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Introduction

Computer simulations[1, 2] are nowadays a mainstream tool for predicting the properties – including
biological activities – of molecules. The ability to compute an estimated value of a molecular property on the
basis of its structure (and, perhaps, the one of the biological receptor it is supposed to interact) is of great
potential benefit for chemical and pharmaceutical research. In Silico prioritization of molecules to be singled
out for synthesis and test out of large compound databases is termed “virtual screening”. Structure-based
virtual screening or “Docking”[3] notably uses a model of the biological receptor to be inhibited by small
organic molecules (“ligands”) in order to computationally assess the affinity for the latter, by placing them
into the active site in a way maximizing favorable site-ligand interactions. Unlike most of the recently
reported applications[4-6] of large-scale parallel computing in molecular simulations and drug design –
mainly aiming to process large compound libraries in deploying existing docking software on the GRID –
the Docking@Grid[7] project advocates the use of massively parallel computational resources not in order to
increase virtual screening throughput, but in order to improve the quality of the docking simulations per se.
Docking is nothing else than a conformational sampling problem involving two different molecules, and
should rely on a thorough exploration of all the relevant (low energy) zones of the problem phase space,
defined by the – potentially large (>102) – number of intra-(flexibility-related) and intermolecular degrees of
freedom. State-of-the-art docking software notoriously undersample the actual phase space and then need to
rely on machine-learned (fitted) empirical equations to (more or less accurately) predict affinities on the
basis of the few visited stable poses. On the other hand, statistical physics provides a rigorous definition of
binding free energies, however requiring an exhaustive sampling of the ternary receptor-ligand-solvent
complex – something well beyond the reach of modern computing technology.

2

The Docking@Grid challenge – more rigorous sampling, less
empirical fitting

The Docking@Grid initiative rises the question whether intensive, but “intelligent” conformational
sampling on the Grid (i.e. wasting a minimum of time in irrelevant high energy phase space zones, while
nevertheless avoiding trapping by local minima) may suffice in order to allow the reproducible estimation of
some empirical binding free energy “indices” which directly correlate to experimental affinities.
On one hand, this needs powerful conformational strategies, well adapted for GRID deployment,
using hybrid heuristics centered on an evolutionary approach[8, 9]. Unlike “screen-saver” strategies,
breaking a complex simulation down to very many independent shorter runs, the herein considered
deployment approaches favor (a) the cooperation of different optimization heuristics, each specifically in
charge of specific problems encountered in molecular modeling, (b) self-adaptive fine-tuning of the
evolutionary parameters of the main Darwinian algorithm in charge of phase space exploration and (c) a

continuous monitoring of incoming partial sampling results, to be used in directing further phase space
exploring efforts. The “planetary” strategy[9], a GRID-specific generalization of evolutionary island models,
has been used to generate millions of conformers of typical 20…30-aminoacid proteins used in folding
studies (the most complex of which is the villin headpiece) and sugars (cyclodextrines) – including, in many
cases, near-native geometries.
On the other hand, the sampling strategy needs to rely on a properly tuned molecular force field
model. According to the consistent force field philosophy, force field parameter refitting might not only
compensate for the perturbation induced by the addition of the solvent terms to the original vacuum CVFF
force field, but also "smooth out" potential artifacts due to insufficient sampling. The reparameterization
concerns both global weighing factors of specific contributions (the van der Waals repulsion weight, the
weight of Coulomb contributions, solvation-specific weights, etc.) and atom-specific van der Waals
parameters. Force field fitting features the following key steps:
1. Test set molecules are submitted to sampling, using the planetary model on the grid, on typically
20..30 nodes, for 24 to 48 hours. Typically, several hundreds of thousands of relatively stable, clash-free
conformers are retrieved for each compound. Also, Monte Carlo simulations of the native structure are
launched in order enhance exploration of the native neighborhood. This is required since the actual position
of the native minimum is expected to fluctuate upon force field parameter change.
3. The joined sets of geometries issued from both extensive sampling and local explorations serve to
calculate the "folding free energy index" for each molecule, at current force field setup.
4. The consistency criterion used for force field parameter assessment is to achieve negative free
energy index values for all the test set molecules. If this is already the case, including the latest conformers
obtained at step (1) – which means that the above-mentioned sampling runs have systematically found nearnative geometries and ranked them as the most stable among all the existing conformers – the current force
field must then be challenged by application to other sampling problems.
5. Otherwise, a genetic algorithm operating in force field parameter space is run, until discovering a
set of parameters fulfilling the above-mentioned condition. Since a single “force field fitness” function
evaluation may easily take hours (millions of conformers need to be processed for each compound), the Grid
is again the tool of choice for conducting this optimization. The loop then needs to be restarted at step (1),
now using this latest force field setup.
This is a long-haul endeavor – the current status of the effort will be presented. Furthermore, the
training set will be steadily updated with new molecules - notably receptor-ligand complexes - and the
generic consistency criterion of negative free energy scores should then be replaced by the request of
obtaining calculated affinity scores which quantitatively correlate to actual experimental values.
At this point, the best-so-far force field parameter set has been used to address docking problems in
active sites with flexible loops – problems of complexity well beyond the capacity of classical docking
codes which – at best – include only side chain flexibility, or treat the protein site as rigid. For example, in
the Caseine Kinase 2 (CK2), the loop (amino acids 117-124) at the border of the active sites changes
geometry in response of the structure of the bound ligand – see Figure 1. Conformational sampling based on
the “planetary” strategy [9, 10] was challenged to predict the structure of the CK2-emodin [11] complex (not
part of the force field parameter fitting set), while considering both (a) the side chains of site aminoacids, (b)
all degrees of freedom (back bone and side chains) of amino acids 115-123, (c) internal degrees of freedom
of the ligand and (d) translational and rotational degrees of freedom of the ligand – a total of 100 degrees of
freedom. After 48 hours, using 20 nodes of the GRID5000 cluster in Lille, the correct experimental
geometry was found and ranked as the most stable one out of a pool of ~105 stored geometries, solely based
on the force field energy as objective function and with no bias from any experimental input (Figure 2). Note
that the same system converges very quickly to the experimental structure if the loop flexibility is ignored
(only side chain flexibility being considered). Simulations of the same enzyme in presence of different
ligands, and, in perspective, of other flexible enzymes are ongoing. While, in case of success, they will not
bring any ultimate proof of the validity of the current force field parameter set, the first failure will,
however, represent enough evidence to invalidate it, thus triggering a novel round of force field parameter
fitting.
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Figure 1: Different loop geometries in human CK2
cocrystallized with different ligands

Figure 2 : The top sampled conformer of the CK2emotilin complex coincides with the experimental
structure, both in tems of the ligand pose and the loop
geometry
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Introduction

Many important biological processes involve protein-protein interactions. These correspond to contacts, also called dockings, on an interface area (from 900 A2 to 2000 A2 ). Numerous research efforts
have been aimed at predicting these interactions, using either automatic or immersive methods.
Neither of these two families of techniques is completely satisfactory however [1]. On one side,
automatic methods are very costly in terms of computation because the large number of degrees
of freedom in the representation of the phenomenon leads to a gigantic search space, even when
using discretized attributes. Moreover, the current knowledge of the forces involved in these interactions is still scarce and uncertain and, as a result, evaluation functions used to guide the search
process are ill-informed, leading to the exploration of a very rugged search landscape and thus
yielding many false positive solutions. On the other side, immersive methods, that seek to take
advantage of the expert’s “intuition” about protein docking, specially with regards to geometric
configurations, are limited because some feedback devices, like haptic ones, require real-time computations of forces that are difficult to obtain, while, at the same time, identifying the most useful
display of additional information needed by the expert is still a matter of research in virtual reality
environments.
This is why we have proposed a new hybrid approach (combining immersive and automatic
context) named HOSMoS (Human Oriented Selection of Molecular Specimen) [1]. The idea is to
rely as much as possible on the expert’s knowledge in order to search and evaluate the possible
docking situations while easing his/her task by providing predictive features that can be computed
in real-time about tentative dockings. The problem is therefore to find relevant and easy to compute
“abstractions” that help in the evaluation of the possible solutions. This paper presents a method
for the identification of such features in the complex context of protein-protein interactions.
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The identification of relevant features

The central problem we face in the study of protein-protein interactions is the identification of
predictive features. One method, in this context, is to use supervised learning in order to select the
features that allow learning algorithms to discriminate between positive and negative instances.
However, in the case of protein-protein interactions, only positive instances are known, and in limited amount at that. Putative negative instances may possibly be generated, but their information
content would be of very diverse and uncontrolled value. Another line of attack is then to look for
conjunctions of descriptors (called itemsets) of which the rate of appearance in the known positive
instances significantly differs from the rate one would expect given no information about the class.
For instance, one could find that the conjunction of descriptors a1 & a6 & a23 is present in 20% of
the positive instances, while one would expect it a priori in a proportion of only 1%.
This approach requires solving two problems. First, a dictionary of descriptors must be identified, which is both informative about the phenomenon at hand, but also limited enough so as to
enable one to get statistically significant counts of conjunctions of these in the positive examples.
Second, a technique must be found in order to compute a priori expected rates of itemsets, something also known as a “null hypothesis”. Before describing our adaptation of the frequent item set
method to our problem, we first present the data representation scheme we use.
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Data selection and representation

Data about macromolecular structures like protein-protein complexes are getting increasingly available. However, quality and redundancy issues require one to be selective. In our case, 459 proteinprotein complexes from the Dockground [3] database were retained. Biological considerations suggest that the contacts between the amino acids involved in the interfaces are a determining factor.
We have therefore resorted to a model [4] based on a small set of geometrical patterns, namely,
edges, triangles and tetrahedra (Figure 1) coding the geometry of a set of spheres, each one representing an amino acid. Edges represent the contact of two amino acids, triangles and tetrahedra the
contact of three (resp. four) amino acids. Using properties of triangulation in a three dimensionnal
space, these three geometrical items are sufficient to describe a set of spheres in a unique way.

Fig. 1. Elementary objects of the used protein representation

Because there are twenty different amino acids in nature, the number of possible items (approx.
10’600) is too large compared to the number of available examples (459). Hence, we have decided
to group the amino acids with respect to their physico-chemical properties. Taking five groups
thus leads to a repertoire of 120 distinct descriptive items. Using this representation, one typical
interface between proteins involves between 15 to 50 items, some of them possibly repeated.
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Experiments and perspectives

It is then easy to compute the number of times each item appears in all positive instances. It
remains to be decided which items (if any) are predictive of a potential docking. One difficulty
is that classes of items (edges, triangles, tetrahedra) appear naturally with different frequencies
(e.g. tetrahedra are less likely to appear than edges), requiring that specific decision thresholds be
determined. This is a rather well-known problem in frequent item sets mining methods [5]. In our
case, we decided to compute a base probability for each item, corresponding to the probability of the
item to be part of an arbitrary interface (positive or not). The resulting analysis, still in progress,
has, on one hand, filtered out items that were known to be good candidates for complementary
roles in docking, and, on the other hand, pointed out unexpected patterns that could be useful
indices of potential dockings. For instance, some tetrahedron comprising the same four groups of
amino acids is more frequently found than triangles of the same groups!
It therefore appears that our approach for finding relevant and easy to compute description
features can both help understanding the domain at hand and provide useful components for the
definition of the evaluation functions required to guide the search in an otherwise gigantic and
complex state space.
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Abstract. The genomic median problem aims at finding the organization of the chromosome
of a common ancestor to multiple living species. The problem is often formulated as searching
for a genome that minimizes some distance measure among given genomes. In our previous
research we have proposed a new stochastic local search algorithm for this problem that
combined elements of tabu search, iterated local search, and a reactive search mechanism for
adapting crucial parameters while solving an instance. In this talk, we will report on several
improvements upon the initial algorithm and additional computational results including
comparisons to current state-of-the-art algorithms for the genomic median problem.
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Introduction

The genomic median problem (GMP) is an important problem arising in the context of genome
rearrangement problems, and it is also of interest for phylogenetic inference [3, 4]. Genome rearrangements are evolutionary events that change the organization of genomes, for example, through
fissions and fusions or translocations of segments in chromosomes. The GMP asks, given a number
of genomes, to find a possible ancestor genome that can be constructed by the minimum number
of rearrangements. For three genomes, it consists in searching for a fourth genome that minimizes
the sum of the distances to three given genomes in terms of the number of rearrangements.
The problem we handle here, which is called cycle median problem in [6], is a GMP using the
number of “double-cut-and-join” operations, as defined in [5, 2], as a distance measure. This problem is NP-hard. This is because the proof of NP-hardness of the reversal median problem [6], which
is a GMP using the number of reversals as a distance metric, also shows that for unichromosomal
genomes the problem of minimizing our distance formula is NP-hard.
Several algorithms have been designed and implemented for tackling the GMP. Exact algorithms
have been applied to the special case where only one chromosome is available; they have been quite
successful for rather small instances [6, 7]. Approximate algorithms ranging from heuristics [7, 8]
to more complex local search algorithms [9, 1] have been proposed.
In our research, we have developed an algorithm called MedITaS (for Median solver by Iterated
Tabu Search). It was targeted for tackling the multi-chromosomal case of the GMP; it is based
on the “double-cut-and-join” operation described in [5, 2] and embeds an effective neighborhood
search, initially proposed by Interian [1], into a tabu search (TS) algorithm. The TS algorithm
is then further hybridized with an iterated local search (ILS) algorithm. Both main algorithm
components, TS and ILS, use a reactive search mechanism to adjust at computation time the tabu
tenure and the perturbation strength, respectively. More recently, MedITaS has been extended by
using a new neighbourhood structure as well as a new algorithm for calculating an upper-bound
for the median distance. In addition, we have now adapted the algorithm to the uni-chromosomal
case, which resulted in a somewhat simpler algorithm.
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Results

We now give preliminary results of a comparison between our MedITaS algorithm and the most
recent algorithm that has been added to GRAPPA; this algorithm has been proposed by Arndt and
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Fig. 1. Comparison between MedITaS and ATa (implemented in GRAPPA based on hardness distribution
(left) and median values on ρ = 20 (middle) and ρ >= 50 (right) instances.

Tang (ATa) [8] and it is currently the most performing algorithm for the uni-chromosomal case of
the GMP from a solution quality point of view. The computational results shown in Fig. 1 were
measured across 100 random instances of a same size (100 markers) that differ in the ratio ρ/n,
where ρ is the number of random reversals applied to the identity genome, and n is the number of
markers (for each value of ρ ∈ {20, 50, 70, 80, 90} we have generated 20 random instances). The left
plot of Fig. 1 gives the cumulative distribution of the number of solved instances, that is, when a
given algorithm reaches the best solution found between the two tested algorithms. It shows that
MedITaS is clearly superior to ATa. Taking a closer look on instances with ρ = 20, ATa reaches
slightly better solutions than MedITaS for the same computation time. (MedITaS is superior in the
left plot of Fig. 1 since for some instance with large ρ/n ratio, it finds the best known solution very
quickly.) However, on the instances with larger values of ρ, MedITaS reaches better quality solutions
than ATa, in part by a rather large margin. For several instances (which are not shown here), ATa
didn’t return any answer within 24 hours of CPU time on a Dual-Core AMD Opteron2216 HE
2.4GHz and 4GB of RAM (only one core is used since the code is purely sequential), while MedITaS
did return its best solutions for all instances in less than 30 seconds.
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With the continuous evolution of distributed highperformance and high-throughput computing and with the
support of crystallography and nuclear magnetic resonance
data, we are at the dawns of a new era in molecular research
and pharmaceutical drug design. A focus is set by current
research on protein structure prediction (PSP), molecular
folding and molecular docking - the former area of study
is here considered, as a particular case of conformational
sampling under an evolutionary approach. The PSP problem
consists in determining the ground-state conformation of
a specified protein, given its amino-acids sequence - the
primary structure.
As the diversification characteristics of evolutionary algorithms are significantly determined by mutation operators,
important information can be derived by analyzing the behavior of EAs as influenced by these components. Classical
operators are included, as the Swap, Mutation, Gaussian and
the Cauchy ones, a new Pearson-system distribution based
mutation being introduced. Further, annealing variance control schemes are employed as to induce a dynamic behavior
along the exploration process. An overall of 30 operators
is hence studied, employing different annealing schemes
and multiple Pearson-system derived distributions. While a
larger set of benchmarks has been considered for this study,
only resulting conclusions are here presented, having the
Tryptophan-Cagge (PDB ID: 1L2Y) protein as benchmark.
No analogous large scale analysis and experimentation has
been previously carried out in this area of study, although
similar works exist on artificial academic problems. Namely,
refer to the surveys of F. Herrera et al. [1], [2].
A first issue consists in identifying the operators which
comport the best minimization characteristics. A second
question to answer relates to operators which induce a bias in
the exploration process. Statistical selection procedures are
employed in order to address these matters, with an aim in
identifying the best operators, out of a finite set of alternatives [3]. In this context, best is inferred in terms of minimum

mean output for a series of independent samplings of the
compared operators. A parallel construction of the OCBA
procedure, initially developed by Chun-Hung Chen [4], [5]
has been adopted for sustaining the operators analysis.
Evolutionary Algorithm Setup. A basic EA is used as
embedding environment for testing the mutation operators.
The algorithm is set to evolve an initial population of
150 solutions for 150 generations. At each iteration of the
algorithm, the current population undergoes a stochastic
tournament selection process, 150 individuals being chosen
out of the population. At each selection step, the stochastic
tournament component is set to return, out of two (uniform) randomly chosen solutions, the best individual, with a
probability of 0.75. The resulting solutions become further
subject to mutation, no crossover operator being employed.
The embedded mutation operator is applied with a probability of 0.1, resulting that, for a complete execution, 2250
mutations should occur, in average. Further, a generational
replacement is used, the entire population being replaced
by the individuals resulting out of the mutation phase. A
weak elitism scheme ensures that the best individual in the
population to be replaced survives the replacement phase.
Statistical Selection Procedure - OCBA. The parameters
of the selection procedure can be regrouped as τ =
(τinit , τadt , τsys , τconf ) where τinit defines the number of
initial simulations to be performed, τadt represents the number of additional samplings allocated for τsys heuristically
selected systems. The desired confidence level to be attained
is specified by the τconf factor. Additionally, a δ indifference
threshold and a maximum number of iterations are specified.
The Probability of Correct Selection (PCS) is estimated for
δ = 0 while. For the herein analysis, 30 initial simulations
(τinit ) were executed for each of the resulting EAs, in case
of non-convergence, 25 additional replications (τadt ) being
requested for the 5 most promising mutation operators (τsys ),
based on the results of the afferent EAs. In addition, a 1.0
indifference threshold (δ) has been set, i.e. no difference is

Energy
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considered for two mutation operators which offer results
comparable within a maximum absolute difference of 1.0.
The confidence level (τconf ) has been set to 0.1 - a ranking
of the operators is considered significant if a PGS value equal
or superior to 0.9 is obtained.
Additionally, in order to confirm and sustain the obtained
operator rankings, a series of Wilcoxon rank sum nonparametric tests have been conducted. For each of the best
three ranked mutation operators, a comparison considering
the entire set of operators, except the one under testing, has
been performed. Subsequently the determined rankings have
been confirmed, the obtained results, for the operators under
study, being significantly different as opposed to the rest of
the operators. For all the conducted Wilcoxon tests a 0.99
confidence levels has been considered.
For exemplification purposes, a graphical depiction of the
results is included in Fig. 1, only the Tryptophan-Cagge
(1L2Y) - Energy case being here considered. Note that
only the histograms corresponding for the best three ranked
operators are included. Analyzing the complete set of results
it follows that the Pearson types III, IV and VI based
operators attain the best (energy) rank in most of the studied
cases. Notwithstanding, none of these operators ranked in the
first three mutations for the Root Mean Square Deviation
(RMSD) section. Instead the Pearson types I, II and VII
based operators were classed among the firsts in all the
RMSD analysis tests. Consequently, no coherent inference
can be made for accepting or rejecting a specific operator,
as designated in the energy analysis section. Nevertheless,
relying on the heuristic nature of the hybrid approach to be
constructed, a straightforward design would consist in using a
combined mutation operator. For example, the Pearson types
III, IV and VI, no annealing scheme, set of operators may
be employed.
In addition to relying on dynamic resolution schemes,
adaptive approaches can be addressed. Note that the three
mentioned operators, based on the Pearson types III, IV and
VI distributions, result by modifying the mean, variance,
skewness and kurtosis factors of a unique system. Thus,
a polymorphic mutation would seem of interest, capable
of standing as a substitute for the defined operators - the
Gaussian and the Cauchy distributions can be seen as particular cases, depending on the specified parameters. Moreover,
highly flexible exploration strategies can be designed, allowing, for example, for a smooth transition from a Pearson
type III based mutation, in the early stages of the search, to
a Pearson type VI derived operator for the final part of the
exploration.
All experimentations were carried using an MPICH2 based
version of ParadisEO, a framework dedicated to the reusable
design of parallel hybrid meta-heuristics and which provides a broad range of features, including EAs support,
local search methods, parallel and distributed models, hybridization mechanisms, etc. The analysis algorithms were
executed on Grid50001 , a French nation-wide experimental
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Fig. 1. The best three ranked operators are depicted with the corresponding
PGS value.

grid, connecting several sites and gathering more than 4000
processors with more than 100 TB of non-volatile storage
capacity.
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1

Introduction

Proteins are the primary building blocks in all living organisms. They are made of amino acid
chains bound together by peptide bonds. Depending on the sequence of amino acids, the proteins
fold in three dimensions so that the Gibbs free energy is minimized. The shape determines the
function of the protein. Protein structure prediction (PSP) is the problem of predicting this threedimensional structure from the amino acid sequence and is considered one of the most important
open problems of theoretical molecular biology. The PSP has applications in medicine within areas
like drug- and enzyme design.
The PSP proves to be a very difficult optimization problem. Solving it exactly is still far from
realistic. Use of heuristics and less complex models proves to be an absolute necessity. However,
even in simplified scenarios, many computational problems arise. One of these problems is the
belief that free energy landscapes tend to have many local minima [1]
The Bee Colony Optimization (BCO) metaheuristic is a relatively new approach based on
swarm-intelligence for solving complex optimization problems. It mimics the foraging behavior of
honey-bees searching for nectar in a flower field. The algorithm, like real honey-bees, performs
a wide search for good solutions and has a flexible method for allocating resources to intensify
the local searches. This seems like a good strategy in the PSP to avoid getting stuck in the local
minima of the energy landscape.
Hesham et al. [2] previously used the Bees Algorithm [3] to find the native state of the 5-residue
peptide ’met-enkalphin’ (PDB-ID: 1PLW) using a full resolution torsion angle-based representation.
In our work, we apply the BCO metaheuristic to the PSP problem using a simplified representation
and generate good quality solutions in terms of the RMSD similarity measure. These decoy solutions can be used as starting solutions for more advanced methods (protein structure refinement
algorithms). Since we use a coarser representation, real-sized protein structures can be attacked
by our BCO metaheuristic. To our knowledge this is the first time a bee heuristic has been used
to predict the structure of proteins. We do not claim to solve the PSP or even compete with stateof-the-art PSP algorithms like Rosetta[4] or I-Tasser [5], however the BCO metaheuristic has nice
properties that we believe makes it suitable for the PSP.

2

Model

Proteins usually consist of thousands of atoms, and their full description must contain the coordinates of all atoms. By considering the geometry of the backbone, this representation can be
simplified to an average of 5 degrees of freedom per amino acid. However, even for small proteins,
this conformational space is still very large and difficult to search. Here, we therefore apply predictions of secondary structure to reduce the degrees of freedom even further by regarding a protein
as a sequence of connected segments.

3

Algorithm

In nature, a foraging bee can be said to be in one of three states: A scout bee, a worker bee or an
onlooker. Scout bees fly around a flowerfield at random and when a flowerbed is found they return
1
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to the hive and perform a waggle dance. The dance indicates the estimated amount of nectar,
direction and distance to the flowerbed. Onlooker-bees present in the hive watch different waggle
dances, choose one and fly to the selected flowerbeds to collect nectar. Worker bees act like scout
bees except that when they have performed the waggle dance they return to their old flowerbed
to retrieve more nectar.
In our adaptation of the BCO metaheuristic, each bee corresponds to a solution, and the
nectar amount corresponds to an objective value in the energy landscape. Sending out scout bees
corresponds to finding a random feasible solution and sending out onlookers corresponds to finding a
neighborhood solution. The onlookers choose sites for neighborhood search based on the objective
value of scouts and workers in previous iterations. This method is largely the Bees Algorithm
proposed in [3]. In a non-changing solution space a solution does not deplete in the same way
a real life flowerbed depletes of nectar. Exhaustion is therefore forced when a solution cannot
be improved. This idea is somewhat similar to the idea of pruning parts of the searchspace as
described in [6]. The process of exhausting a local search is proposed as part of the Artificial Bee
Colony algorithm described in [7]. Our adaptation of the BCO metaheuristic is a synthesis of these
approaches.

4

Dataset

To test our BCO metaheuristic, we try both simple and complex proteins with respect to both
residue-length and the number of secondary structure segments. Six proteins are from [9] and all
have less than 12 segments and from 54 to 76 residues. Six different proteins are chosen from
CASP7 [10] which all have more than 76 residues and more than 12 segments.

5

Results and perspective

Simulated Annealing (SA) and Monte Carlo are often used in the PSP [8], so for comparison both
BCO and SA were used to minimize the energy of the 12 selected proteins. Despite the fact that
SA is so frequently used for the PSP, BCO outperforms SA by finding lower energy structures for
the 6 smaller proteins. Partial results show promising predictions for the 6 larger ones as well.
BCO seems to differ from SA in its wide search and good prioritizing of local searches. Furthermore, the algorithm seems extremely flexible. The local search performed by onlookers and
the random solutions found by scouts can be implemented using any of the well-known algorithms.
SA, Monte Carlo or hill-climbing can for instance be used for local search and genetic algorithms
for generating random solutions. Different strategies can even be combined.
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The prediction of the best binding mode between two proteins is a critical problem for drug
design. Throw the ANR project Dock, we have worked on possible new multi-objective models for
the flexible docking problem. So we propose a new tri-objective model combining an energy term,
a surface term but also a robustness term. The aim of the surface term is to guide the ligand into
the site. The energy term is used to gain complex of low energy. The robustness term is based
on the hypothesis that the best binding mode is not sensible to small perturbations and thus the
energetic landscape around it is large. The aim of our approach is to propose a more realistic
docking process to gain high quality results.

1

Docking problem

For drug design, it is essential to find which molecules can interact with other bigger molecules. The
docking problem consists in finding how a small molecule, the ligand, can interact with another one,
the receptor which has one or more site for the ligand. Nevertheless, experimental docking studies
cost time and resources. There generally exist more than one hundred thousand ligands and the
sites are not necessary known. In this situation, automatic docking methods to screen large ligand
databases allow to speed up drugs design. Since the 90’s, metaheuristics have been used to solve
the molecular docking problem. Originally, single solution metaheuristics as Metropolis MonteCarlo algorithm or Simulated Annealing were used to solve this problem. Later, population based
metaheuristics like Genetic Algorithms have been used [4]. Recently, new docking methods have
been also proposed using Particle Swarm Optimization [3] or Ant Colony based metaheuristics [5].

2

Tri-objective model

2.1

Energy

The standard criterion to estimate the stability of a molecule is to compute its molecular energy.
Smaller the energy is, stabler is the complex. Depending of the force field used and the considered
energetic interactions, the computed energy is different. Equation 1 corresponds to our energy
evaluation based on the Consistent Valence Force Field (CVFF). This energy function has been
already used for the Protein Structure Prediction problem [7].
X
X
X
X
X
X
E =
+
+
+
+
+
(1)
bonds

angles

torsions

V an der W aals

Coulomb

desolvation

All the parameters of the CVFF have been tuned experimentally on a diverse set of molecules.
2.2

Solvent accessible surface

An atom can be represented as a sphere according to its Van der Waals radius. The solvent
accessible surface is drawn according to the center of a probe that rolls on the atom spheres.
Generally, the probe has a radius of 1.4Å3 in order to be able to contains a water molecule that
is one of the standard solvents. The original algorithm we used was first described in [2] but
was recently used in [6]. It is based on the use of look-up tables and Boolean Logic. The solvent
accessible surface allows to evaluate the penetration of the ligand into the site. This criterion is
essential for simulating realistic flexible docking processes.
3
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Robustness term

Our robustness term consists in the energy computation of the neighbourhood of a Ligand/Site
Complex (LSC). According to a given number of neighbours (nbN eigh) with their molecular energy
already computed using our first objective function, the robustness term is given by the equation 2:
CR = −

1
∗ ln
β

nbN
eigh
X

e−β

∗ Energy[i]

with β =

1
kT

(2)

i=1

k is the Boltzmann constant and T the temperature. The definition of this equation maintains
the Boltzmann formula. The aim of this objective is to estimate if a LSC is more likely than another
one. A complex relatively flexible is in a large valley of potentials. A rigid complex is in a very
narrow energy well. Although a complex with a very low energy is generally chosen; in reality, it
can be possible that the right complex to choose has a higher energy. The robustness term helps
finding this kind of complexes.

3

Method

Using the presented model, a parallel multi-objective genetic algorithm (GA) based on IBEA
(Indicator-Based Evolutionary Algorithm) has been designed [1]. In this GA, an individual is coded
as two vectors of euclidean coordinates: one for the ligand, the other for the receptor. The crossover
used is a ligand swap between two receptors. Four mutations has been designed. Two are standard
mutations for the rigid docking problem: the rotation and the translation of the ligand. The third
adds the possibility to modify the conformation of the molecules (ligand and/or receptor). This mutation allows to make flexible docking. The flexibility of the molecules can be chosen by indicating
which atom of each molecule are considered as fixed atoms. The last mutation, called the reverse
mutation, allows to speed-up the algorithm by making great perturbations on an individual. It is
useful to exit from local optima.
In order to test our approach, we have taken data from the CCDC-Astex dataset. This dataset
contains a “clean” list of instances dedicated for the docking benchmarking. For each instance, we
have extracted the ligand from it crystallographic location in order to obtain a “seed” ligand that
will be used to initialise our population of solutions.
We have evaluated our results according to standard indicators of docking benchmark like the
RMSD of the final ligand location comparing to its original crystallographic location or the quality
of the Pareto front gained. As it is commonly admitted in the literature, a docking is considered
as good if the corresponding final RMSD is in [0,2] Å. The majority of the tested instances have
produced good docking results. We currently work on behaviour improvement of the GA (speed,
operators) to gain good docking results on all the instances of the CCDC-Astex dataset.
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Abstract: In this paper is presented a simulation of a DNA renaturalization process
with eukaryotic DNA molecules. This simulation is implemented in a computer and
represents a useful tool for a virtual laboratory which is oriented to DNA computations.
Starting in a theoretical study, in which the simplest parts of the nucleic acids (DNA
and RNA) are explained, this simulation model try to give a simple view of the
renaturalization process of eukaryotic DNA. The implementation proposed emphasizes
the different durations of this process depending on the nature of the DNA molecules
involved.
Computing using a DNA molecule is a modern approach to a massive parallel
paradigm. Molecular computing consists of representing the information of the problem
with organic molecules and to make them react within a test tube in order to solve a
problem. The fundamental characteristics of this type of computations are, mainly, the
massive parallelism of DNA strands and the Watson-Crick [Watson-Crick, 1953]
complementarity. The speed of calculation, the small consumption of energy and the big
amount of information which DNA strands are able to store are the best advantages that
DNA computing has. Nevertheless one of the problems is the massive calculation space
needed, which limits the size of the problems.
When a double stranded DNA molecule (native form) is warmed up, the unions
between both strands will break down and, as a result, they will separate. Therefore, a
denaturalized DNA molecule is always single stranded. The transition between the
native form and the denaturalized form is known as denaturalization. The temperature
of Melting (Tm) is necessary to carry out the process of denaturalization. In certain
conditions, a monocatenary DNA solution (denaturalized) can return to the native DNA
form. This process receives the name of renaturalization of DNA.
The kinetic energy of DNA renaturalization is expressed in the “Cot Equation”.
This equation expresses the concentration of single stranded molecules “C” in a certain
time “t”. This concentration is based on the initial DNA strands concentration “Co” and
a second order constant speed “k”. This constant “k” can be detached based on
parameters like: the average number of nucleotides inside a single stranded DNA
molecule, the number of units of a non-repetitive sequence of base pairs of a haploid
nucleus or a prokaryotic genome, the average density of sites of nucleation in a DNA
fragment or a constant of proportionality.
(F1)

Cot1/2 = 1/k

One of the applications of the Cot Equation is to calculate the complexity of a DNA
molecule, from the observed value of Cot1/2 and comparing it with the DNA of an E.
Coli molecule, whose complexity is well-known to be 4200000bp.
(F3)

Cot1/2 (DNA from any genome) Complexity of any genome
---------------------------------- = --------------------------------Cot1/2 (E. Coli DNA) 4200000 bp

The prokaryotic or bacterial DNA doesn’t contain repeated sequences; the
complexity of the nucleotides in this type of DNA is constant. However, the eukaryotic
DNA has different classes of nucleotide sequence, which differ in their complexity and
in their repetition rate in the DNA. The DNA’s renaturalization speed of an organism is
related to its complexity. The renaturalization speed of each family depends on its
repetition frequency within the genome.
This work develops a program that simulates the renaturalization process of a
series of eukaryotic DNA molecules. The simulation is made on a board of two
dimensions; each position of the board can be occupied by a simple DNA chain or be
empty. The different types of chains, that compose the total DNA, are also provided.
The repetition frequency of the chain and percentage of the total DNA are indicated for
each type of that chain. This percentage can be calculated measuring chemically the
amount of this type of DNA and comparing it with “Co”. Then, the percentage is
transformed into a considered number of repetitions of a concrete chain.
Initially all the chains and their complementary ones are separated and arranged
at random simulating a laboratory experiment. In proportion as the temperature
descends, if two adjacent positions are occupied by a chain and its complementary one,
it will be able to take place or not the renaturalization, depending on the simulation
conditions in this moment. Three types of denatured chains can be observed initially. In
red color some of the fast component chains and their respective complementary chains
are identified. In green color the intermediate component chains, and finally in blue
color the slow component chains.
One simulation cycle consists of going across every square of the board allowing
one movement for each chain, which means moving to an adjacent square. Each cycle
of simulation owns its own conditions of temperature and time. While the simulation is
running the time increases and the temperature falls.
The main problems of the experiments carried out in-vitro based on the
manipulation of DNA are the costs, the time and the space required. Because of that, it
exists the need of making these experiments easier by simplify the main bio-operations
and bio-molecular processes over DNA molecules. For that reason is so useful and
important the possibility of simulating these kind of reactions in a virtual laboratory so
that more difficult operations and algorithms based on DNA computations can be done
without the difficulties explained above.
This simulation model tries to give a simple view of the renaturalization process
of eukaryotic DNA. The implementation proposed emphasizes the different durations of
this process depending on the nature of the DNA molecules involved. The use of this
simulator can give a result of the reanaturalization process depending on the
characteristics of the DNA molecules introduced in a faster way than in-vitro.
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Introduction

Molecular docking means to find the correct orientation and position of two molecules (pose)
towards eachother. Usually one molecule is a protein (receptor), while the other molecule is a
rather small, drug-like compound (ligand). Solving this problem is of great importance in the
area of drug discovery. Virtual Screening [5] is the automated evaluation of very large libraries
of compounds towards a receptor using computer programs. An immense amount of computation
comes along with identifying favorable chemical structures, as i) even after thorough filtering the
number of possible compounds is very large, ii) each of these possible compounds has to be analyzed
regarding to the binding energy of the ligand and the receptor, and iii) even the computation of the
binding free energy for only one conformation of ligand and receptor can be immense, depending
on the the chemical model that is used for this computation. Based on these observations we
developed a highly flexible and modular program that solves the given problem, using also the
possibility of parallel computation. ParaDockS, the Parallel Dock ing S uite, is an open source
docking framework featuring a modular design and therewith easy exchangeability of optimizers
and fitness functions. Based on this framework we evaluate in this paper the performance of several
population based metaheuristics on the molecular docking program.

2

ParaDockS Architecture

The highly modular architecture of ParaDockS can only be sketched here. Its replaceable key
components are a fitness function describing the interactions between ligand and receptor and a
metaheuristic predicting the lowest energy ligand-receptor pose. Note that a variety of approaches,
ranging from additive potentials and grid-based approaches up to quantum chemical methods
can be used as fitness function. Additionally, even more technical features like the possibility
of parallelization are easily implementable and are in fact implemented. For achieving a high
throughput and to support subsequent processing, the communication component of ParaDockS
uses XML for input files as well as for output files.

3

Fitness Function

The basis for succesfull prediction of ligand-protein binding is a robust and reliable way to compute
the binding free energy. The fitness function of ParaDockS used for this study is derived from XScore[6], an algorithm to predict the binding affinity of protein ligand complexes. However X-Score
itself can not be used as fitness function for molecular docking, because it lacks a description of the
ligand conformation. Our newly derived fitness function is based on terms: E = EP L +EvdW +Ehb .
Let L and P be the set of ligand and protein atoms. The protein ligand van der Waals interaction
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Fig. 1. Illustration of the three parameter used for the characterization of hydrogen bonds; A (acceptor)
and D (donor) denote heavy atoms forming the hydrogen bond; d: distance between A and D; Θ1 and Θ2 :
angles characterizing the hydrogen bond
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hydrogen bonding interaction is Ehb =
f1 (d) · f2 (Θ1 ) · f3 (Θ2 ) (functions f1 , f2 , and f3 express
the deviation from an ideal hydrogen bond conformation, see Figure 1). The parameters of the
fitness function were trained based on the well-known Astex-Diverse training set [2].

4

Optimizer

The analysis of conformation with computational approaches for molecular docking is usually
performed with metaheuristics by minimizing the binding free energy for ligand and receptor.
While in Autodock, a well-known suite of automated docking tools[1], a Lamarckian-GA (LGA) is
known to performed best within a set of several metaheuristic approaches, recent research results
indicate that metaheuristics that fit better to continuous optimization problems, perform very
competitively and usually outperform the LGA [4]. In the ParaDockS framework we included a
Particle Swarm Optimizer and a Differential Evolution approach for single objective optimization
until now, but the framework can easily handle multiobjective approaches like suggested in [4].

5

Results

ParaDocks was tested on 210 non-redundant complexes and the predicted conformations were
compared with the X-ray crystallography conformations based on their RMSD values. Regarding
the docking predictions ParaDocks performs at least equally good as the well-known docking
program GOLD [3].
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