially, IUPHAR and Human-gpDB were consulted to 
retrieve the classification of the known human GPCRs.  
Afterwards, the names of the peptide ligands that interact 
with the human GPCRs were gathered after an exhaustive 
and detailed literature search.  Afterwards the sequence 
information of all the peptide ligands was collected from 
Uniprot/SwissProt (UniProt_Consortium, 2012).  User-written 
Perl scripts were used to manipulate the data and extract the 
specific information that is provided in PLHG-DB.  Moreover 
annotations regarding the interaction between human 
GPCRs and the peptide ligands, the comments that contain 
important information like the effect of the particular 
interaction and the corresponding references were 

appended manually in the database.  For all the interactions, 
links to PUBMED are provided that correspond to original 
articles and report the association. 
A MySQL database management system (DBMS) was 
created that contains all the available data.  A number of 
markup and script languages were used for the web 
interface, like HTML, Javascript, CSS, and PHP.      
 
Results: PLHG-DB contains data of 207 peptide ligands and 
a list of 128 GPCRS.  The peptide ligands are classified into 
families, subfamilies and types and the GPCRs into classes, 
families and subfamilies.  More precisely, the peptide ligands 
are categorized into 48 families that are subdivided into a 
sum of 128 subfamilies that are further subdivided into a sum 
of 207 types, which are the actual peptide ligands of the 
database.  GPCRs are organized into 3 classes, Class A, B 
and Frizzled/Smoothened for which there are peptide 
ligands.  The classes are subdivided into a sum of 41 
families that are further divided into 128 subfamilies.  
Information about the interaction between a peptide ligand 
and a GPCR is displayed in the GPCRs Classification that is 
provided in the Navigation page when someone navigates 
through the levels of the GPCRs Classification and is led to 
the peptide ligands that interact with each GPCR.  More 
detailed information is also dis-played in each peptide ligand 
entry page, where there are displayed all the GPCRs that 
interact with the particular peptide ligand and the information 
concerning the specific interaction. 
 
Discussion: We hope that PLHG-DB will become a useful 
resource in the hands of scientists that study G-protein 
coupled receptors, their interactions and corresponding 
pathways. 
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ABSTRACT 
Motivation: The amygdala is a subcortical area with a well-
known role in emotional memories, such as fear memory. In 
auditory fear conditioning, a well studied form of classical 
conditioning, fear memories are stored in the synapses 
formed by afferent inputs to the Lateral Nucleus of the 
Amygdala. The process of this associative memory formation 
has been shown to be affected by the regulation of the 
activation of the transcription factor CREB (Silva, 2001). 
Lateral Amygdala neurons with artificially increased CREB 
activation are preferentially recruited to form the fear 
memory trace, and ablation or reversible inactivation of these 
neurons disrupts the fear memory (Han, Science 2009). 
CREB overexpression however does not alter the neuronal 
size of the memory trace. 
   
 
Methods: In order to investigate the formation of the fear 
memory trace, we create a computational model of Lateral 
Amygdala neurons using adaptive leaky integrate-and-fire 
neurons with plastic synapses (STDP). Our model 
incorporates an interplay between excitatory and inhibitory 
connections as well as afferent inputs according to 
experimental information.  The spatial pattern of the synaptic 
connectivity within the neuronal population is modeled 
according to electrophysiological studies (Pape & Pare, 
Physiol. Rev. 2010) and CREB activation is modeled via the 
modulation of the excitability of excitatory neurons.   
 
Results: Our results show that the connectivity pattern can 
limit the size of the population encoding the memory trace 
and additionally that memories close in time are encoded in 
overlapping neuronal populations. 
 
Discussion: By modeling connectivity and the time course 
of CREB expression (Stanciu, 2001), we aim to study the 

process and the properties of the fear memory trace 
formation and its implications for memory models. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1.  Excitatory (green) and inhibitory (red) neurons in cube 
geometry with two consequent input memories.  
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ABSTRACT
Motivation: The  theory  of  complex  networks  plays  an 
important role in a wide variety of scientific disciplines, from 
computer  science,  sociology,  engineering  and  physics,  to 
molecular  and  population  biology.  In  biology,  potential 
applications  of  network  analysis  include  for  example  drug 
target  identification,  detecting  protein  complexes, 
determining  a  protein’s  or  gene’s  function,  designing 
effective strategies for treating various diseases or providing 
early diagnosis of disorders. Protein-protein interaction (PPI) 
networks,  biochemical  networks,  transcriptional  regulation 
networks,  signal  transduction,  food  web  networks  or 
metabolic networks are the highlighted network categories in 
systems  biology  often  sharing  similar  characteristics  and 
properties. In these work, we tried to perform a systematic 
investigation  of  the  statistical  properties  of  real  biological 
networks with the aim at characterizing and discriminating 
the various networks by their summary estimates.

Methods: We performed a systematic  literature  search  in 
order  to  identify  published  datasets  that  report  biological 
networks of various types. The data was collected and the 
networks  were  categorised  in  various  classes.  For  each 
network  we  performed  an  analysis  using  the 
NetworkAnalyzer which is  a  Java  plugin  for  Cytoscape,  a 
software  platform  for  the  analysis  and  visualization  of 
molecular interaction networks.  Summary statistics that are 
sought  to  characterize  a  network  such  as  Connected 
components, the Network diameter, Multi edge node pairs, 
Isolated  nodes,  the  Network  radius,  the  Number  of  self 
loops,  the Shortest  path  length,  the Clustering  coefficient, 
the  Network  density,  the  Betweenness  Centrality,  the 
Closeness Centrality, the Stress Centrality, the Node Degree 
(In  degree-out  degree  for  directed  networks),  the 
Neigborhood  Connectivity  and  the  average  Clustering 
Coefficient were computed for each network along with its 
simpler parameters (number of nodes, number of edges etc). 
The resulting dataset was analysed using techniques from 
multivariate  statistics  (Principal  Components  Analysis  – 
PCA). Cluster analysis and discriminant analysis was also 
used  in  order  to  identify  whether  the  summary  statistics 
suffice to predict the type of the network.

Results: A total of 89 networks were identified. The largest 
category was signaling networks (28 datasets), followed by 
PPI  networks  (18  datasets),  food  webs  and  biochemical 
networks (both with14 networks) and regulatory networks (9 
datasets). The  multivariate  methods  that  were  applied 
revealed  important  parameters  that  are  characteristic  for 
each specific type of biological network. Linear discriminant 
analysis and cluster analysis revealed that the type of the 
network  can  be  reliably  identified  using  as  input  only  the 
summary statistics derived from a graph-theoretic analysis of 
the network. For instance, signaling networks have common 
characteristics of the density and clustering coefficient of the 
network,  while biochemical  networks seems to have some 
scores in one component on network size. The groups that 
stand are signaling pathways, food webs, PPI networks and 
biochemical networks according to ten principal components 
and clustering analysis.

Discussion: This is the first comprehensive and analytical 
effort  in  order to  identify  parameters that  are important  in 
biological  networks  regardless  of  the  type  of  network. 
Knowing  the  properties  and  characteristics  of  networking 
facilitate  the  implementation  of  the  biological  question.  A 
next  step  in  our  analysis  will  be  the  investigation  of  the 
between-clusters variability. For instance, there is a need for 
investigating  the  differences  observed  within  the  PPI 
networks derived from different organism. Such analyses will 
facilitate the research regarding data integration in an effort 
of  answering  specific  questions  regarding  the  given 
biological network. 
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ABSTRACT 
Motivation: An important challenge in the field of systems 
biology is to decipher the inter-connected networks and mo-
lecular pathways during a certain process or state and reveal 
their potential evolution in time. In this study, we generate a 
gene interaction network and propose a biologically effective 
algorithm based on temporal expansion of graphical models, 
in order to uncover the nonlinear interactions that take place 
between the different components in a complex living sys-
tem. Many graphical models have been introduced in order 
to discover associations from expression data analysis. 
However, the small size of samples compared to the number 
of observed genes makes the inference of a sparse network-
structure quite challenging. We generate gene networks from 
sparse experimental data using two methods, Partial Corre-
lations (PC) and Kernel Density Estimation (KDE). Dynamic 
Gaussian analysis is used to match special characteristics to 
genes at different time stages utilizing the KDE method for 
expressing Gaussian associations with non-linear parame-
ters. We validate the biological significance of our proposed 
algorithm in a well-characterized biological process and 
evaluate its robustness in human cancer data.  
 
Methods: We generate gene-gene networks from sparse 
experimental data using PC and KDE according to eq. 1 and 
eq. 2, respectively. Πik are the PC coefficients that describe 
the correlation between nodes i and k, while S is the covari-
ance matrix and S

-1
 its inverse. The second equation illus-

trates the estimation of the pdf for node x, where K(.) is a 
symmetric positive definite Gaussian function, n is nodes’ 
dataset size and h>0 is a smoothing parameter, the band-
width.  
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Dynamic Gaussian analysis is used to analyze genetic be-
havior on evolving in time experiments for both types of net-
works. In order to examine gene interactions we introduce a 
framework based on KDE that models conditional probability  
distributions (cpd) between genes as Gaussian approxima-
tions N(θ, σ2) with non-linear parameters (eq. 3,4).  

2
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The above equations imply that the cpd between nodes x 
and y is an asymptotic Gaussian. Hence, eq. 3 and eq. 4 
encode a Gaussian model that captures non-linear depend-
encies of Gaussian’s parameters.  
 
Results: We test our methodology using transcript expres-
sion data from Arabidopsis thaliana (Hajduch et al. 2010) 
dataset. For the generated networks through KDE and PC 
we examine the algorithms’ performance on revealing gene 
to gene associations. For different thresholds on πik we ex-
amine the true positive rate. That means, for the revealed 
interactions calculating πik we detected how many are truly 
existent. Similarly, the process is repeated for KDE setting 
thresholds of cross correlation tests for the equation
f(x, y) = f(x)* f(y) . 

Fig. 1. True positive rate for the produced networks with PC and 
KDE. The figure shows the algorithms’ ability in revealing existent 
gene to gene interactions.  
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Pdf estimates for x and y are found according to eq. 2. Clear-
ly, KDE outperforms PC as it reaches higher scores in identi-
fying gene to gene associations. For the produced network 
according to KDE, we model the dependencies between the 
associated nodes as Gaussians distributions according to 
eq. 3 and eq. 4. After cpd’s are found, we examine the indi-
rect effects between nodes (see Table 1) though inference 
on certain observed genes. From this process indirect inter-
actions are discovered that take place when significant 
genes are isolated.  Column 2 provides a notion of the pre-
dicted associations emphasizing on factor At3g17520 which 
is one of the highlighted interactions conducted from this 
study.  
 
Observed Predicted  

At2g01140 At2g21170  At2g21330  At1g32060 At5g60760 

At3g12780  At3g26650  At2g36460 At1g42970  

At1g79550  At1g13140  At3g52930 At1g04410 

At3g17520 

Table 1. Table 1 presents the predicted genetic effects (column 2) 
when a gene of the first column is observed. At3g17520 is under-
lined because of inference significance. Unrelated genes are 
marked in italic. 

Discussion: The utility of the proposed algorithm is demon-
strated using sparse transcriptomic data from Hajduch et al. 
(2010), in the model plant Arabidopsis thaliana. Focusing on 
carbohydrate metabolism process, we constructed a gene 
network governed by two types of interconnections. The first 
type of interactions between the observed genes (like 
At2g01140) and predicted genes (At2g21170, At2g21330, 
etc, on 2nd column) denote indirectly interconnected gene-
pairs according to ATTED-II database (Obayashi et al. 
2009), most of which are involved in carbohydrate metabo-
lism. The second type of new gene-gene interactions in-
cludes associations between the observed genes and ‘unre-
lated’ genes (i.e. genes that are not involved in this path-
way), such as At3g17520.  Nevertheless, by further examin-
ing its role, we can conclude that this ‘unrelated’ gene indeed 
can play significant role in inference; as a member of the late 
embryogenesis abundant (LEA) protein, it is involved in the 
adaptive response of higher plants caused by adverse condi-
tions to maintain normal metabolism (Hong-Bo et al., 2005). 
Further experimental work is necessary to reveal the possi-
ble associations or cross-talks among the newly uncovered 
interconnected genes that may affect certain biological pro-
cesses and pathways in a complex system like Arabidopsis 

thaliana. In parallel, we seek to evaluate the robustness of 
our methodology in a multifactorial human disease, such as 
cancer disease. Future work will be conducted on estimating 
both the network structure and genetic associations on hu-
man genomic expression data. The methodology will be fo-
cused on oral and/or breast cancer genomic tissue data as 
well as on blood transcriptomic data (Exarchos et al. 2011). 
Results from both surveys will be combined to highlight sig-

nificant factors for the studied cancer diseases.  In summary, 
we present an effective approach for constructing gene net-
works with significant biological impact that will be also veri-
fied in human cancer data. 
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ABSTRACT 
Motivation: The increasing awareness on health and life-
style in the last decade has brought significant attention from 
the public media to the role of diet. However, in the majority 
of cases, diet is either treated as a black box, or the focus is 
limited to few, well-studied compounds, such as polyphenols, 
lipids and nutrients. Meanwhile, the number of independent 
studies that associate plants to their molecular components 
has been growing exponentially during the last decades. 
 
Methods: In the present work we have pursued the attack of 
the complexity of human diet following a systems chemical 
biology approach that aims to elucidate the underlying mo-
lecular mechanisms in the modulation of biological systems 
by food components. We applied text-mining of MEDLINE 
abstracts [1] for the assembly of all available information in 
one resource in a systematic and high-throughput way. Our 
text-mining and data integration pipeline is based on the 
argument browser Reflect [2], Natural Language Processing 
(NLP) [3] and Naive Bayes text classification models, and is 
schematically illustrated in Figure 1. 
 
Results: Our text-mining pipeline resulted in the extraction 
and association of approx. 16,500 metabolites with over 
12,000 land-plant species, including 2000 edible plants. We 
demonstrate the potential of this wealth of information on a 
number of directions, such as the mapping of the metabolic 
space on plant taxonomy, the association of edible plants to 
disease phenotypes and the identification of metabolic signa-
tures linked to specific therapeutic effects.  
 
Discussion: We have pursued the attack of the complexity 
of human diet following a systems chemical biology ap-
proach that aims to elucidate the underlying molecular 
mechanisms in the modulation of biological systems by food 
components. We envisage with the present work to pave the 

way towards a better understanding of how diet supports 
health maintenance as well as disease prevention and 
treatment. 

Fig. 1.  Molecular level association of plant consumption to 
human disease phenotypes. Flow diagram illustrating the integra-
tion of phenotype-level and molecular-level data for the associa-
tion of plant consumption to human disease phenotypes. 
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ABSTRACT 
Motivation: Layer V pyramidal neurons in the prefrontal 
cortex exhibit oscillations between periods of prolonged ac-
tivity (Up state) and quiescence (Down state). The proposed 
mechanism for the generation of these states involves altera-
tions in the balance of inhibitory and excitatory signals, gen-
erated primarily by local network interactions. 
Alternatively, non-linear amplification of synaptic inputs re-
sulting from the generation of dendritic NMDA spikes in layer 
V pyramidal neurons can also prolong the time course of 
depolarization. Moreover, intrinsic biophysical mechanisms, 
such as the delayed after-depolarization (dADP) or the h 
current, have been shown to support regenerative events of 
prolonged excitability in single prefrontal pyramidal neurons, 
suggesting alternative mechanisms that may underlie the 
generation of Up and Down states. 
 
Methods: This study aims to investigate the transformations 
that a single layer V prefrontal neuron performs in response 
to stochastic background input and their relation to the 
generation of Up and Down states in the absence of any 
local recurrent connections. Towards this goal, a 
morphologically detailed layer V prefrontal pyramidal neuron 
consisting of most biophysical mechanisms present in these 
cells was implemented in NEURON. The model was shown 
to exhibit realistic Up and Down states in response to low 
frequency, background synaptic input in its dendrites. A 
depolarization plateau was considered an Up state if it lasted 
for at least 500 ms and was above -60 mV. Variations in the 
frequency of the input, the location, the number and the time 
dispersion between activated synapses were used to identify 
conditions leading to the emergence of Up and Down states 
and how they modulate the duration, frequency and firing 
rate during Up states.  
 

Results: Results suggest that nonlinear dendritic 
computations underlie the emergence of Up and D own 
states in single PFC pyramidal neurons.       
 
Discussion: Future work will address the role of inhibition is 
shaping asynchronous activation of synapses and its role in 
Up and D own states emergence. The contribution of ionic 
mechanisms in the emergence and properties of the 

prolonged 
depolarizations 

will also be 
addressed.  
 
 
 

 
Fig. 1. Left: Indicative trace showing the Up and Down 
states observed. Right: All-points histogram of the mem-
brane potential depicting the neural response to synaptic 
input in a two state-manner.  
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ABSTRACT 
Motivation: Pyramidal cells are the most abun dant type of 
neurons in the cerebral cortex. Their activity has been asso-
ciated with higher cognitive and emotional functions. Py-
ramidal cells have a characteristic structure, consisting of a 
triangularly shaped soma where from two complex dendritic 
trees and a long bifurcated axon extend. All the morphologi-
cal components of the pyramidal neurons exhibit significant 
variability across different brain areas and layers. Pyramidal 
neurons receive numerous synaptic inputs on the  basal, 
oblique and tuft dendrites, whose integration in space an d 
time can result in the generation of local dendritic spikes 
(e.g. NMDA spikes). Different modes of the  combined sub-
threshold synaptic effects are observed: linear, when integra-
tion is the sum of individual responses, and nonlinear, when 
synaptic inputs are integrated in a sigmoid or power function. 
While both experimental and theoretical work has been per-
formed to characterize the arithmetic of synaptic summation 
in pyramidal neurons, the role of dendritic morphology in this 
process remains elusive. 
 
Methods: To address this issue, we crea ted compartmental 
neuronal models combining detailed morphology and bio-
physical properties of 56 rat PFC pyramidal layer V cells. We 
used these models to investigate the subthershold integra-
tion properties of clustered excitatory synaptic inputs deliv-
ered to the basal dendritic tree in relation to its ana tomy. A 
variety of morphological (diameter, length, branc h order, 
mean diameter per dendritic pathway, total pathway length) 
and passive features (electronic length, mean electronic 
pathway) was analyzed. The simulations were performed in 
NEURON and the su bsequent statistical an alysis in 
MATLAB.  
 
Results: (a) We find two major modes of synaptic integration 
as measured at the cell bod y: sigmoidal and sublinear (see  
Figure 1) (b) The sigmoidal class is about twice as large as 
the sublinear class. (c) All anatomical and passive dendritic 
properties are statistically different between the two integra-  

 
 

Fig. 1.  Input-output function of two indicative basal dendrites. 
Somatic summation of EPSPs can be sublinear or sigmoidal.  

 

 

 

 

 

 

Fig. 2.  Scatter plot of diameter versus length. Dendrites whose 
EPSPs summate in a sigmoidal manner are thinner and longer than 
those with sublinear summation at the soma. 

05/10/2012Session: 2 



Psarrou  et al. 

2 

tion mode classes. (d) S igmoidal dendrites are thinner a nd 
longer compared to sublinear ones (see Figure 2) a nd ex-
press larger dendritic spikes. (e) The slow kinetics of the 
NMDA receptors are necessary for the sigmoidal integration 
mode. 
 
Discussion: Our results suggest that dendritic anatomy and 
NMDA properties are tightly associated with the mode of 
synaptic integration in basal dendrites of L5 PFC pyramidal 
neurons. Further investigation is needed to elucidate the 
exact contribution of morphological features and dendritic 
spike properties to the formation of the dednrtic s ynaptic 
integration modes. 
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ABSTRACT 
Motivation: Genome-wide analyses are important for dis-
secting the genetic make-up of cancers and subtypes. Here 
we reanalyzed a previously published dataset of normal lung 
tissue and lung cancer subtypes with novel methods. A large 
variance among the adenocarcinomas was found, and po-
tentially valuable diagnostic genes were identified. 
Introduction: Lung cancer is the cancer that takes most 
lives worldwide. It is not one disease, both regarding to clini-
cal presentation, diagnosis, prognosis and treatment. Cur-
rently the following subtypes are the most common, non-
small cell lung cancer (NSCLC), including adenocarcinoma, 
the largest group, squamous cell carcinoma, carcinoids and 
another group called small cell carcinoma. The clinical 
treatment is differs according to type and stage. Moreover, 
molecular markers such as EGFR receptor mutation/ over-
expression can predict response to specified treatments. 
High-throughput gene profiling is an important tool to dissect 
the differences among types both for a correct diagnosis, but 
also for detecting subgroups that may be treated in a per-
sonalized way.  
Here we reanalyzed a large microarray dataset of normal 
lung tissue and lung cancer subgroups with a characteriza-
tion of subgroups, defined by the most overexpressed genes 
and the genes with highest diagnostic value according to 
AUC (Fawcett, 2006).  
Methods: Raw data (CEL files) from Bhattacharjee et al. 
(2001) was used, and processed using Bioconductor's “affy” 
package (Gautier et al., 2004). Any probe with insufficient 
annotation (hgu95av2 annotation package, Carlson et al.) 
was removed.  Among probes identifying the same gene, 
only the probe with the higher variation was retained. In or-
der to perform differential expression analysis on the genes 
we used linear models and empirical bayes statistics from 
Bioconductor's “limma” package (Smyth,2005,Smyth, 2004) 
and genes with FDR adjusted p-value below 0.05 were con-
sidered significant. From the resulting differentially ex-
pressed genes we selected the 100 with the lowest adjusted 
p-values as the most differentially expressed genes. Fur-
thermore, we calculated the AUC for each gene using its 
expression as a ranking (diagnostic) criterion from which 
then we selected the top 100 as the most diagnostic. Finally, 

we performed a principal components analysis (PCA) on all 
the genes and we plotted either the first two (2D) or three 
(3D) principal components in order to visualize a significant 
portion of the information on the data. This analysis was per-
formed between all the cancer sub-types vs. normals and for 
each cancer sub-type vs. the rest groups. 
Finally the top 100 differentially expressed genes were in-
serted in the KEGG pathways and the pathways with the 
highest amount of genes were discussed. 
Results: In general there was a distinctive expression profile 
of the normals and carcinoids versus the other subtypes 
(Fig. 1). Adenocarcinoma showed most heterogeneity, with 
overlapping expression on PCA with both squamous and 
small cell lung cancer. When the adenocarcinoma was omit-
ted from the PCA, a distinctive profile appeared on PCA 
where squamous and small cell carcinoma showed distinc-
tive profile (Fig. 2).  
Normal lung tissue: The top 100 most significantly expressed 
genes of normal lung tissue versus all types of tumours in-
cluded genes involved in several normal functions were all 
overexpressed. In KEGG pathways there were cell adhesion 
molecules, endocytosis, metabolic pathways, focal adhesion, 
and leukocyte transendothelial migration as well as malaria. 
The top five diagnostic genes, PECAM1, TGFBR2, CDH5, 
AGER and TCF21 had AUC>0.9952. Interestingly, functions 
such as adhesion and transendothelial migration are down-
regulated in tumours, and thus this indirectly confirms the 
normal phenotype. 
Squamous cell lung cancer: The top 100 most significantly 
expressed genes of SQ versus the rest showed a range of 
oncogenes, keratins, DNA repair genes cyclins and detoxifier 
genes, all overexpressed. The top five were TP63, KRT5, 
DSG3, ADH7 and the detoxifier gene ABCC5. Interestingly, 
the top five genes with the highest predictive value were 
KRT5, ATP11A, DSP, UBXN7 and RHOBTB2 with where 
only KRT5 with AUC>0.9542 was in common. In the KEGG, 
pathways in cancer, cell cycle, replication and nucleotide 
excision repair pathways were represented. Interestingly, 
squamous cancer is inherently very resistant to both chemo-
therapy exemplified by cisplatin and radiotherapy, where 
several of the identified genes are important players.   
Adenocarcinoma: The top 100 most significantly expressed 
genes of AD versus the rest showed a range of oncogenes, 
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keratins and other significant modulators of growth and pro-
liferation. The top five were GALE, ERBB2 (HER2) and 
PYCR1 overexpressed and USP11 and CBX6 down-
regulated. Among the top five genes with the highest predic-
tive value with AUC>0.9324, were the ERBB2 (HER2), 
GALE, PRSS8, overexpressed and PGAP1 and CBX6 down-
regulated. In the ERBB and pathways in cancer in KEGG, 
the HER2, ERBB3 (HER3) and TRAF4 were overexpressed. 
The two first are genes encoding growth signaling receptor 
proteins highly expressed in several cancers, were HER2 is 
actually a very important drug target in HER2-expressing 
breast and gastric cancers (Figure 3). TRAF4  negatively 
affects apoptosis by down-regulation NF-kappa Beta. 
 

Fig. 1.  A 2D PCA plot showing the gene expression of normal 
tissue and cancer subtypes.  In his visualization, the normal and the 
carcinoids (COID) have a distinct expression profile, while the 
adenocarcinomas (AD) overlap with both squamous (SQ) and 
small cell carcinoma (SCLC). 

Fig. 2.  A 3D PCA plot showing only normal tissue gene expres-
sion and the subtypes minus adenocarcinoma. There is a clear dis-
tinction of expression between these subgroups, and thus adeno-
carcinoma is the most heterogeneous group. 
 

Small-cell lung cancer: The top 100 most significantly ex-
pressed genes of SCLC versus the rest revealed  a range of 
cell cycle inducers, tubulines and DNA repair genes as well 
as genes specific for SCLC as BCL2, CCNE2 and CDK2. 
The top five overexpressed were ISL1, CDKN2C, TMSB15A, 
DLX5, INSM4 And the five genes with the highest AUC were 
ISL1, HMGN2, CDKN2C, STMN1 and ACYP1, with 

AUC>0.99, all overexpressed  and were ISL1 and CDKN2C 
were in common. In the KEGG pathways, the cell cycle, p53 
pathway,  Fanconi Anemia pathway that is involved in ho-
mologous recombination and other DNA repair pathways. 
Importantly, this type is resistant to pemetrexed, and TYMS, 
its target was overexpressed. 
Lung Carcinoids:  The top 100 most significantly expressed 
genes of Carcinoids (or neuroendocrine cancer) versus the 
rest showed a range of neuroactive ligand genes, and not so 
many genes related to proliferation and cancer. They were 
all overexpressed except seven genes. The top KEGG 
pathways were glutamatergic and dopaminergic synapse, 
neuroactive ligand-receptor interaction and interestingly 
overexpression of CRY2, a circadian rhythm gene. Lung 
Carcinoids was the only group that separated completely 
from the rest of the tumours and normal tissue. There were 
seven genes with AUC=1, namely VAMP2, MYT1L, 
GPRASP1, TSPYL2, CHGA, MAPRE3 and SNAP91, all 
overexpressed. 
Conclusion: The lung cancer subtype profiles provided 
through this analysis, recapitulated some of the known fea-
tures of these subtypes as well as providing novel infor-
mation on the biology that should be explored in more detail. 

 
Fig. 3.  The ERBB signaling pathway in KEGG showing the over-
expressed genes in adenocarcinoma, HER2 and HER3. These are 
key genes for tumour growth and HER2 as treatment target. 
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ABSTRACT 
Motivation: Otto Warburg first observed in 1924 that cancer 
cells, as opposed to normal cells, produce a substantial 
amount of energy inefficiently metabolizing glucose via gly-
colysis, even in the presence of sufficient oxygen, a phe-
nomenon known as “aerobic glycolysis” [1]. A characteristic 
of the rapid and incomplete catabolism of glucose is the se-
cretion of lactate. Genome-scale metabolic models have 
been recently employed to describe the glycolytic phenotype 
of highly proliferating human cancer cells. These approaches 
describe genotype-phenotype relations revealing the full 
extent of metabolic capabilities of genotypes under various 
environmental conditions; thus, their importance in cancer 
understanding, cancer diagnostics and individualized thera-
peutic schemes related to metabolism is evident. 
 
Methods: Based on previous metabolic models [2], we ex-
plore the metabolic capabilities and rerouting that occur in 
cancer metabolism when we apply a strategy that allows 
near optimal growth solution while maximizing lactate secre-
tion. The lactate secretion strategy is approached as a two-
step optimization problem. The first step maximizes the cel-
lular growth rate subject to flux balancing, uptake bounds 
and total enzyme concentration constraints. The second step 
determines the maximal lactate production under the addi-
tional constraint that the growth rate is not less than a given 
percentage of the optimal growth rate. We explore how oxy-
gen and glucose uptake, lactate secretion and cellular prolif-
eration rate depend on glucose availability. In addition to the 
generic human cancer model, we also incorporate flux con-
straints arising from differentially expressed metabolic genes 
in Glioblastoma Multiform (GBM) in order to generate a glio-
blastoma-specific metabolic model and investigate its meta-
bolic capabilities across different glucose uptake bounds. 
GBMs comprise the most common and deadly brain tumors; 
they are aggressive, highly glycoloytic and accumulate the 
highest levels of lactate in their microenvironment.  
 
 

Results: The simulations show that slight deviations (90-
99%) around the optimal growth are sufficient for adequate 
lactate release and that glucose uptake and lactate secretion 
are correlated at high proliferation rates as it has been ob-
served. The metabolic reactions differentially activated in 
lactate metabolic strategy include mitochondrial and extra-
cellular lactate transport associated reactions as well as re-
actions related to lactate dehydrogenase-A enzyme (LDHA). 
The model shows that inhibiting LDHA related reactions re-
duces lactate secretion, but the proliferation rate of cancer 
cells remains unaffected. Furthermore, setting various lower 
bounds to the fluxes of the reactions that the enzyme PLCγ 
catalyzes, we show that when the corresponding fluxes in-
crease, the growth rate decreases in accordance to experi-
mental results and the general observation that the rate of 
cell proliferation is decreased during cell migration. PLCγ is a 
molecule that lies downstream of EGFR signaling and has 
been implicated in cell motility and metastasis in several 
cancers. 
 
Discussion: There is a wealth of evidence supporting the 
interdependence of regulatory mechanisms interacting with 
the extracellular microenvironment and signaling pathways 
involving known oncogenes and tumor suppressors with 
metabolism and cellular proliferation. Additionally, these cel-
lular and sub-cellular characteristics of cancer cells both 
shape and are affected by the host tissue microenvironment 
playing an important role in tumor morphology, invasion and 
metastasis. Incorporating microscopic, genotype-phenotype 
characteristics into well-developed tissue-level, spatiotem-
poral models, comprises an important next step and a chal-
lenge for in silico multi-scale approaches. 
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ABSTRACT 
Motivation: Chemoprevention research aims to finding 
drugs/natural substances to prevent the occurrence of a par-
ticular disease and elucidating their mechanism of action. 
The discovery of novel chemopreventive agents is severely 
hampered by the lack of high throughput assays to screen 
quickly and reliably promising chemical compounds.  
We present LISIs, a platform under development in the con-
text of an ongoing cross-disciplinary project (GRANATUM; 
http://www.granatum.org) aiming to bridge the gap between 
biomedical researchers by ensuring their seamless access to 
the globally available information needed to perform complex 
experiments and to conduct studies on large-scale datasets. 
Methods: LISIs aims to provide cancer chemoprevention 
experts with a set of online tools to create, update, store and 
share virtual screening Scientific Workflows (SWs) for the 
discovery of new chemopreventive agents. LISIs is available 
via a web interface through a password protected, tiered 
login process, providing different level access to platform 
functionalities based on the user profile. (Regular) users are 
able to assemble SWs utilizing available in silico models and 
tools. “Power users” may build new models and tools 
through the development of custom SWs. Workflows execute 
on the system server and results are stored on the userʼs 
GRANATUM workspace, enabling accessing, manipulating 
or sharing SWs, datasets and results with other users. 
Results and Discussion: LISIs is a modular platform com-
prised of five major modules: input, pre-processing, process-
ing, post-processing and results/outputs. Each module hosts 
a collection of component categories essentially implement-
ing a variety of functionalities. A component category may 
offer different variations of the same functionality, for exam-
ple enabling data input from either user-defined chemical 
and biological data files or from the GRANATUM Linked Bio-
medical Data Space.  
In particular, the Predictive Models component enables 
building novel (Power users) or using existing (Regular us-
ers) data-driven models to predict biochemical properties of 
interest to the user for the selection of compounds with ac-

ceptable predicted properties. Such models fall into the 
category of Quantitative Structure – Activity/Property Rela-
tionship (QSAR/QSPR) models used by the drug discovery 
community to predict relevant properties of molecules.  
The model building process is assisted by a custom devel-
oped “Hierarchy of Cancer Chemoprevention Proper-
ties/Activities”. In brief, this light ontology-like effort aims to 
make available to modeling experts possible (independent) 
ways by which a substance may act as a cancer chemopre-
ventive agent. 
During model construction, a list of training set compounds 
with their respective property values is provided as input, 
along with the settings for the selected predictive modeling 
application. The output includes the trained predictive model 
and a log file containing measures of the quality of the model 
estimated by cross-validation or other appropriate tech-
niques. In the model usage phase a list of test compounds is 
provided as input to a specific predictive model. The output 
consists of a list of compounds with their associated predic-
tions and a log file documenting the results. 
The Predictive Models component currently makes use of 
four popular machine learning algorithms widely used by the 
chemoinformatics community for predictive modeling, 
namely: Decision Trees, Random Forests, Support Vector 
Machines and k-Nearest Neighbours. Implementations of the 
aforementioned algorithms are available by interfacing the 
Caret package (developed by Max Kuhn) for the open 
source R Environment for Statistical Computing 
(http://www.r-project.org/). The modular architecture of the 
system facilitates future extensions, with the possibility of 
adding other appropriate predictive modeling algorithms. 
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ABSTRACT 
 
Motivation: The neural correlates of memory have been 
studied for centuries, yet a the question of how memory is  
stored in the brain remains elusive. Memory is traditionally 
assumed to be stored in ensembles of neurons, ignoring the 
complex and nonlinear properties of dendritic processes 
(Poirazi 2001). Recent experiments indicate that dendritic 
branches may be the fundamental units of neuronal function 
and plasticity (Hausser 2010, Govindarajan 2011, Silva 
2009). We present a computational model of a neuronal 
network that incorporates multiple plasticity-related mecha-
nisms in order to study the properties of memory allocation in 
dendritic branches. 
 
Methods: We simulate a population of abstract neurons 
incorporating dendritic nonlinearities. Neurons incorporate a 
number of independent dendritic branches that allow for co-
operative plasticity and for dendritic spike generation. We 
simulate a number of neuronal phenomena that are known 
to act at the subcellular and dendritic level during LTP and 
LTD, including dendritic spikes, Calcium-dependent plastici-
ty, Branch Strength Potentiation, Synaptic Protein Tagging 
and Capture and Homeostatic plasticity mechanisms. 
 
Results: We use the well-studied paradigm of fear memory 
formation to study the properties of memory allocation in 
neuronal populations. Our results indicate that plasticity 
dependent on dendritic spiking leads to synaptic clustering of 
inputs. Additionally, synaptic tagging and capture leads to 
clustering of temporally related memory episodes in dendritic 
branches. This results in the creation of population memory 
engrams that are overlapping for memories that are 
temporally close.  
 
 
Discussion: Our models indicate that dendritic memory 
allocation may allow neurons to create correlations between 
related memories in the subcellular and the population level. 
As research in dendritic allocation has only recently started 

taking off, we expect to incorporate more physiologically 
relevant mechanisms in the future. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig 1. Summary of the plasticity mechanisms implicated in memory 
formation 
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ABSTRACT 
Motivation: Neurons in the prefrontal cortex (PFC), both 
pyramidal neurons and i nterneurons, exhibit stimulus-
selective firing that persists past the end of the stimulus (i.e. 
persistent activity), an ac tivity pattern that underlies the on-
line maintenance of a memory (Goldman-Rakic, 1995).  In-
terneurons comprise the most numerous and diverse cells in 
the cortex although the role for such diversity remains elu-
sive. Interneurons can be c lassified based on t he calcium-
binding proteins they express in parvalbumin (PV), calbindin 
(CB) and calretinin (CR) interneurons, having different con-
nectivity and firing-pattern profiles (Markram, et al., 2004). It 
has been suggested that the three interneuron subtypes 
contribute differentially to the emergence and maintenance 
of persistent activity.  Our goal is to identify the mechanisms 
by which the different types of interneurons shape the emer-
gence and maintenance of persistent activity in a Prefrontal 
Cortex (PFC) model microcircuit.  
 
Methods: We first modeled the three different types of inter-
neurons present in the PFC using the NEURON simulation 
environment. All three interneuron models included the ionic 
mechanisms for the fast Na+, fast K+ and delayed-rectifier K+ 
currents as well as other ionic mechanisms known to be pre-
sent in each type. The PV model, consisted of two compart-
ments and included mechanisms for slow K+ current(IKs), a 
type of high-threshold activated Ca++ current (N-type), and 
the hyperpolarization-activated K+ current (Ih) and exhibited 
very high frequencies. The CB model consisted of one com-
partment and i ncluded mechanisms for the low-threshold 
Ca++ current (T-type) and the Ih and exhibited a regular spik-
ing behavior. The CR model consisted of three compart-
ments and included mechanisms for IKs, fast Ca++-activated 
K+ current and N -type Ca++ current and exhibited irregular 

firing behavior. We then constructed a twelve neuron micro-
circuit (9 pyramidal models, previously validated in our lab, 
and 3 d ifferent types of interneurons), in which the relative 
number of neurons and t he connectivity profiles were vali-
dated against anatomical and electrophysiological data. 
  
Results: Persistent activity in the model network was in-
duced by an ex citatory stimulus to the pyramidal models.  
The role of the three different interneuron models in persis-
tent activity induction and pr operties (firing frequency, syn-
chronicity) was studied by either simulating ‘knock-out’ net-
works for each interneuron subtype or reducing the number 
of synapses onto the pyramidal neurons. In addition, the 
postsynaptic targets of each interneuron were altered, in 
order to dissect the contribution of the connectivity vs the 
firing-pattern profiles of the different types.  We find that ab-
sence of the PV interneuron or reduction of its synapses by 
50% does not allow persistent activity induction to be modu-
lation by biophysical mechanisms.  Furthermore, we find that 
the PV interneuron shapes the firing frequency of the pyram-
idal neuron models, and is very important for the synchronici-
ty observed among all neurons in the network during persis-
tent activity.  
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Discussion: Our data reinforce the idea that disruption of 
fine regulation of inhibition results in various forms of pathol-
ogy, including schizophrenia. 
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Fig. 1 The PFC microcircuit model 
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ABSTRACT 
Motivation: In the past few years, the microarray technology 
produced an enormous amount of data. Data management, 
statistical methods and analytical approaches are essential 
to elucidate the biological knowledge contained in the gene 
expression data. Meta-analysis is a set of statistical tech-
niques to combine results from several studies and increase 
the statistical power in order to obtain more precise esti-
mates of gene expression differentials and assess an overall 
estimate (Normand 1999). 
Methods: In this study, we performed a systematic review 
and an empirical evaluation of the literature concerning 
meta-analysis of gene-expression studies. We performed a 
search in Pubmed database with keywords "meta-analysis" 
AND ("microarray" OR "micro-array" OR "gene expression") 
in order to find meta-analyses with gene expression data. 
From each meta-analysis, we recorded data such as the 
number of studies including in the meta-analysis, the number 
of samples (case-controls), the number of genes, the 
number of statistically important genes, the disease, the type 
of microarray platform, the database that the data could be 
found (if any) and the meta-analysis method. We aim to 
provide a summary of the methodologies, the databases, the 
software and the statistical procedures used in the 
microarray meta-analysis studies.  
Results: Initially, 556 articles were retrieved by searching 
the PubMed database. After removing irrelevant papers and 
reviews, a total of 354 papers were formally reviewed and 
summarized. Among them, there are 105 papers related to 
microarray meta-analysis and 251 papers related to web 
databases that use data from microarray meta-analysis 
studies and deliver it through convenient interfaces for data 
mining, information integration, gene signatures and 
regulatory networks. Other studies proposed new methods 
for meta-analysis of microarray data and new software for 
meta-analysis and visualization tools that integrate functional 
and differential expression analysis. From the 105 studies 
that were considered for the final analysis, we found an 
average of 458 samples and 8 studies per meta-analysis. 
Concerning the availability of data, we found that the 30% 
can be found in GEO, the 15% in ArrayExpress, the 9% in 
ONCOMINE and the 6% through the respective website of  

the research group that perform the analysis. Most 
importantly, the 40% of the data are not publicly available. 
Concerning the methods of meta-analysis, the 41% of the 
published studies used meta-analysis methods that combine 
p-values from individual studies (Fisher, 1950), the 23.5% 
used methods that combine effect sizes (Hong and Breitling, 
2008) and the 9% methods for combining ranks (Breitling, et 
al., 2004). However, the 26.5% of the studies performed a 
direct merge the raw data, a method that does not preserve 
the stratification by study and it is considered inappropriate 
(Choi, Yu et al. 2003). 
Discussion: In this work, we performed an empirical 
assessment of microarray meta-analysis and discussed the 
related statistical methods that have been improved for 
analysis of gene expression data. Although, many meta-
analysis methods have been proposed and the selection of 
the suitable method depends on the type of the gene 
expression data and the type of the analysis desired. The 
results are comparable with a recently published study 
(Tseng, et al., 2012), even though we used a larger dataset. 
As many microarrays experiments are rapidly developed 
nowadays, data management, integrative and statistical 
analysis will become more and more essential to utilize the 
information contained in the huge amount of gene 
expression data. 
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ABSTRACT 
Motivation: End Stage Renal Disease (ESRD) is the condi-
tion in which the kidneys are irreparably damaged or have 
little ability to function for a period of more than three 
months. Over a million of patients worldwide are in need of 
either renal dialysis or renal transplantation rendering ESRD 
an epidemic phenomenon (Collins et. al. 2003). It has been 
suggested that ESRD is a chronic systemic inflammatory 
state and thus cytokines involved in inflammation are of 
major importance in the pathophysiology of not only early 
stages of nephropathy but also in the progression of the 
disease to end stages (Yao et. al. 2004). For example, Il-6 
has been implicated in the development of cardiovascular 
disease, a common associated complication and the main 
cause of morbidity and mortality in haemodialysis patients 
(Becker et. al. 1997). Although yet quite complex, there is 
evidence of genetic susceptibility in renal failure (McKnight 
et. al. 2010). In the present study, we attempted to clarify the 
genetic association of five polymorphisms of four cytokines 
with ESRD and discus the possibility that these 
polymorphisms may be used as prognostic markers for renal 
failure, for progress of ESRD and for planning personalized 
therapeutic approaches  
 
Methods: A comprehensive literature search was performed 
and 14 independent studies were retrieved comprising of 
3630 cases and 3955 controls. The five polymorphisms 
included in our meta-analysis were: IL-6 G[-174]C, IL-10 C[-
1082]T, TNFα G[-308]A, TNFα G[-238]A ,and INFγ T[874]A. 
Random effect method was employed for the meta-analysis 
using Stata (DerSimonian & Laird 1986). In order to evaluate 
the distribution of alleles and genotypes between cases and 
controls, the specific odds ratios along with their 95% 
confidence intervals were calculated for each polymorphism.  
 

Results: TNFα G[-308]A was found to have a marginal sta-
tistical association with the risk of ESRD yielding a per-allele 
OR of 1.55, (95% CI: 1.00, 2.42), based on data from 8 stud-
ies (2044 cases and 2147 controls). Using multivariate 
analysis it was confirmed that ESRD follows a co-dominant 
mode of inheritance via the TNFα G[-308]A gene 

polymorphism. For the remaining four cytokine 
polymorphisms examined, no association was found with 
ESRD, notwithstanding the exclusion of studies with 
populations in Hardy-Weinberg Disequilibrium, probably due 
to small number of studies [6 studies for Il6 G[-174]C (1425 
cases and 1709 controls), 4 studies for IL-10 C[-1082]T 
(1316 cases and 1315 controls), 3 studies for TNFα G[-
238]A (893 cases and 985 controls) and 3 studies for INFγ 
T[874]A polymorphism (772 cases and 1155 controls)]. 
 
Discussion: This meta-analyses suggest that one of the 
TNFα gene promoter polymorphisms (G[-308]A) is modestly 
associated with the risk of renal disease patients coming to 
ESRD. On the other hand IL-6, IL-10, and INFγ 
polymorphisms do not appear to be associated with risk of 
ESRD; however, this could also be related to the small sam-
ple size and thus, more studies are needed to contribute to 
the investigation of the potential multigenic predisposition to 
ESRD.  
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ABSTRACT 
Motivation: The pyramidal neurons in layer V of the prefron-
tal cortex (PFC) fire persistently during the delay-period of a 
working memory-dependent behavioral task in order to main-
tain the representation of the preceding stimulus (Goldman-
Rakic, 1995). Two main biophysical mechanisms are known 
to underlie persistent activity, namely the current carried by 
the NMDA glutamate receptor and t he slow calcium-
activated non-selective cation current (ICAN).  In addition, 
persistent activity is known to be m odulated by chemical 
transmitters, such as dopamine and norepinephrine, which 
also affect several intrinsic biophysical mechanisms within 
the neuron.  Therefore, in our study, we were interested in 
how the cellular ionic mechanisms affect the induction and 
maintenance properties of persistent activity. 
 
Methods: We used the NEURON simulation environment 
(Hines and Carnevale, 1997) to implement a morphologically 
detailed model of a single pyramidal neuron from the pre-
frontal cortex (PFC), previously published (Sidiropoulou and 
Poirazi, 2012).  The neuron model was based on a recon-
structed layer V PFC pyramidal neuron available at the neu-
romorph database (neuron C3_5 from the Smith lab, 
http://neuromorpho.org/neuroMorpho/index.jsp). When con-
verted to NEURON, C3_5 had a total of 45 compartments (1 
somatic, 1 axonic, 18 bas al, and 25 api cal dendritic com-
partments).  We assumed a uniform membrane resistance of 
Rm = 30 kΩ.cm 2; a uniform intracellular resistivity Ra = 100 
Ω.cm; and a specific membrane capacitance of 1.2 µF.cm-2 
in the soma and 2.0 µF.cm-2 in the dendrites.  The resting 
membrane potential was set at -66 mV. Active mechanisms 
included two types of Hodgkin–Huxley-type Na+ currents 
(transient: INaf; persistent INap;), three voltage-dependent K+ 
currents ( IKdr; IA; ID), a fast Ca++ and voltage-dependent K+ 
current, IfAHP; a s low Ca++-dependent K+ current, IsAHP; a hy-
perpolarization-activated non-specific cation current (Ih); a 
low-voltage activated calcium current IcaT; three types of 

Ca++- and voltage-dependent calcium currents (IcaN; IcaR; 
IcaL); and t he calcium-activated non-selective cation (CAN) 
current.  A combination of variations of the R-type Ca++ cur-
rent and the persistent Na+ current mechanism could gener-
ate two different firing patterns: a) a regular spiking (RS) and 
b) an i ntrinsic bursting (IB) firing pattern (see Sidiropoulou 
and Poirazi, 2012 for more details) 
 
 
Results: Persistent activity in the neuron model was induced 
by activating synapses onto the basal dendrites of the model 
neuron for several trials, each time altering the set of dendrit-
ic branches that are stimulated.  The CAN mechanism is 
also activated for persistent activity to be induced.  We then 
conduct simulations in which the conductance of different 
ionic mechanisms in increased or decreased.  The mecha-
nisms that are studied are the following: i) L-type calcium 
current (CC), ii) N-type CC, iii) T-type CC, iv) R-type CC, v) 
slow K+ current, vi) delayed rectifier K+ current, vii) slow 
Ca++-activated K+ current, viii) fast Ca++-activated K+ current 
and ix) the hyperpolarization-activated cation current (H-
current).  In addition, the simulations were performed in neu-
ron models with two different firing patterns: a) a r egular 
spiking (RS) and b) an intrinsic bursting (IB) neuron model.  
We find that persistent activity in IB neuron model is more 
vulnerable to changes in the L-type, N-type, R-type CCs and 
the H-current compared to persistent activity in the RS neu-
ron model.  Furthermore, the firing rate and the probability of 
persistent activity were increased when the slow and d e-
layed rectifier K+ currents were decreased, in both model 
neurons. 
 
Discussion: In our previous study, we found that the proper-
ties of the neuronal response during the stimulus can predict 
the emergence of persistent activity (Sidiropoulou and 
Poirazi, 2012).   Thus, we will also test whether this predic-
tion ability of the neuron model is altered by modulating dif-
ferent biophysical mechanisms, in order to determine wheth-
er there is a biophysical basis in this predictability. 
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ABSTRACT 
 
Motivation: Genome-wide mRNA microarrays are common-
ly employed for the investigation of biological processes, 
importantly in the study of cancer. However, despite the ex-
tensive use of microarray data, concerns still exist about the 
reliability across different platforms.  
In this study we present an evaluation of the Affymetrix and 
Illumina platforms where identical samples of human pleural 
mesothelioma and normal control tissue were processed 
with both platforms, and the concordance between the two 
technologies was analyzed. The results of the comparison 
indicate that the two platforms have a good level of agree-
ment; however, the concordance between the two technolo-
gies seems to be statistically significantly influenced by some 
factors, most notably the level of expression of the genes 
and genes’ biological functions.  
 
Methods: Data: Six high quality clinical samples of pleural 
mesothelioma and seven samples of normal parietal pleura 
were first analyzed with the Affymetrix U133 Plus 2.0 
GeneChip (Røe et al., 2010), and then re-profiled with the 
Illumina HumanHT-12 v3 Expression Bead-Chip Kit (Røe et 
al., 2012). The Robust Multi-Array Average (RMA) and the 
quantile normalization standard algorithms were employed 
for Affymetrix and Illumina data, respectively.  
Common genes were matched through their Entrez codes: 
17686 common genes were identified, out of >48800 and 
>54000 probes measured by the Affymetrix and Illumina 
platforms, respectively.  
Statistical Analysis: The R package Limma (Smith, 2005) 
was employed for identifying genes whose expression signif-
icantly differ between cancer and healthy tissues at a False 
Discovery Rate (FDR) of 0.05. The Benjamini-Yekutieli pro-
cedure (Benjamini and Yekutieli, 2001) was employed for 
adjusting for multiple testing when necessary. The cross-
platform concordance between commonly measured genes 
was measured with Pearson correlation. All the analyses 
were performed with the R statistical software. 

 
Results: Cross-platform concordance is influenced by ex-

pression level: The number of differentially expressed genes 
for each platform was 1643 (Affymetrix, 766 up and 877 
down-regulated) and 1621 (Illumina, 831 up and 790 down-
regulated). 922 out of the 17686 common genes were identi-
fied as differentially expressed. Loading plots and principal 
component analysis of both platforms showed visually an 
almost identical picture (Figure 1). For each common gene, 
we calculated the Pearson correlation between the values 
obtained with the two different platforms. The median corre-
lation was 0.644. We further investigated whether the con-
cordance across platforms is higher for the genes that are 
highly expressed. For each chip we calculated mean and 
standard deviation of all expression level. Our criterion for 
high expression was the expression level of a given gene to 
be higher than the sum of mean and standard deviation, in 
both platforms. The cross-platform median correlation for 
highly and non-highly expressed genes was 0.883 and 
0.484, respectively (Mann-Whitney test p-value = 0).  
Differentially expressed genes show higher cross-platform 

concordance than non-differentially expressed genes: the 
922 differentially expressed genes presented a median 
cross-platform correlation of 0.939, versus a median correla-
tion of 0.587 for the remaining common genes (Mann-
Whitney test p-value = 0).  
Differential expression is easier to detect in highly expressed 
genes; thus the high cross-platform correlation in the differ-
entially expressed genes may be due an overabundance of 
highly expressed genes. We employed a two ways Analysis 
of Variance (ANOVA) analysis for assessing differential ex-
pression and expression level independent effects; the re-
sults indicate that both factors have a significant effect on 
cross-platform concordance even when considered together 
(p-values = 0). 
The two platforms provide similar ranks for common differen-

tially expressed genes: The Weighted Overlapping Score 
(WOS, Yang et al., 2006) was employed for investigating 
whether the 17686 common genes were ranked similarly in 
both platforms, according to the p-values provided by the 
Limma procedure. The WOS compares the two lists by as-
signing exponentially decreasing weights to the elements of 
the lists (top elements have higher weights). A permutation-
based p-value is calculated for judging the significance of the 
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similarity. Our two lists obtained a normalized WOS of 0.57 
(normalized with respect to the highest and lowest achieva-
ble WOSs) with an empirical p-value < 0.001 (1000 permuta-
tions), indicating a high concordance between the two lists. 
Cross-platform concordance varies by Gene Ontology Bio-

logical Processes: We further investigated whether the 
cross-platform concordance was influenced by the biological 
processes the genes are involved in. Level 3 - Gene Ontolo-
gy (GO) biological processes were analyzed for cross-
platform concordance. For each one of 389 considered GO 
entities a Multi-way ANOVA was performed, for assessing 
the independent effect of the selected GO category, differen-
tial expression and expression level on the cross-platform 
correlation. Three different criteria were employed for identi-
fying statistically significant and biologically relevant GO enti-
ties: (a) adjusted p-value < 0.05, (b) at least 5 genes belong-
ing to the GO category and (c) an absolute difference in 
terms of median cross-platform correlation of at least 0.1. 
Twenty GO entities respected all the criteria: “cell activation”, 
“activation of immune response”, “regulation of immune sys-
tem process”, “positive regulation of immune system pro-
cess”, “chromosome segregation”, “cell adhesion”, “aging”, 
“organophosphate metabolic process”, “lymphocyte co-
stimulation”, “muscle cell proliferation”, “cell junction organi-
zation”, “regulation of locomotion”, “positive regulation of 
locomotion”, “positive regulation of circadian rhythm”, “leuko-
cyte activation”, “anatomical structure formation involved in 
morphogenesis”, “multicellular organismal homeostasis”, 
“epithelial cell proliferation”, “leukocyte migration”, and “de-
tection of stimulus”. 
 

 
 

Fig1. Loading plots (above) and Principal Component Analysis (PCA). 
Affymetrix (left), Illumina (right). The coloured spots in the loading plots 

above represent differentially expressed genes; green spots are genes in 

common between the two platforms while red and blue spots represent 

Affymetrix-and-Illumina-specific differentially expressed genes, respec-

tively. The PCA score-plots of the gene expression of the same RNA from 

the same samples on Affymetrix and Illumina platforms below are virtually 

identical, where red are tumour and black are parietal pleura samples. 
 
Discussion: Analyzing the concordance between two differ-
ent gene expression platforms presents several issues. Any 
procedure aimed at matching different microarrays probesets 
is prone to errors: for example, probesets may measure 
more or different genes/transcripts than the ones reported in 
the annotations files. Moreover there are other well-known 
potential confounding factors as different RNA extraction 
protocols, RNA quality, laser intensity and detector sensitivi-
ty; in our case only the last two may differ slightly.  
Despite these intrinsic difficulties, our analyses revealed a 
high level of concordance between the two platforms, both in 
terms of cross-platform correlation and ranking of differential-
ly expressed genes. When calculating the cross-platform 
correlation among common genes we showed that the highly 
expressed genes had a much higher correlation than the 
genes with low expression. This phenomenon was observed 
by Barnes et al. (2005) and the explanation conferred was 
highly expressed genes are less affected by background 
noise, and thus both platforms are able to measure their real 
expressions more accurately. Also the differentially ex-
pressed genes have statistically significantly higher cross-
platform correlations, and the two-ways ANOVA analysis 
confirmed that the two factors do not confound each other. 
Moreover, according to the Weighted Overlapping Score 
there was a high concordance regarding to the rank of the 
differentially expressed genes, i.e., highly-significantly differ-
entially-expressed genes in one platform are likely to be 
ranked as highly significant also in the other.  
Finally, twenty Level 3 – GO biological processes show a 
large, statistically significant impact on cross-platform con-
cordance. Not-differentially, not-highly expressed genes be-
longing to these GO processes have, on average, higher 
cross-platform correlation, with the exception of processes 
“detection of stimulus” and “positive regulation of circadian 
rhythm”, which have lower correlations instead. Most of the-
se GO-terms are too general to infer some specific role in 
mesothelioma carcinogenesis, but this was not the scope of 
this analysis. However some, like circadian rhythm and leu-
kocyte migration are potentially important factors in carcino-
genesis and resistance. An alternative explanation is that the 
two platforms are able to better measure genes belonging to 
some GO biological processes while providing less accurate 
measurements for other ones; however, this hypothesis 
should be further investigated. 
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ABSTRACT
Presentation Format: Poster
Motivation: Causal prior knowledge is often available in many
domains. It may naturally stem from domain or expert knowledge (e.g.
a physician may suggest that smoking causes lung cancer). Other
sources are semantic constraints (e.g. demographic variables do not
causally affect gender) or temporal constraints (e.g. if A occurs before
B, B does not causally affect A). Such knowledge may also come
from small-sample experiments where a quantity is manipulated (e.g.
if temperature is varied in a yeast culture, then all (non-)differentially
expressed genes are (not) causally affected by temperature.

We consider knowledge of the form that quantity X causally affects
Y (X 99K Y ) and X does not causally affect Y (X 699K Y ). Notice
that such causal relations are not necessarily direct; the correct inter-
pretation of “X causes Y ” is that there is a directed causal path from
X to Y (X → V . . .W → Y ). Similarly, if we know that X does not
cause Y , there can be no directed causal path from X to Y .

Such knowledge can and should be incorporated in causal models
(Borboudakis et al. (2011), Borboudakis and Tsamardinos (2012)).
Specif cally, we consider Causal Bayesian Networks (BNs) and Maxi-
mal Ancestral Graphs (MAGs), and their Markov equivalence classes
Partially Directed Acyclic Graphs (PDAGs) and Partially oriented
Ancestral Graphs (PAGs) respectively (Spirtes et al. (2000)). We
argue that using prior knowledge can signif cantly improve the quality
of learned models.
Example:

Fig. 1. Left: A PDAG representing a set of 10 Markov equivalent BNs and
causal prior knowledge thatX causesY . Middle: All 4 BNs that are con-
sistent with the given PDAG and prior knowledge. Right: The PC-PDAG
which represents exactly those 4 BNs.

As a simple example, consider the PDAG in Figure 1. This PDAG
represents a set of 10 Markov equivalent BNs. Additionally, we also
know that X causes Y (shown in Figure 1). However, out of all
represented BNs only 4 are also consistent with the prior knowledge.
Those networks are shown in Figure 1. Notice that in all of them, V
and W are parents of Y . Therefore, knowing that X causes Y one
can additionally infer that V and W also cause Y .

Characterization of Markov Equivalence Class: It turns out that the
set of BNs that is consistent with a given PDAG and a set of causal
prior knowledge facts K cannot always be represented by a PDAG.
This class can be represented with a simple extension that we name
Path-Constrained PDAG (PC-PDAG). It is def ned as follows:

DEFINITION. A Path-Constrained PDAGof PDAGP and knowledgeK,
PC-PDAG(P ,K) is a graph with two types of edges: solid and dashed edges,

s.t., (i) the skeleton of the solid edges is the same asP , (ii) each solid edge is
directed if the corresponding feature is invariant in all BNs inP also consi-
stent withK, and un-directed otherwise, and (iii) an indirect edgeX 99K Y

(Y ◦ 99K X) is present ifX 99K Y (X 699K Y ) is in K but there is not

a directed path (there is a possible directed path) fromX to Y using solid
edges only. We similarly definePath-Constrained PAGand its corresponding
underlying PAG, whenP is a PAG instead of a PDAG.

The PC-PDAG for the previous example is shown in Figure 1.
Algorithms: We developed algorithms which can incorporate causal
prior knowledge in PDAGs and PAGs.

The f rst algorithm takes a PDAG and a set of causal prior kno-
wledge facts as input, and assuming consistent prior knowledge,
induces the PC-PDAG which represents all BNs which are in the
given Markov equivalence class and also satisfy the given causal prior
knowledge facts. It is sound and complete and is signif cantly faster
than the naive brute-force search algorithm, but the running time is
exponential to the number of initially un-oriented edges.

The algorithm starts from a given PDAG and keeps orienting edges
until a BN is found. It does so recursively so as to explicitly or implicitly
enumerate all consistent BNs and identify all invariant edges. After
that, the algorithm inserts all dashed edges, applying the PC-PDAG
def nition. It has also been extended for the case of PAGs.

The second algorithm also handles possibly inconsistent causal
prior knowledge. It identif es a consistent subset of the given prior
knowledge facts by maximizing a score function denoting preference
on the prior knowledge, which can then be used as input to the pre-
vious algorithm. For each piece of knowledge Ki in the set of prior
knowledge facts K we denote with ui the utility of satisfying it, and
ci the cost (penalty) of not satisfying it. We can then def ne the score
function of satisfying knowledge K

′ ⊆ K:

Sc(K′,K) =
∑

Ki∈K′

ui +
∑

Ki∈K−K′

ci

By setting all ui to 1 and all ci to 0, the algorithm chooses the largest
set of consistent prior knowledge. Similarly, if one has probabilities
assigned to each prior knowledge fact, one can set ui = log(pi) and
ci = log(1 − pi) to identify the subset with the highest likelihood.
Notice that this implicitly assumes independency of the knowledge
facts, which does not hold in general.

The algorithm is a branch-and-bound algorithm that does not bra-
nch if the current search path cannot possibly lead to a BN with higher
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score than what has already been found. Given a PDAG P ′ in the
current search node, let Ks be the set of currently satisf ed prior kno-
wledge constraints, Kv the set of violated constraints and K

r the set
of all remaining constraints in K. An upper bound on the best score
to f nd under this search path can then be computed as follows:

ScBound(Kr,Ks,Kv) =
∑

Ki∈Ks

ui +
∑

Ki∈Kv

ci+

∑

Ki∈Kr

max (ui, ci)

Experiments:
We evaluated the ability of our method to infer new orientations.

We used the gene network (Friedman et al. (2000)) and its respe-
ctive PDAG. The gene network contains 801 vertices and 972 edges.
The initial number of uncertainties (i.e. the number of un-oriented
edges) in the PDAG is 107. Prior knowledge was generated as fol-
lows: for a given number k, we selected k knowledge facts out of the
set of all unknown pairwise causal relations in the PDAG. Let X and
Y be two variables. Their causal relation is considered unknown if
X is not an ancestor of Y and there is a BN in the given PDAG in
which X is an ancestor of Y (i.e. there is a possibly directed path
from X to Y ). We varied the number of prior knowledge facts within
{1,2,3,5,7,10,15,20,30,50}. The following procedure was repeated
100 times for each number of prior knowledge facts: we randomly
generated a set of prior knowledge facts, used our algorithm to infer
the PC-PDAG and counted the number of new inferences made (i.e.
the number of newly oriented edges). We measure the ability to make
inferences, called Inference Rate, as IR = #inferences

#uncertainties
.
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Fig. 2. Inference rate in the gene network. As expected, the inference rate
grows with thenumber of prior knowledge facts.

Figure 2 shows the mean inference rate for all numbers of prior
knowledge facts. The higher the number of prior knowledge facts,
the higher the inference rate. Notice that we do not check whether a
subset of the prior knowledge facts implies other ones. For example,

knowing that A causes B and B causes C implies that A causes C, B
does not cause A and others. This partially explains why the growth
rate (i.e. the slope) of the inference rate decreases with the num-
ber of knowledge facts. Another reason is that the sets of inferences
implied by prior knowledge facts may overlap. Nevertheless, a signi-
f cant number of inferences has been made. For further experiments
see Borboudakis and Tsamardinos (2012).
Discussion: We presented methods to incorporate causal prior kno-
wledge in PDAGs and PAGs. We also characterized the Markov
equivalence classes of BNs and MAGs which are consistent with a
given PDAG or PAG and a set of causal prior knowledge facts. Some
directions for future research are:

• Improve Time-Eff ciency: The current versions of the algori-
thms run in exponential time. We plan to investigate whether or
not this problem can be solved in polynomial time and if not, use
heuristics, pruning rules or identify cases which can be solved in
polynomial time to improve the running time in practice.

• Handle Uncertainty: An important problem is to handle uncer-
tainty in causal prior knowledge. The current approach is very
limited, since it assumes independency of the prior knowledge
facts and does not handle incoherent probabilities.

• Learn Network: Develop a method which uses data and prior
knowledge simultaneously to learn a network. The current
method uses knowledge only to infer orientations. However, if
the method also considers data instead of a PDAG or PAG,
knowledge may also help improving the learning quality of the
skeleton. In this case it would also be plausible to consider
knowledge about associations of variables.

• Infer Causal Relations: Apply our methods on real data to
identify novel causal relations.

• Use Causal Effect: Extend the methods to consider the causal
effect between variables.
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ABSTRACT
Presentation Format: ”Oral Presentation”
Motivation: Support Vector Machine (SVM) models are one of the
successful and effective tools for classification, particularly used in
bioinformatics (Statnikov et al., 2005). They implicitly and non-linearly
(if so desired) map the data to a feature space by the use of a kernel
function(Boser et al., 1992), where a linear hyperplane that separates
the classes is identified. When the kernel is polynomial of degree d

the constructed features contain all high-order interaction terms of
the original variables, up to degree d. Unfortunately, SVM models are
incomprehensible to human inspection. They are represented in the
form of a Lagrange multiple vector a and a subset of the input data
vectors called the support vectors. Our aim is to efficiently identify the
interaction terms of the model that are optimal for classification and
identify a model that is amenable to inspection and comprehensible
by a human.
Algorithm’s description: Our method uses the support vectors and
the Lagrange multipliers to estimate the influence of every variable on
the decision. Thus, variable importance is estimated within the con-
text of all other variables, not in isolation. This influence is actually the
estimated sum of weights of the features in which a variable participa-
tes. By computing these weights we rank the variables according to
their influence on the SVM prediction. As the variables are removed,
we assume the Lagrange multipliers remain constant for efficiency
reasons. If, however, we notice that the AUC on the training data
drops, this assumption seems invalid, so we retrain an SVM model
with the remaining variables. Then, we use as many top ranked varia-
bles to create a number (in our case 10,000) of interaction terms that
involve these variables. To minimize the number of interaction terms
in the model, we employ a statistical method of identifying the parents
and the children set of the target on the features, MMPC (Tsamardi-
nos et al., 2006). We call our method Remove and Retrain Feature
Selection, or in short RRFS.
Calculating the ranking criterion: In the dual form of the original
SVM formulation the weight vector is calculated by this equation:

w =
n∑

i=1

aiyiΦ(xi) (1)

We will use the kernel trick and particularly the polynomial (inhomo-
geneous) kernel of degree d

K(xi, xj) = Φ(xi) · Φ(xj) = (xi · xj + 1)d (2)

Supposing the Lagrange multipliers do not change when we remove
a variable from the model we can estimate the sum of the squares of
the weights of the monomials it participates in. Let q be the variable
for which we want to calculate this estimate,

∥∥wq
∥∥2, and w\q be the

weight vector of the features that do not contain the variable q. As

shown in Brown et al. (2012), from Eq. (1) and (2) we have that

∥∥w∥∥2 = w · w =

n∑
i,j=1

aiajyiyj(xi · xj + 1)d. (3)

and in the same way we end up with

∥∥w\q∥∥2 =

n∑
i,j=1

aiajyiyj(xi · xj − xq
i · x

q
j + 1)d (4)

Now, let ay’ denote the vector that results from the element-wise mul-
tiplication of the vectors a and y. By Eq. (3) and (4) using matrix
notation we end up with∥∥wq

∥∥2 = ay’T
(

(X ·XT + 1)d − (X ·XT + 1−Xq ·XT
q )d

)
ay’.

The time complexity is Θ(n2md), where n denotes the number of
support vectors, m the number of variables and d the kernel degree.
Comparison with state of the art methods: We compared our
method against RFE(Guyon et al., 2002), a similar method which
trains an SVM classifier, ranks each variable xi based on (wi)

2, and
then removes the variables with lowest ranking criteria. The number
of variables that are removed at each step can vary. Guyon et al.
(2002) suggest to take big steps until you reach a few hundred varia-
bles and continue with smaller steps. The algorithm terminates when
the maximum accuracy is found, this accuracy may be either a local
or a global maximum. The main and very important difference betw-
een RFE and RRFS is that RFE needs to hold out a percentage of the
samples as validation set in order to be able to estimate the accuracy
in each step. Also, the decision of how big this validation set will be
can affect the result of the algorithm.We implemented RFE to test our
method against it and set it to keep 20% of the samples for validation.
Also, we compared against HITON-PC(Aliferis et al., 2003) which
works by inducing the set of parents and children of the target that
render all the other variables statistically independent of the target.
The difference between RRFS and HITON is that HITON is unable to
locate parity functions due to the fact that it uses statistical tests to
find the correlation between each single variable and the class.
Experiments: We ran the algorithms on three gene expression data
sets. The breast cancer data from Wang et al. (2005), the lymphoma
data set from Rosenwald et al. (2002) and the data from Bhattachar-
jee et al. (2001). For the latter data set, we proscessed the raw data
using Bioconductor’s packages(Gentleman et al., 2004) to create a
data set of cancer vs. normals. We applied a nested cross-validation
method with 5 external and 5 internal folds on each data set in order
to estimate performances. The criterion for choosing the best para-
meters was the accuracy of an SVM classifier on the test set.
For our method we used MMPC with max conditioning set to 5 and
5% threshold on p-value. RFE was optimized between the options of
removing 20% or 50% of the variables at each step. For both of them
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Name E and Surname N

Fig. 1. The equation of the SVM on the results of RRFS on the breast
cancer: h = 0.944X7697 − 0.405X2967X2380 + 0.76X7296X14978 +

0.277X15145X10771 + 0.356X13049X5158 − 0.82X6400X9977 −
0.266X3229X13049 − 0.44X9998X5054 + 0.318X6572X1385 +

0.187X2723X11054 + 0.067X10871X10140 + 0.372X15534X11049 +

0.289X12774X10094 + 0.169X11757X11054 + 0.382X9006X13049 ,
where Xi indicates the variable i

the SVM parameters were optimized on the sets of degree = {2,3,4}
and C = {1,10}. HITON was run with max conditioning set set to 3
and 5% threshold. The parameters of the SVM that we used for clas-
sification were in accordance to the ones that RRFS and RFE used
internally and for HITON the best parameters were optimized again
on the sets degree = {2,3,4} and C = {1,10}.
Results, discussion and conclusion: The results of the experi-
ments are shown in Table 1. The number of variables (RFE, HITON)
or features (RRFS) returned by each method are noted in bold. RRFS
manages to return a very small portion of the features explicitly crea-
ted, close to 0.1%, while maintaining or even improving the accuracy
on the first two data sets and being comparable to RFE and HITON.
However, on the lymphoma data set none of the methods surpasses
the accuracy of the SVM model trained with all variables. In Fig. 1
and 2 we also present the decision functions that resulted from our
method on the test set where it achieved the higher accuracy for the
breast cancer and lung cancer data sets. The results indicate the
potential of the algorithm. Future work will focus on parity functions,
in which SVMs have an edge.

ACKNOWLEDGEMENTS
This work was partially funded by the REACTION GA
248590 EU project.

Fig. 2. The equation of the SVM on the results of RRFS on the
lung cancer data: h = 0.054X1563X6808 − 0.062X235X6682 −
0.031X3474X6682 − 0.041X1821X6233 − 0.072xX7113X6397 −
0.035X7778X3746 − 0.061X4962 − 0.066x7671X3731 −
0.022X3017X6807 − 0.119X7583X6186, where Xi indicates the
variable i
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Table 1. The numbers of variables and features that are shown here are the result
of running each method with its best parameters on the whole data set. The d in the
parenthesis indicates which kernel degree was chosen as the best for each method
and dataset and with that the number of features in the feature space is calculated
except for RRFS which returns features and we measure the number of unique
variables in them.

Feature Selection Method
Data set Metric None RFE HITON-PC RRFS

Num. of Vars 17,816 4,455 12 30
Breast Cancer Num. of Feats > 108 (d=2) > 107 (d=2) 455 (d=3) 16 (d=2)
(samples: 286) Est. Accuracy 81.03% 86.21% 84.48% 87.93%

AUC 0.6295 0.61 0.506 0.618

Num. of Vars 8,801 5 9 17
Lung Cancer Num. of Feats > 107 (d=2) 21 (d=2) 55 (d=2) 10 (d=2)
(samples: 203) Est. Accuracy 100% 100% 100% 100%

AUC 1 1 1 1

Nums. of Vars 7,399 7,399 8 20
Lymphoma Nums. of Feats > 107 (d=2) > 1010 (d=3) 45 (d=2) 11 (d=4)
(samples: 227) Estim. Accuracy 65.22% 60.87% 58.7% 53.33%

AUC 0.5954 0.5747 0.5037 0.5632
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ABSTRACT 
 
Motivation: Biomarker signature identification in “omics” 
data is a complex challenge that requires specialized feature 
selection algorithms. The objective of these algorithms is to 
select the smallest set(s) of molecular quantities that are 
able to predict a given outcome with maximal predictive per-
formance. This task is even more challenging when the out-
come comprises multiple classes; for example, one may be 
interested in identifying the genes whose expressions allow 
a good discrimination among different types of cancer (nom-
inal outcome) or among different stages of the same cancer, 
e.g. Stage 1, 2, 3 and 4 of Lung Adenocarcinoma (ordinal 
outcome).  
We argue that a particular type of statistical methods, named 
constraint-based algorithms, would be able to find highly 
predictive biomarker signatures for multi-class problems if 
coupled with conditional independence tests based on multi-

nomial logistic regression. Further details about these meth-
ods are given below. In this work we present an initial exper-
imental evaluation, performed on several real-world, high-
dimensional, gene-expression datasets, aimed at confirming 
our hypothesis. The results suggest that our new conditional 
independence test allow the identification of smaller and 
better performing signatures for multi-class outcomes.    
 
Methods: Constraint-based signature identification: Condi-

tional Independence Tests (CITs), hereafter represented as 
TestInd(X, Y |Z), are statistical tests that assess the null hy-
pothesis “X and Y are associated given Z”. In simple terms, 
CITs assess whether X gives any more information about Y 
(and conversely) once Z is known. Constraint-Based, feature 

selection Algorithms (CBA) are a class of variable selection 
methods aimed at finding the best predictive signature(s) for 
a given target. CBA repetitively apply CITs until they find the 
Markov-Blanket (MB) of the target or a satisfying approxima-
tion of it. The MB of a variable is the set of variables condi-
tioned upon which any other set of variables is independent 
by the target; Tsamardinos et al (2003) theoretically demon-

strated that, under widely-satisfied assumptions, the MB of a 
variable coincides with its best predictive signature; recently, 
large scale evaluation have experimentally proven CBA’s 
superior capabilities in finding highly predictive signatures 
(Aliferis et al., 2010a, 2010b). 
Conditional Independence Test based on Multinomial Lo-

gistic Regression:  CBA operation heavily relies upon CIT; 
selecting the most suitable CIT for the problem at hand is 
thus crucial in order to obtain appreciable results. Here we 
propose a new CIT, namely the Multinomial Logistic CIT 
(ML-CIT), for signature identification tasks where the out-
come presents multiple classes. ML-CIT is based on multi-
nomial logistic regression, an extension of the standard lo-
gistic regression able to deal with multi-class outcomes.  
The null hypothesis of the ML-CIT TestInd (X, Y | Z) implies 
that X is not necessary for predicting Y once Z is known; 
under this respect, the ML-CIT TestInd (X,Y|Z) is equivalent 
to a procedure for selecting the best one between two nest-
ed multinomial logistic models, one employing {X, Z} as re-
gressors and one employing only {Z} (Lagani et al., 2010). 
We thus implemented ML-CIT as a deviance-based, log-
likelihood ratio procedure for nested-model selection. 
Experimental validation: we contrasted the proposed ML-CIT 
against the Fisher Z test (Spirtes et al., 2001). Fisher Z test 
is a CIT commonly employed in case of multi-class datasets 
with continuous variables. Both tests were embedded, in 
turn, within the CBA Max-Min Parent Children (MMPC, Tsa-
mardinos et al., 2006) and their performances were estimat-
ed on seven real-world datasets. The characteristics of the 
employed gene-expression data are summarized in Table 1. 
All datasets are multi-class, high-dimensional and publicly 
available from the Gene Expression Omnibus website (GEO, 
www.ncbi.nlm.nih.gov/geo).   
Multinomial Logistic Regression and Multi-class Support 
Vector Machines (SVM, Chih-Chung et al., 2011) were both 
coupled with MMPC for producing testable predictions. The 
nested-cross validation procedure (Statnikov et al., 2003) 
was employed for optimizing feature selection methods and 
classifiers parameters, selecting the best classifier and for 
providing unbiased estimates of the real performances. 
Standard cross-validation consists in splitting the data in 
several non-overlapping folds, which will be hold out in turn 
for testing purposes, while the rest of data is used for training 
a predictive model. Nested cross-validation is a generaliza-
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tion of the cross-validation procedure: an outer loop of cross 
validation is employed for performance estimation, while an 
inner cross-validation loop is performed on each training set 
in order to set algorithms’ parameters. 
 

GEO ID Disease Outcome #samples #vars 
GDS1329 Breast Cancer Nom. – 3 49 22215 

GDS1962 Glioma Ord. – 4 180 54613 

GDS2373 
Squamous 

Cell cancer 
Ord. – 3 130 22284 

GDS2547 
Prostate 

cancer 
Nom. – 4 164 12646 

GDS2855 
Muscle 

diseases 
Nom. – 3 71 22645 

GDS3233 
Cervical 

cancer 
Nom. – 3 61 22283 

GDS3257 
Adeno 

carcinoma 
Ord. – 4 107 22288 

Table 1.  Characteristics of the data employed in the study: Gene 
Expression Omnibus ID, type of cancer, type of outcome (nomi-
nal/ordinal) and number of classes (e.g.: Ord. – 4 stands for ordinal 
outcome with four classes), number of samples and number of 
variables contained in the study. 

Results: Table 2 reports the results of the experimentation. 
For each dataset, nested cross validated accuracies ob-
tained with both CITs are reported, along with the mean 
number of selected variables (in parenthesis). The statistical 
significance of the difference between the two accuracies is 
reported as well (Binomial test, Howell 2007).   
It is evident that ML-CIT allows the identification of smaller 

and better performing (even tough not in a statistically signif-
icant way) signatures for all datasets, both in case of nominal 

or ordinal outcome. 
Finally, we note that multi-class SVM were almost always 
selected as best classifier, independently by the used CIT 
(data not shown); this is not surprising, given the elevated 
generalizability capabilities of the SVM models. 
 
 

Dataset ML-CIT  Fisher Z test Binomial test 
GDS1329 0.961 (2) 0.893 (3) 0.375 

GDS1962 0.650 (6) 0.635 (6) 0.749 

GDS2373 0.562 (4.8) 0.531 (4.4) 0.125 

GDS2547 0.664 (13.4) 0.621 (7.4) 0.419 

GDS2855 0.789 (3) 0.673 (4.6) 0.096 

GDS3233 0.982 (2) 0.920 (4.6) 0.219 

GDS3257 0.542 (3) 0.524 (2.4) 0.824 

Table 2.  Nested cross-validated accuracies obtained with ML-
CIT and Fisher Z test, respectively, for each dataset. Values in 

parenthesis are the mean number of selected variables. Low bino-
mial test p-values indicate a statistically significant difference be-
tween the ML-CIT and Fisher Z test performances.  

 
Discussion: in this work we introduced a new conditional 
independence test, namely the Multinomial-Logistic Condi-
tional Independence Test (ML-CIT), explicitly devised for 
being coupled with constraint-based methods in case of sig-
nature identification tasks with multi-class outcomes. We 
performed a preliminary evaluation of the new test on seven 
different gene-expression datasets, by contrasting ML-CIT 
against the Fisher Z test, which is, to the best of our 
knowledge, the current best available CIT for multi-class 
problem with continuous regressors. 
The results confirmed our initial hypothesis: employing ML-
CIT enhances the expected results in case of multi-class 
outcome signature identification task. 
Future work will focus on creating new CITs able to deal with 
different types of outcomes and data (e.g. repeated meas-
urements). These new CITs will allow a straightforward ex-
tension of current constraint-based methods to new data 
analysis tasks.   
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ABSTRACT 
 
Motivation: ageing is characterized by the progressive func-
tional decline of multiple organs and tissues, eventually cul-
minating in death. A possible approach for enlightening the 
biological mechanisms underlying the ageing process is 
studying gene expressions’ evolution over time. In this work 
we analyze a wide set of mouse gene expression data, col-
lected at several time points of mouse lifecycle, in four differ-
ent tissues and in two types of mouse models. Our results 
seem to indicate that the same biological processes may be 
involved in the aging mechanisms of different organs. 
 
Methods: Data: RNA samples from kidney, liver, lung and 
spleen were obtained from three different wild-type mice at 
time points 13, 26, 52, 78, 104 and 130 weeks, and from 
three different CSB-defective mice at time points 13, 52 and 
104 weeks. Affymetrix mouse 430 V2.0 microarrays were 
used for obtaining a full genome expression profiling (45101 
probesets). Gene expression data were successively log2-
transformed; the quantile normalization method (Bolstad et 
al., 2003) was separately applied for each one of the eight 
different conditions (four tissues and two genetic back-
grounds). Part of the data was previously analyzed with a 
Mixed Models approach in Lagani et al. (2011). 
Elimination of time-invariant genes: we decided to discard 
the genes whose temporal pattern did not present any statis-
tically significant change, in order to focus only on the most 
relevant genetic characteristics and to eliminate possible 
noisy measurements. We applied the ANOVA test for each 
gene in each different condition; genes with ANOVA p-value 
> 0.05 were removed from the analysis. 
Clustering analysis: groups of genes with similar behavior 
over time were identified with a hierarchical clustering proce-
dure. The clustering analysis was performed separately for 
each condition. Nine different clustering solutions were test-
ed for each condition, by combining three linkage functions 

(Ward, centroid and median), three numbers of clusters (15, 
50 and 150), and the Euclidean distance. Two metrics were 
used for evaluating the different clustering solutions: the in-
tra-clustering distance (the mean Euclidean distance be-
tween the centroids of each cluster) and inter-clustering dis-
tance (the mean Euclidean distance between each pair of 
genes of the same cluster). The best solution was defined as 
the clustering solution nearest to a given reference point in 
the intra-clustering/inter-clustering distances plane. The ref-
erence point had coordinates equal to the smallest intra-
clustering distance and the largest inter-clustering distance 
obtained across all nine clustering solutions. 
Gene Ontology analysis: we searched for Level 3 - Gene 
Ontology (GO) biological processes that were overrepre-
sented in the best clustering solutions. For each best cluster-
ing solution the final list of overrepresented GO biological 
processes was composed by all GO processes statistically 
significantly associated with at least one cluster of the solu-
tion (associations assessed with the Fisher exact test). Mul-
tiple testing was corrected with the Benjamini-Yekutieli False 
Discovery Rate (FDR) procedure (Benjamini et al., 2001; 
adjusted p-value threshold: 0.1).  
 

(a) CSB Kidney Liver Lung Spleen 

Kidney 3149 361 325 178 

Liver 361 3227 272 158 

Lung 325 272 3063 244 

Spleen 178 158 244 2207 

 

(b) WT Kidney Liver Lung Spleen 

Kidney 2073 305 358 254 

Liver 305 3831 731 489 

Lung 358 731 6428 1119 

Spleen 254 489 1119 4867 
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Tables 1(a) and 1(b).  Number of genes showing a statistically 
significant variation over time according to the ANOVA test (un-
adjusted p-value <= 0.05). Elements on the first diagonal report the 
number of significant genes for each condition; other elements 
represent the number of genes shared by two different conditions. 

Results: Tables 1(a) and 1(b) present the number of genes 
retained for each condition after the elimination of the time-
invariant genes. The number of retained genes that are in 
common for every combination of two different conditions is 
showed as well. In general, only a small fraction of the origi-
nal 45101 measurements is retained; for some conditions, 
for example CSB-Spleen, the number of retained genes is 
only slightly above 2255, i.e., the number of genes expected 
to be found significant by chance given the significance 
threshold used and supposing that the null-hypothesis of  
absence of variation over time is always true. Also the num-
ber of genes in common to different solutions is quite low, 
ranging from 158 (CSB-Spleen-Liver) to a maximum of 1119 
(WT-Spleen-Lung). 
The best clustering solutions count always 15 clusters for the 
CSB conditions and 50 clusters for the WT conditions (ex-
cept for the WT-Liver that has 15 clusters). Moreover, the 
centroid linkage seems to be the best linkage option (5/8 
best clustering solutions were obtained with this linkage). 
The analysis of overrepresented Level 3 – GO category gave 
results somehow surprising: each condition presented 
around 40 statistically significantly overrepresented GO pro-
cesses, and 13 of these were common to all eight conditions. 
Table 2 reports the ID and name of these 13 GO biological 
processes.   
 

GO ID GO biological process name 

GO:0006807 Nitrogen compound metabolic process 

GO:0006950 Response to stress 

GO:0009056 Catabolic process 

GO:0009058 Biosynthetic process 

GO:0016043 Cellular component organization 

GO:0019222 Regulation of metabolic process 

GO:0043170 Macromolecule metabolic process 

GO:0044237 Cellular metabolic process 

GO:0044238 Primary metabolic process 

GO:0048519 Negative regulation of biological process 

GO:0048522 Positive regulation of cellular process 

GO:0048523 Negative regulation of cellular process 

GO:0050789 Regulation of biological process 

 

Table 2. List of the 13 GO biological processes found significant-

ly overrepresented in all eight conditions. 
 
Discussion: the results of the analysis indicate that different 
tissues have different genes that significantly change over 

time; only few hundreds time-varying genes are usually in 
common between different conditions (see Table 1). Howev-
er, it is interesting to note that 13 GO biological processes 
are in common to all eight conditions; the results seem to 
indicate that there is a group of biological processes that is 
related to the ageing mechanisms of all the four tissues, 
even though only relative few time varying genes are shared 
between them. 
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ABSTRACT
Presentation Format: Oral Presentation
Motivation: Recent advances in biochemistry and molecular biology
have allowed the production of vast amounts of data. Nevertheless,
there still exist ethical, economical and technological obstacles that
do not allow all quantities to be measured together. The Cancer
genome Atlas (TCGA) for example, provides a collection of datasets
where several “omics” quantities are measured for a number of
cancers, but not all quantities are measured in the same samples
(e.g., for the same type of cancer, one group of cases and controls
are measured for proteomics and gene expression quantities, while
another group of cases and controls are measured for miRNA and
gene expression quantities). We have recently shown that predicting
associations between variables never measured together is possible
using a rule that stems from the standard assumptions of causal
discovery (Tsamardinos et al., 2012). In this work, we explore the
effectiveness of this rule to predict associations between different
“omics” quantities. We use a single dataset where gene expression,
miRNA and proteomics quantities been measured on the same
samples, to provide a proof of concept of our methods.
Methods: We use graphical causal models to describe causal
relationships among the variables measured in a study. In particular,
we use Maximal Ancestral Graphs(MAGs). MAGs, (Richardson
and Spirtes, 2002) are an extension of the well-known Causal
Bayesian Networks (CBNs), introduced by Pearl (2000), that admit
the possibility of latent confounders(latent common causes), and can
be used to model marginal distributions. Both MAGs and CBNs are
tuples of graphs and joint probability distributions. Edges in the graph
have causal semantics, and the graphs is connected to the joint
probability distribution according to a graphical criterion. We attempt
to fit all observed marginal distributions to a single causal mechanism
over the union of observed variables, using the formalism of MAGs,
and argue that this leads to novel inferences over variables that have
not been measured together. An example of such an inference is
illustrated in Figure 1, where the following scenario is described:
Given data set D1 measuring (among others) variables X, Y, W and
data set D2 that includes variables X, Z, W , when the observed
marginal causal models are the ones shown in Fig 1a and 1b
respectively, all consistent causal models over X, Y, Z, W encode
an association between Y and Z, even thought the two variables have
never been measured together. We call the aforementioned scenario
INCA(Integrative Causal Analysis) rule. Moreover, if we assume
normal variables and linear relationships, we can predict the strength
of the association, using the theory of path diagrams(Wright, 1934).
In this work, we use this rule to predict associations among miRNA
and proteomics variables. We use the NCI60 data (Potti et al., 2006),
where 54676 gene expression, 628 miRNA and 163 proteomics
variables are measured in 53 cancer cell lines, and artificially use it as
two different data sets to predict associations between miRNAs and

X Y W I(X,W |Y )

(a)

X Z W I(X,W |Z)

(b)

X Y Z W

(c)

Fig. 1: INCA rule used to predict a significant association
between variables Y and Z, never measured together. When
these two MAGs are constructed in two different data sets,
we can predict that Y and Z are significantly correlated.
(a) Maximal Ancestral Graph corresponding to variables
X, Y, W measured in D1. Variables X and W are found
independent given Y . Circles in endpoints denote that edge
X ◦ − ◦ Y can be directed in any way X → Y , X ← Y
or be bidirected X ↔ Y . However, edges X ◦ − ◦ Y
and Y ◦ − ◦ W cannot be both into Y , according to the
theory of MAGs.(b)Maximal Ancestral Graph corresponding
to variables X, Z W measured in D2. Variables X and W
are found independent given Z. Edge semantics are the same
as in (a).(c) A single MAG over the union of variables that is
consistent with both MAGs. The model encodes a significant
association between Y and Z. The same holds for all models
that are consistent with both (a) and (b).

proteins. We then use the complete data to validate the predictions.
We use the union of gene expression and miRNA data sets as D1

and the union of gene expression and proteomics data as D2. We
then use INCA rule to predict associations between miRNA and
proteomics variables. During the application of the rule, no statistical
test that includes both miRNA and proteomics variables is made. The
prediction is based solely on the joint distribution of miRNAs with
gene expressions and proteomics with gene expressions. We then
test use the miRNA and proteomics data sets and to test whether the
predicted pair of variables is indeed significantly associated.

c© The Hellenic Society for Computational Biology and Bioinformatics, with permission from the authors, 2012. 1
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Fig. 2: Predicted vs actual sample correlation coefficient for
2023 pairs of a miRNA and a protein classified by INCA
rule as significantly associated. Each pair can be included in
more than one individual predictions (i.e., with a different
X and W ’) in INCA rule; every such individual prediction
can be used to produce an estimate r̂Y Z . The mean of these
individual estimates p is used as the final predicted sample
correlation coefficient for each pair of miRNA and protein.
The formula used to produce each individual prediction is
described in Tsamardinos et al. (2012). The final predictions
are very well correlated with the actual sample coefficients
measured in the data, with a clear trend of overestimating
them. This systematic bias is expected and thoroughly
explained in Tsamardinos et al. (2012).

Results: INCA rule had an accuracy of 92.02%. In the 102364 pairs
of proteomics with miRNA variables, only 7888 are dependent(have
a statistically significant association). This means that randomly
guessing whether a miRNA included in D1 with a protein included
in D2 share a statistically significant association, would yield an
accuracy of 7, 705%. Moreover, we used the rules of path analysis
as described in Tsamardinos et al. (2012) to estimate the strength of
associations(Pearson correlation coefficient). Over a total of 64658

predictions (i.e., unique quadruples X, Y, Z, W we have a
total of 2023 unique pairs of miRNA and proteins predicted to be

associated. Every quadruple yields a unique estimate r̂Y Z for the
Pearson correlation coefficient of Y and Z. For every unique pair
of Y and Z we predict the correlation coefficient as the mean
of r̂Y Z in quadruples where Y and Y are predicted associated.
The estimated correlation coefficient against the sample correlation
coefficient measured in the data are shown in Figure 2. We can see
that the correlation coefficient is in general overestimated. This effect
is expected and explained in Tsamardinos et al. (2012). Nevertheless,
the predicted and sample correlation coefficients are highly correlated
(R2 = 0.9513).
Discussion: In this work, we applied a rule that stems from the
theory of causal discovery, to predict the presence and strength of
associations among miRNAs and proteins, based on their respective
jpd with another set of gene expression measurements. We simulated
a scenario in which the miRNAs and proteins have not been
measured together. We applied the rule to a well-known data set
where all quantities were actually measured together, in order to
quantify the validity and applicability of our approach. The method
is accurate and also predicts the strength of correlation very well,
demonstrating the potential of integrative causal analysis.
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Survivor’s Guide… 
 

 A small piece of advice: Better take your POSTER onboard rather than leave it in your luggage; 
the effort putting your  roll under your seat or above your head  is worth avoiding  the  risk of 
your presentation traveling to some exotic destination on its own… 

 

 How to reach FORTH 

BY BUS (see page 4 for city centre map and location of central bus stops)  

There are two bus routes to and from FORTH (ITE in Greek) several times per day: 

a. From Heraklion city center to FORTH: Line 11, the sign on the front of the bus reads ITE 

Timetable:    
Airport ‐ FORTH  FORTH ‐ Airport 

07:20  08:00 
08:30  09:15 
11:30  12:15 
14:00  14:30 
15:00  15:40 
17:20  18:00 

Port ‐ FORTH  FORTH ‐ Port 
21:00  21:30 

* The bus arrives at Astoria bus station (Platia Eleftherias) about 10 minutes later. The bus drops you off at 
FORTH premises.  

b. From Heraklion city center to PAGNI (ΠΑΓΝΗ in Greek, the University Hospital) 

Line 8, the sign on the front of the bus reads ΠΑΓΝΗ. 

This line has a stop approximately 300 meters away from FORTH's entrance. In order to avoid missing the 
stop,  please  consult  the  bus  driver  by  asking  for  the  stop  to  FORTH.  The  frequency  of  this  service  is 
approximately every 15 minutes. 

One‐way  tickets  costing  €  1,50  can  be  purchased  from most  kiosks  around  the  downtown  area.  The 
duration of each trip is approximately 40 minutes. 

BY TAXI 

a. From Heraklion city center to FORTH: 
The most convenient  taxi queue is at "Eleftheria's Square" ("Platia Eleftherias" in Greek), very close to the 
Astoria Hotel. A taxi ride takes about 20‐30 minutes and costs approximately € 12,00. We suggest that 
groups of 3‐4 share a taxi, as this is the fastest and most convenient option. 

b. From airport to FORTH: 

Taxi  service  is  provided  just  outside  the  airport.  A  taxi  ride  takes  about  15‐25  minutes  and  costs 
approximately € 20,00 
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 Arriving at FORTH / Registration on the 4th (open throughout the Conference) 

 Upon registration  (starting at 11.00 on Thursday, October 4th) you will be given an envelope 
containing the following: 

- Your name badge (and dinner voucher for those who will participate to the dinner on 
the 5th at “Merastri”) 

- Certificate of attendance  

- Any additional documentation concerning your participation 

In addition, you will be given 

- The conference bag including: the electronic abstract ‘book’ in a CD, meeting program, 
notepad, pen, strip for your name badge, map of Crete, FORTH leaflet. 

Registration will take place at the Conference Secretariat, outside the Amphitheater 

(follow the arrows “HSCBB Conference”) 

 

The latest you can register for the GALA Dinner on the 5th is Thursday, October 4th, during the 
afternoon  coffee  break  @17.30  [price:  10,00  €  for  registered  participants,  15,00  €  for 
accompanying persons]. 

 

If you are a speaker: 

There will be a data projector connected to a PC (Windows XP – Microsoft Office XP) so kindly 
prepare  your  presentation  file(s)  accordingly.  There will  be  assistance  inside  the  conference 
room; Members of the local organizers’ laboratories will be at your disposal for any technical 
assistance.  You will meet  them  during  registration.  You  should  not  forget  to  contact  them 
during the break prior to your presentation’s session and hand over to them your presentation 
data (CD, memory stick, notebook /laptop). You will easily  locate them from the yellow name 
budge: 

 
 

‐ If you are a Mac user, please don’t forget to bring the cable required to connect your machine to the 

projector. 

‐ Allocated time for keynote talks  is 50 minutes plus 10 minutes discussion, for  invited talks  is 
25 minutes plus 5 minutes for discussion and for the short talks, which are selected from the 
abstracts, presentation time is 15 minutes plus 5 minutes discussion. 

NAME 
Affiliation 



3 

If you are presenting a poster: 

Poster  boards will  be  located  at  the  basement  of  the  building  just  inside  from  the main 
entrance on the right 

Poster boards will be ready for presentation mounting. You are not allowed to use push‐pins or 
any other mount material which could damage boards. Therefore, you should ask  for proper 
mounting material (blue tack or scotch tape) at the secretariat desk. Remember to consult the 
detailed  poster  presentation  guidelines  (attached,  page  5).  POSTERS  SHOULD  BE  PORTRAIT 
ORIENTED. 

Posters  should  be  up  for  display  by  Thursday  May  10th  at  14.00.  All  posters  will  remain 
mounted for the whole duration of the meeting. 

There  are  2 Poster  sessions:  Thursday, October  4 @  15.00  and  Friday, October  5 @  14.00. 
There will be  a poster  list where  you  can  check  the poster  session  you present  in  and  your 
poster number/board. You will also be notified for your poster number during registration. 

 

 Frequently Asked Questions 

Will I have Internet access during the conference?  

Free WiFi everywhere inside the building. 

Do I have any options outside the conference area? 

The  person  in  charge  from  Sbokos  Tours will  be  happy  to  advice  you on  short  visits  or  day 
schedules  all  around  Crete  and  will  be  more  than  willing  to  arrange  such  off‐conference 
activities for you and/or your escorts. 

 

 For the weather you can check this link http://bit.ly/dEvFpC 

 

We are all looking forward to a very interesting conference! 

 

The organizers, 

 
Organizing Committee (HSCBB Board) 
 
Hamodrakas Stavros (President HSCBB), University of Athens, Greece 
Iliopoulos Ioannis, University of Crete, Greece 
Ouzounis Christos, CERTH, Greece and University of Toronto, Canada 
Promponas Vasilis, University of Cyprus, Nicosia, Cyprus 
Bagos Pantelis, University of Central Greece 
 
Local Organizing Committee 
 
Poirazi Panayiota (Chair), IMBB‐FORTH, Greece 
Kotoulas George, IMBG‐HCMR, Greece 
Oulas Anastasios, IMBG‐HCMR, Greece 
Potamias George, ICS‐FORTH, Greece 
Tsamardinos Ioannis, ICS‐FORTH and University of Crete, Greece 
Ioannis Iliopoulos, University of Crete, Greece 
Nikolaou Chrostiforos, University of Crete, Greece & Al. Fleming, Athens 
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Central bus stops for FORTH where you can also find tickets to buy. Usually you can also buy tickets at the 
kiosks close to bus stops 
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96 cm 

180 cm 

POSTER PRESENTATION 
 

 Each author will have a board space of 
(HxW) 180 cm x 96 cm (5ft 10in x 3ft 2in), 
on which to mount the poster. The poster 
should be designed to summarize current 
research in graphic forms. Presentations 
should be self-explanatory so that the author 
is free to supplement and discuss particular 
points. For easy identification, provide a 
poster heading, listing its title and author(s), 
identical to that on the official program.  

 The poster board (PORTRAIT 
ORIENTATION) is double-sided with one 
presentation on each side. Your assigned 
number will be in the upper left hand corner 
of the poster board. The boards will be 
arranged in numerical order outside the 

conference hall. 
 Poster materials may be mounted on thin poster paper or cardboard and 

attached to the poster board with blue-tak or plain scotch-tape. 
 DO NOT USE PUSH-PINS OR GLUE (materials for attaching 

illustrations will be available at the secretariat). 
 DO NOT PAINT OR WRITE ON THE BOARD 

 Do not mount your poster on heavy or thick backing, as it may be 
difficult to fasten to the board. If you require assistance with mounting 
or removing your poster, please notify the secretary of the workshop. 

 Each author is responsible for assembly and removal of his/her own 
presentation. 

 Please remove your poster promptly. Materials left on the poster boards 
after the removal deadline will be taken down. The organizers or the 
hotel staff has no responsibility for materials that may be lost or 
damaged. 

 The poster sessions have a designated time in which the poster 
presenters are requested to be available at their poster to discuss their 
research with the meeting attendees. 
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