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Protein structure prediction

Proteins

Proteins are essential components of living organisms
Under suitable conditions protein fold into a native 3-d structure

Thermodynamic hypothesis: The native structure is the one for
which the free energy is minimum

Laws that govern protein folding are unknown
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_I approaches to protein folding

* Hydrophobic-Polar (HP) model (Dill: 1985)
«+ Off lattice models (Hsu et al:2003)

+ Rotamer configurations and rotamer libraries (Ponder and
Richard:1987)

+ Detailed atom-based models (Lazar et al:1997)
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Protein side chain placement

An amino acid has a peptide backbone and a distinctive
side chain

Side chains join to the backbone forming dihedral angles

A rotamer is a single side chain conformation represented
by a set of discrete values

Side chain placement problem: To find the optimal
positioning of the side chain with respect to a given
backbone £
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Representation

Each residue will be represented by a random variable X;

xi = 1,...,K;, where K; is the number of feasible rotamer
configurations for residue i

The fitness evaluation function f(x) decodes the solution x
into the corresponding vector of rotamer configurations.
Then, the energy function E is evaluated
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E(x;) is the energy interaction between the rotamer and the
backbone

E(x;,X;) is the interaction energy between the couple of

rotamers
n-1 n
x)—ZE Xi)+ > Y E(xi,%)
i=1 j>i
i';i
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+ Problem reduction: Dead-end elimination DEE algorithm
(DeMaeyer et al:2000)

+ Global search: Univariate marginal distribution algorithm
(UMDA)

+ Solution refinement:; Variable neighborhood search (VNS)
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Application of the Goldstein elimination criterion: Rotamer
configurations that are proved not to be in the optimal solutions
are eliminated.

E(x)—E(X)+ Xn:minxj(E(xi,xj) —E(x/,%)) >0
)
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EDAs

Population based evolutionary algorithms
Use probabilistic models instead of genetic operators

At each generation a probabilistic model of the selected
population is learnt

The probabilistic model is used to sample new solutions

UMDA factorization

=il PLTi

Santana, Larra fiaga and Lozano VNS-EDA approach to side chain prediction



Introduction

Optimization approach [REESEEU]
VNS for side chain placement Fitness function
Experiments Integrated optimization approach
Conclusions

Pseudocode of UMDA

-

Do < Generate M individuals randomly
=1
do {
4 Dy ;, « Select N < M individuals from D;_
according to a selection method
pi(x) =[[, p(xi|D? ;) < Estimate the joint
probability
of selected individuals
® D, < Sample M individuals (the new population)
from p;(x)

N

3

o

} until A stop criterion is met fgﬁz

)
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VNS within EDAs

VNS is applied to the best solutions found by UMDA

The neighborhood structure N (x) comprises solutions
that have exactly k values different from x

Information about the residues interactions is used to
constrain the neighborhood structure definition

Exhaustive and random search of the neighborhood are
conducted
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+ 325 X-ray crystal structures with a resolution better than or
equal to 2A

* The size of the proteins between 7 and 267 residues

+ Results achieved by the Side-chain PRediction INference
Toolbox are taken as a reference
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+ UMDA: Population size M = 5000, truncation selection
T = 0.15, and best elitism.

+ By applying only DEE and UMDA, 294 are completely
solved

+ Experiments with the VNS+EDA approach are focused on
the rest of instances
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Protein benchmark
Results

fUMDA fUMDA+VNS

pdb id best | S| mean+o best | S| mean+o

pdblbuu || 200.23 | 12 | 200.70 £ 0.30 || 200.23 | 50 | 200.23 + 0.00
pdblbvl || 132.54 | 50 | 132.54 £ 0.00 || 132.54 | 50 | 132.54 + 0.00
pdblema || 286.39 | 48 | 286.47 + 0.37 || 286.39 | 49 | 286.41 + 0.10
pdblet9 227.14 | 16 | 227.66 £ 1.20 || 226.79 | 22 | 226.90 £ 0.09
pdblh6h 9795 | 15| 98.441+0.34 | 97.95 |50 | 97.95+0.00
pdblhh8 || 374.63 | 1| 414.96 £2.71 || 370.16 | 50 | 370.16 + 0.00
pdblmrj 232.66 | 3| 239.23 £3.08 || 232.66 | 36 | 232.86 £ 0.31
pdb2fcr 236.28 | 50 | 236.28 £ 0.00 || 236.28 | 50 | 236.28 £+ 0.00
pdb2ilk 138.54 | 50 | 138.54 £ 0.00 || 138.54 | 50 | 138.54 + 0.00
pdb2tir 92.60 | 50 | 92.60 £+ 0.00 92.60 | 50 | 92.60 £+ 0.00
pdb3kvt 163.96 | 33 | 164.15£0.34 || 160.50 | 50 | 160.50 + 0.00

Results achieved by UMDA and UMDA+VNS ;-ns.\
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Conclusions

A hybrid approach between VNS and EDAs can improve the
results achieved by using only EDAs

UMDA+VNS was able to find the optimum of all the 22
instances where UMDA was not able to find it

UMDA+VNS improved the best solutions found by UMDA in 3
of the 11 instances for which the optimum is not known
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Conclusions

A hybrid approach between VNS and EDAs can improve the
results achieved by using only EDAs

UMDA+VNS was able to find the optimum of all the 22
instances where UMDA was not able to find it

UMDA+VNS improved the best solutions found by UMDA in 3
of the 11 instances for which the optimum is not known

Future work
Hybridization between VNS and other EDAs
+ Other ways for combining VNS and EDAs o
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