Index

Erik Schultes
Harnessing Open Science to Map Protein Fitness Landscapes
Rudolf M. Füchslin
Applied Complex Systems Sciences
Stuart Alan Kauffman
A World Beyond Physics
Steen Rasmussen
The brave new world of living and intelligent technologies
Roberto Taramelli
Contrasting views of the origin of human cancers
Clara Pizzuti and Annalisa Socievole
Multiple Network Motif Clustering with Genetic Algorithms
Marco Baioletti, Alfredo Milani , and Valentino Santucci
Algebraic perspectives of solutions spaces in combinatorial optimization
D. Nicolay and T. Carletti
Quantum Neural Networks Implementing Deutsch-Jozsa Algorithm
S. Piotto, L. Di Biasi, L. Sessa, P. Iannelli and S. Concilio
Biological inspired metrics for alignment free sequences analysis

1

2

3

4

5

6

18

22

26

T. Calenda, A. Vitale, A. Di Stefano, V. Cutello and M. Pavone
Optimizing the Individuals Maturation for Maximizing the Evolutionary Learning
Jan Paredis
Evolving Genotype Phenotype Mappings as Dynamical Systems
Debora Slanzi, Valentina Mameli, Marina Khoroshiltseva, and Irene Poli
Evolving multi-objective optimization in high dimensional systems
Federico Rossi, Kristian Torbensen, Sandra Ristori and Ali Abou-Hassan
Control of signal transduction and communication through model membranes in
networks of coupled chemical oscillators
M.A. Budroni, M. Rustici, N. Marchettini and F. Rossi
Controlling chemical chaos in the Belousov-Zhabotinsky oscillator
L. Sessa, L. Di Biasi, P. Iannelli, and S. Concilio, S. Piotto
Fragment based molecular dynamics for drug design
Andrea Roli, Antoine Ligot, and Mauro Birattari
A study on complexity measures for the automatic design of robot swarms

27

31

40

45

47

49

50

Marco Villani, Laura Sani, Michele Amoretti, Emilio Vicari, Riccardo Pecori,
Monica Mordonini, Stefano Cagnoni and Roberto Serra
Inferring Global Properties of Biological Networks with a Relevance Index Method
54
Gianluigi Silvestri, Laura Sani, Michele Amoretti, Riccardo Pecori, Emilio Vicari,
Monica Mordonini and Stefano Cagnoni
K-means PSO for searching relevant variable subsets in complex systems

58

Riccardo Righi
Functional interactions in socio-economic complex networks: detection of subsets of
agents through the application of the Relevance Index (RI)
62

Sofia Samoili, Riccardo Righi, Montserrat Lopez-Cobo and Giuditta De Prato
Modelling Emerging Topics in a Techno-Economic Segment (TES) Network
Extended Abstract

66

Debora Slanzi, Valentina Anzoise and Irene Poli
Modeling emerging topics on sustainable urban development perception: the case of
Hangzhou Future Sci-Tech City
71
Fabio Della Marra
A genetic approach to the calibration of selected dynamic factor models for
macroeconomic forecasting
Salvatore Di Gregorio
Urban Evacuation Plan: a Simulation Study with Cognitive Agents in a Cellular
Automata Context
Sara Montagna, Michele Braccini, and Andrea Roli
The impact of self-loops in random boolean network dynamics
Davide Sapienza, Marco Villani and Roberto Serra
On the dynamical properties of a gene-protein model
Michele Braccini, Andrea Roli, Marco Villani and Roberto Serra
Threshold ergodic sets vs. stochastic simulation of noisy boolean networks:
comparison of two approaches for modelling cell differentiation
Martina Musa, Marco Villani and Roberto Serra
Simulating a population of protocells with uneven division
Marco Pedicini, Maria Concetta Palumbo and Filippo Castiglione
Computing attractors of asynchronous genetic regulatory networks

75

79

83

87

91

95

99

Angela Lombardi, Sabina Tangaro, Roberto Bellotti, Angelo
Cardellicchio and Cataldo Guaragnella
Identification of “Die Hard” Nodes in Complex Networks
R. D’Ambrosio, M. Moccaldi, B. Paternoster and F. Rossi
Stochastic numerical modeling of selected oscillatory phenomena
Pasquale Palumbo and Marco Vanoni and Federico Papa and Stefano Busti and
Meike Wortel and Bas Teusink and Lilia Alberghina
An integrated metabolism, growth and cell cycle model quantitatively describing
budding yeast growth
Samuel M.D. Oliveira, Mohamed N.M. Bahrudeen, Sofia Startceva and Andre S.
Ribeiro
Estimating the multi-scale effects of extrinsic noise on genes and circuits activity
from an empirically validated model of transcription kinetics
Luisa Damiano and Pasquale Stano
SB-AI: How the synthetic biology paradigm is impacting AL and AI research
Chiara Damiani, Riccardo Colombo, Diletta Paone, Giancarlo Mauri and Dario
Pescini
Relevant fluxes in metabolic steady-states

101

105

106

118

132

145

Evolving multi-objective optimization in high
dimensional systems
Debora Slanzi1,2 , Valentina Mameli1 , Marina Khoroshiltseva1 , and Irene Poli1,2
1
2

European Centre for Living Technology, S. Marco 2940, 30124 Venice, Italy
Department of Environmental Sciences, Informatics and Statistics, Ca’ Foscari
University of Venice, Cannaregio 873, 30121 Venice, Italy
{ debora.slanzi, valentina.mameli, marina.khoroshiltseva,
irenpoli } @unive.it

Introduction
Discovering optimal values in high dimensional systems can be a challenging
problem, in particular when the number of experimental tests (or observations)
is small. Moreover the optimal values can involve diﬀerent properties of the
systems, introducing multiple (and possible conflicting) objective functions to
be optimized simultaneously. This framing of the problem can make the search
of the optimal values diﬃcult.
In general, a multi-objective optimization problem can be described in the
following way:
consider a vector valued objective function f : C → Rk from a set C ⊆ Rd to
real numbers Rk , with f (c) = (f1 (c), . . . , fk (c))T , where d is the dimension of
each element of C; search the element c0 ∈ C such that f (c0 ) ≤ f (c) for all
c ∈ C (minimization) or such that f (c0 ) ≥ f (c) for all c ∈ C (maximization).
Frequently, in multi-objective optimization, there does not exist a feasible solution, c0 , which minimizes (or maximizes) all objective functions simultaneously.
Therefore, the goal is to achieve Pareto optimal solutions, that is, solutions that
cannot be improved in any of the objectives without degrading at least one of the
other objectives. In this research we will introduce a methodological approach to
address multi-objective optimization in the context above described and related
to a molecular system of interest for drug discovery.

1

Evolutionary inference for discovering the system
optimal values

In order to develop an eﬃcient approach able to achieve the optimal values of
a system with a very small set of experimental tests, we developed a methodological approach based on evolutionary statistical inference for high dimensional
experimental spaces and big data analysis. This approach, which we call m-EDO
(multi-objective Evolutionary data Design for Optimization), drives the evolution towards the target by estimating and combining predictions from diﬀerent stochastic models, such as Lasso Regression, Stepwise Regression, Boosting,
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Neural Networks; see for example [2] and references therein. m-EDO is based on
experimental data and is designed to discover the best solution through testing
only an extremely small number of candidate solutions, making very eﬃcient
and eﬀective the discovery process.

2

Lead optimization in a molecular system

A key problem that the drug discovery research field confronts is to identify
small molecules, modulators of protein function, which are likely to be therapeutically useful. Common practices rely on the screening of vast libraries of
small molecules (often 1-2 million molecules) in order to identify a molecule,
known as a lead molecule, which specifically inhibits or activates the protein
function. Such a molecule interacts with the required target, but generally lacks
other essential attributes required for a drug candidate. Discovering the optimal
lead molecule can then be framed as a multi-objective optimization problem. In
this research we address the lead optimization of MMP-12 Inhibitors, using the
combinatorial library and biological data made available (public domain) by [1].
This library consists of 2500 molecules characterized by their composition and
by their experimental responses. The composition here considered is represented
by a set of 22272 fragments, that we describe as binary variables (presence/absence). The high number of fragments give rise to the high dimensionality of the
molecular system. For this system the experimental response variables here considered are: Activity at the target protein; Solubility; Safety; ClogP ; Molecular
Weight. The aim of this study is to develop a multi-objective optimization procedure based on experimental data (no simulation), and involving a very small
number of experimental tests, to avoid waste of research time and resources.
We built m-EDO using the molecular library provided by Pickett et al. (2011)
as a source of response variables for selected compositions. We assume that the
compositions to test in the lab should be less than 140 (out of the 2500). Knowing the whole experimental space (complete library) allowed us to evaluate the
performance of the approach in searching the best response values. These values
of the response variables represent the target of our study, and are reported in
the following:
– Activity, Y1 : the maximum value of Y1 is 8, which corresponds to the optimal
value. The 99-th percentile of the response variable distribution is 7.5
(maximization of Y1 ).
– Solubility, Y2 : the maximum value of Y2 is -1.766, which corresponds to the
optimal value. The 99-th percentile of the response variable distribution
is -2.415 (maximization of Y2 ).
– Safety, Y3 : the maximum value of Y3 is 3.6262, which corresponds to the
optimal value. The 99-th percentile of the response variable distribution
is 3.2309 (maximization of Y3 ).
– ClogP, Y4 : the minimum value of Y4 is -2.505, which corresponds to the
optimal value. The 1-th percentile of the response variable distribution is
0.033 (minimization of Y4 ).
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– Molecular Weight, Y5 : the minimum value of Y5 is 291.3, which corresponds
to the optimal value. The 1-th percentile of the response variable distribution is 339.3 (minimization of Y5 ).
The goal of the multi-objective optimization is to discover the three molecules
that satisfy the constraints of the problem and reach their best response values.
These molecules are represented (in red) in the following Pareto front representation of the molecule Solubility and Safety after having selected the molecules
with an Activity greater than 6, a ClogP less than 3 and a Molecular Weight
less than 450.
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Fig. 1: Pareto front representation of the molecule Solubility and Safety, respecting the defined constraints for Activity, ClogP and Molecular Weight.

3

The best molecules

We built the EDO approach to optimize the five response variables for the lead
optimization process, under the hypothesis to conduct a number of experimental
tests less than 140 (on the total of 2500 candidate compositions). At first, to
evaluate the performance of the approach, we developed the procedure for each
single response variable for a single objective optimization. The evolution in EDO
has been driven by the information achieved with the Lasso model, Stepwise
regression, the Boosting model, and finally with a mixture of these models.
Moreover, in order to evaluate the robustness of EDO we also repeated the
procedure 1000 runs.
The results achieved for the single optimization process are represented in the
following table:
Notice that EDO procedure is able to achieve the best response values in
a very high proportion of 1000 runs, showing also a better performance of the
Mixture of models with respect to the single model optimization. Concerning the
response values in the region of optimality (1% best values of the distribution)
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Mixture of
Lasso Stepwise Boosting Models NN
Optimum 844
782
665
916 660
Activity
Region of opt. 1000
995
998
1000 990
Optimum 875
745
872
912 556
Solubility
Region of opt. 995
998
1000
1000 996
Optimum 387
358
278
467 228
Safety
Region of opt. 1000
1000
1000
1000 999
Optimum 848
821
917
918 760
ClogP
Region of opt. 950
946
981
1000 945
Optimum 738
822
751
887 346
Molecular Weight
Region of opt. 905
966
956
1000 780
Table 1: Single objective optimization: number of runs (out of 1000 runs) in
which EDO uncovers the optimum value and values in the region of optimality.
Objective

we observe that the Mixture of Models is able to achieve these values in all the
1000 runs and for all the variables.
We then developed the multi-objective optimization by using diﬀerent approaches for combining the achieved response values and, in comparing the results, we noticed that the simple linear combination of the best values has a very
good performance. In the following table we present the results achieved with
the Lasso model, the Neural Networks model (hereafter NN) and the Mixture
of Models. The three ways to optimize give similar results in discovering the
best values, and the diﬀerence may lie in discovering just one, or at least one,
or all three molecules. Mixture of Models again outperforms the alternatives in
discovering at least one molecule of the three in more than 90% of 1000 runs.

Number of best
Mixture of
molecules
Lasso NN Models
0 130 161
92
1
43 59
51
2 320 288
384
3 506 491
472
At least one 869 838
907

Table 2: Multi-objective optimization:
number of runs (out of 1000 runs)
in which m-EDO uncovers the best
molecules.

Fig. 2: Multi-objective optimization:
best molecules found in 1000 runs.
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From these results one can also see the value of the evolution principle in
the search process: from the first generation there is a clear tendency for the
procedure to converge towards the optimal values.

Fig. 3: Evolution through generations: box-plot of the molecule values achieved
in 1000 runs at each generation with the Mixture of Models.
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