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EDA applications to real world problems

EDA applications

Biomedical informatics (Armananzas et al:2009)

Engineering (Simionescu et al:2006)

Communications (Rothlauf:2002,Sun et al:2006,Yuan et
al:2007)

Agriculture (Wu et al:2008)

Scheduling (Aickelin:2005)

Robotics (Hu et al:2005, Hu et al:2006)

Graph problems (Bengoetxea:2002:2003, Muehlenbein
and Mahnig:2002, Pelikan et al:2007)

Feature subset selection (Armananzas:2009, Inza et
al:2002, Saeys et al:2003)
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EDA applications to Biomedical informatics

EDA applications

Protein folding problems (Alden:2007, Chen et al: 2009,
Santana et al 2004:2007:2008)

Gene selection for cancer classification (Blanco et al:2001)

Cancer chemotherapy (Brownlee et al:2008)

Gene expression data clustering (Pena et al:2004)

Splice site prediction (Saeys et al:2004)

SNP tagging selection (Santana et al:2010)
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EDA applications to Engineering

EDA applications

Multispeed planetary transmission design (Simionescu et
al:2006)

Image reconstruction (Ochoa:1999)

Software testing (Sagarna:2004)

Multivariate calibration models for quantitative chemical
applications (Mendiburu et al:2006)

MRI magnet design (Yuan et al:2005)
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Proteins

Definitions

A protein is a sequence of aminoacids

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

Protein sequences fold into a native 3-d structure

The native structure of a protein is the one for which the
free energy is minimum

Laws that govern protein folding are unknown
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Backbone and side chain of the pdb1mrj protein
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Computational approaches to protein folding

Computational models

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 problems addressed

Protein folding in HP model

To find the HP configuration with lowest energy

Side chain placement problem

To find the optimal positioning of the side chain with
respect to a given backbone

Protein design

To find the sequence that has the lowest energy with
respect to a protein structure
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HP and functional model protein

Characteristics

Type of residues: hydrophobic and hydrophilic or polar

Located in regular lattice models

In the lattice, residues form self-avoided paths

Energy interactions: defined from H-H and H-P contacts
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HP and functional model protein

Example

b

bbb

b

b

b

b

b

b

bc

bcbcbcbc

bc

bc

bc

bc bc

Figure: Best solution found for sequence
HPHPPHHPHPPHPHHPPHPH
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EDAs: probabilistic model used

Markov-chain model

pMK (x) = p(x1, . . . , xk+1)
n∏

i=k+2

p(xi | xi−1, . . . , xi−k )

Tree model

pTree(x) =
n∏

i=1

p(xi | pa(xi))

Mixture of trees model

pMT (x) =

m∑

j=1

λjp
j
Tree(x)
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Results in the three-dimensional lattice

hybrid GA MK-EDA1 MK-EDA2
H(x∗) mean ± σ H(x∗) mean ± σ H(x∗) mean ± σ

s1 −11 −10.52 ± 0.54 −11 −10.80 ± 0.40 −11 −10.82 ± 0.38
s2 −13 −11.28 ± 0.90 −13 −12.56 ± 0.75 −13 −12.02 ± 0.94
s3 −9 −8.54 ± 0.64 −9 −8.90 ± 0.30 −9 −8.96 ± 0.19
s4 −18 −15.76 ± 1.05 −18 −16.34 ± 0.79 −18 −16.40 ± 0.80
s5 −28 −24.60 ± 1.57 −29 −27.10 ± 1.00 −29 −27.24 ± 0.92
s6 −26 −23.02 ± 1.48 −28 −25.68 ± 1.24 −29 −25.70 ± 1.26
s7 −49 −41.18 ± 2.75 −49 −46.52 ± 1.25 −49 −46.30 ± 2.04
s8 −46 −40.40 ± 2.50 −50 −46.16 ± 2.16 −52 −46.78 ± 2.28

Table: Results of the EDAs and the hybrid GA in the 3-d lattice
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Results in the two-dimensional lattice

bc bc b b b bc

b

bb

bbbb

bbc

bc

bc b

b b

b b

b

bb

bb

bc b

bc bc bc

bb

b b

b

b b

b

b b

bb

bc bc bc

bc

b

bb

b

b

b bc

b

b bc

b bc

bc bc

b b

b

bc b

b b b

bb

b b

bc bc

bc

b b

bb

b b

bb

b b

bcb

bcbcbc

b b

bb

b b

bbb

b

b

b

bc

bcbc

bc

bb

b b

bbbc

b

bbc

b

bc

bc bc

bbbbc

b

b b

b b

b b

b bc

bc

bcbbbb

b

b b

b b b

bcb

bc

bcbc

bbbb

b b

bb

b b

b

b

bc

bcbc

bc

b

bb

bb

b

b b

b

bc

bbc

bc bc b

b

b

bc b

b

b

b

bb

b b

bc bc bc

bb

b b

bb

b b

bb

bc b

bc bc bc

bb

b b

bb

b b

bb

b b

bc

bc bc

bc

b

b

b

b

b

b bc

b

b bc

b bc

Figure: Optimal solution and three sub-optimal solutions for the s7
sequence
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Results

Results of the simulations
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Figure: Energy landscape of the functional model protein
corresponding to sequence PHHPPHPPHHPPHPHPPHPPHHH as
sampled by MK-EDA2

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Protein problems
Protein folding in the HP model
Side chain placement
Protein design

Results

Results of the simulations
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Figure: Relationship between the different parameters of the
sequences found MK-EDA2
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Rotamers and rotamer libraries

Characteristics

A rotamer library is a collection of rotamers for each
residue type

Rotamer libraries can be backbone-independent or
backbone-dependent

The problem is ’reduced’ to the search of the optimal
rotamer configuration for each residue
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Representation

Energy function

Let Ki be the number of feasible rotamer configurations for
residue xi

E(xi) is the energy interaction between the rotamer and
the backbone

E(xi , xj) is the interaction energy between the couple of
rotamers

E(x) =

n∑

i=1

E(xi) +

n−1∑

i=1

n∑

j>i

E(xi , xj )
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Integrated optimization approach

Steps for the solution of the problem

Problem reduction: Dead-end elimination algorithm
(DeMaeyer et al: 2000)

Global search: UMDA

Solution refinement: Variable neighborhood search (VNS)
(Mladenovic and Hansen: 1997)

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Protein problems
Protein folding in the HP model
Side chain placement
Protein design

Integrated optimization approach

Dead-end elimination

Goldstein elimination criterion: Rotamer configurations that are
proved not to be in the optimal solutions are eliminated

E(xi) − E(x ′
i ) +

n∑

j=1
j 6=i

minxj (E(xi , xj) − E(x ′
i , xj )) > 0

VNS

VNS is based on the application of local search by
systematically changing the neighborhood during the search
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Integrated optimization approach

VNS within EDAs

VNS is applied to the best solutions found by UMDA

The neighborhood structure Nk (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
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Experimental results

Protein benchmark

325 X-ray crystal structures with a resolution better than or
equal to 2

The size of the proteins between 7 and 1982 residues

Results achieved by the Side-chain PRediction INference
Toolbox are taken as a reference
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Experimental results

Results for the protein benchmark
UMDA UMDA + VNS

pdb id best S mean ± σ best S mean ± σ

pdb1buu 200.23 12 200.70 ± 0.30 200.23 50 200.23 ± 0.00
pdb1bv1 132.54 50 132.54 ± 0.00 132.54 50 132.54 ± 0.00
pdb1ema 286.39 48 286.47 ± 0.37 286.39 49 286.41 ± 0.10
pdb1et9 227.14 16 227.66 ± 1.20 226.79 22 226.90 ± 0.09
pdb1h6h 97.95 15 98.44 ± 0.34 97.95 50 97.95 ± 0.00
pdb1hh8 374.63 1 414.96 ± 2.71 370.16 50 370.16 ± 0.00
pdb1mrj 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

Table: Results achieved by UMDA and UMDA+VNS
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Experimental results

Results for protein pdb1d2e

Figure: Native backbone structure corresponding to the pdb1d2e
protein and side chain configuration found by UMDA
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Experimental results

Analysis of the convergence time
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Figure: Dependence between the number of residues in all instances
and the UMDA time of convergence
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Evolutionary niche of a protein

Characteristics
The sequence-structure relationship can be analyzed in
terms of energy (Meyerguz et al: 2004)

The evolutionary niche of the protein: to find the niche of
all proteins, which, regarding the energy value, are more
evolved with respect to the structure

Potential functions introduced to correctly rate the native
structure with respect to a set of decoy structures
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Energy function

TE13 function

E(x, σ) =
∑

α,β

pαβnαuαβ(r) ≡
∑

λ

pλnλ

nλ is the number of contacts of a specific type and at a
specific distance (λ) of structure σ

For each λ-s, there is a corresponding independent
parameter pλ

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Protein problems
Protein folding in the HP model
Side chain placement
Protein design

Protein design approaches

Approaches to protein design

Directed protein design

Probabilistic protein design

EDAs

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Protein problems
Protein folding in the HP model
Side chain placement
Protein design

Protein design approaches

Approaches to protein design

Directed protein design

Probabilistic protein design

EDAs

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Protein problems
Protein folding in the HP model
Side chain placement
Protein design

Protein design approaches

Approaches to protein design

Directed protein design

Probabilistic protein design

EDAs

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Protein problems
Protein folding in the HP model
Side chain placement
Protein design

EDA approaches: Tree model

Sampling with probabilistic logic sampling (PLS)

Tree-EDA: The tree is learnt from the data

Tree-EDAr : The tree is learnt from the data using the
protein structure information
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EDA approaches: Tree model

Sampling combining loopy BP and PLS

EDA-Loopy-P
The tree is learnt from the data
The graphical model structure for loopy BP is determined
by the contact graph
Marginals are learnt from data

EDA-Loopy
The tree is learnt from the data using the protein structure
information
The graphical model structure used for loopy BP is the one
learnt from data
Marginals are learnt from the data
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Experimental results

Protein benchmark

Set of 60 protein instances

Chosen from a reduced and non-redundant set of 3899
protein shapes

Information about the side chain geometric centers is
available

Contact graphs are calculated using residues contact
distances below 9
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Figure: Improvement in the energies of the solutions found by
TreeEDA and TreeEDAr with respect to those found UMDA
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Problems in computational neuroscience

Optimization problems in neuroscience

Neuronal parameter optimization

Neuronal model selection

Structural optimization problems in brain networks

Spiking neural network evolution

Component placement optimization in the brain

Neuronal morphology generation
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Neuronal parameter optimization

The process of identifying sets of parameters that lead to a desired electrical
activity pattern in a neuron or neural network model that is not fully constrained
by experimental data (Printz:2007).
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Neuronal parameter optimization

Compartmental-based neuron models

Based on a circuit representation of a cell membrane
(Hodgkin and Huxley:1952).

Action potentials are the result of currents that pass
through ion channels.

In its simplest version, a compartmental model represents
a neuron by a single isopotential electrical compartment
and only ion movements between the inside and outside of
the cell.

The model is represented with a set of differential
equations.
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Compartmental-based neuron model

Figure: Compartment model

Can reproduce electrophysiological measurements to a high degree of accuracy.

Models of single neurons can be combined to form models of neuron networks.

The parameters in compartmental-based models should be determined from empirical fits to voltage-clamp
experimental data.

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Optimization problems in neuroscience
Neuronal parameter optimization with EDAs

Compartmental model

Experimental data obtained from lobster stomatogastric
neurons (Turrigiano et al:1995).

Eight currents: Na+ current, INa; 2 Ca2+ currents, ICaT and
ICaS ; a transient K + current, IA; a Ca2+-dependent K +

current, IKCa; a delayed rectifier K + current, IKd ; a
hyperpolarization-activated inward current, IH ; and a leak
current, Ileak .

Each of the model membrane currents is described by

Ii = ḡi(mi)
phi(V − Ei)A (1)

where Ei is the reversal potential, A = 0.628 × 10−3 cm2 is
the membrane area and ḡi is the maximal conductance.
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Index INa ICaT ICaS IA IKCa IKd IH Ileak
720973 100 7.5 4 40 5 125 0 0.01

1522117 500 5.0 6 40 10 125 0 0.01
833389 100 12.5 10 10 0 25 0.04 0.01
965338 300 5.0 8 0 25 0 0.05 0.04
436821 100 7.5 4 10 0 25 0.05 0.03

1071411 300 10.0 10 40 20 25 0.02 0.03
83317 0 2.5 8 40 5 100 0.02 0.01

882103 300 0 10 20 15 100 0.05 0.01
300566 100 0 4 30 25 75 0 0.02

1374808 400 12.5 4 40 20 125 0 0.04
Index Ts T3 T6 fqs fq3 fq6

720973 2 1 1 1.1632 54.6364 60.1949
1522117 2 1 1 1.1559 37.7609 42.2354
833389 2 0 0 215.0538 0 0
965338 2 1 1 4.5382 5.8246 7.8225
436821 2 0 0 68.2173 0 0

1071411 2 2 2 3.9518 23.1826 27.9265
83317 2 0 0 2.4422 0 0
88210 2 1 1 18.0810 37.0142 42.6758

300566 2 1 1 4.8984 26.9808 35.5637
1374808 2 2 2 8.0523 35.9712 47.1328

Table: Target neuron models selected from the database and a
number of properties and measures determined from their simulation.
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Neuronal parameter optimization

Approaches to function objective modeling

Feature-based functions.

Point-by-point comparison of voltage traces.

Multi-objective functions.

Fitness function

The single-objective fitness function f (x) is defined as:

f (x) = −((fqs(x) − fqs(x∗))2 (2)

+ (fq3(x) − fq3(x∗))2 (3)

+ (fq6(x) − fq6(x∗))2)
1
2 (4)

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Optimization problems in neuroscience
Neuronal parameter optimization with EDAs

Neuronal parameter optimization

Challenges

Rugged fitness landscapes with many local optima.

Many parameter combinations, for which specified
neuronal characteristics or neuron activity are the same as
in the original point.

Sometimes costly to evaluate fitness functions.
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Optimization approaches

Commonly applied optimization methods

Hand tuning.

Gradient descent.

Evolutionary algorithms.

Bifurcation analysis.

Hybrid methods.
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Figure: Distance of the solutions found by the different EDAs to the
best solutions for: a) First EDA setting. b) Second EDA setting.
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Some references on EDA applications to real world
problems

P. Larrañaga and J. A. Lozano,
Estimation of Distribution Algorithms. A New Tool for Evolutionary Computation
Kluwer Academic Publishers. 2002

J. A. Lozano and P. Larrañaga and I. Inza and E. Bengoetxea,
Towards a New Evolutionary Computation: Advances on Estimation of
Distribution Algorithms
Springer. 2006.

Armananzas et al,
A review of estimation of distribution algorithms in bioinformatics,
BioData Mining, Vol. 1, No. 6. 2008
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Fitness prediction using probabilistic models

Uses of fitness estimation

To create surrogated functions that diminish the number of
evaluations for costly functions (Lima et al:2006,Orriols et
al:2007,Sastry et al:2004,Shakya:2006)

To obtain models of black box optimization problems for
which an analytical expression of the fitness function is not
available

To unveil and extract problem information that is hidden in
the original formulation of the problem (Brownlee et
al:2008)

To design improved (local) optimization procedures based
on the model structure (Butz et al:2006,Pereira et
al:2000,Rivera and Santana:2000,Sastry et al:2006)
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Fitness prediction using probabilistic models

Criteria to compare models of fitness estimation

Correlation between the probabilities assigned by the
models to the solutions and their fitness values (Brownlee
et al:2008)

Sum of the probabilities assigned to the solutions
(Santana:2002).

Entropy of the model

Expected fitness value of the model, i.e.
∑

x p(x)f (x)

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Fitness partial evaluation
Hybrid EDAs
Generalizing EDA applications

Hybrid EDA

Characteristics of hybrid EDAs

They are the combination of EDAs and other algorithms,
usually local or global optimizers

They can outperform pure EDA implentations

Appropriate for problems with many local optima

The solution of problems with complex interactions can be
eased
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Hybrid EDA

EDAs have been hybridized with

Ant colony optimization algorithms (Tsutsui:2003)

Scatter search (Sagarna and Lozano:2006)

Variable neighborhood search (Santana et al:2007a)

Particle swarm optimization (Wang:2007)

Genetic algorithms (Robles et al:2005)

Other local and global optimization methods (Zhang et
al:2003, Zhang et al:2005a)

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Fitness partial evaluation
Hybrid EDAs
Generalizing EDA applications

Expanding the scope of EDA applications

Different uses of EDAs

Pure optimizer: Find an optimal or acceptable solution to a
problem

Simulation tool: Validate hypothesis about the problem
(e.g. characteristics of the search space)

Data mining: Extract and visualize previously unknown
problem information
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Expanding the scope of EDA hybridization

Pseudocode of the generalized EDA
1 Set t ⇐ 0. Generate M points randomly
2 do {

3 Select a set S of N ≤ M points according to a selection method
4 Learn an undirected-graph-based representation of the dependencies

in S
5 Using the graph, determine a class of graphical model or approximation

strategy to approximate the distribution of points in S
6 Determine an inference algorithm to be applied in the graphical model
7 Generate M new points from the model using the inference method
8 t ⇐ t + 1
9 } until Termination criteria are met
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Expanding the scope of EDA hybridization

Alternatives for probabilistic modeling
Graphs Graphical model Inference Approximation

exact graph univariate PLS exact
univariate MPC exact
junction tree PLS exact
junction tree MPC-BP exact
junction graph PLS approximated
junction graph MPC-BP approximated
clique-based Kikuchi approximation GS approximated
Bethe approximation MPC-loopy BP approximated
Kikuchi approximation MPC-generalized BP approximated

subgraph univariate PLS approximated
univariate MPC approximated
junction tree PLS approximated
junction tree MPC-BP approximated
junction graph PLS approximated
junction graph MPC-BP approximated
clique-based Kikuchi approximation GS approximated
Bethe approximation MPC-loopy BP approximated
Kikuchi approximation MPC-generalized BP approximated

triangulated graph junction tree PLS exact
junction tree MPC-BP exact

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Information extraction from EDAs
Highly complex, constrained, mixed and other difficult prob lems
Adding prior problem knowledge to the search

Data mining EDAs

Goals in mining EDAs

Expand the techniques available for analyzing probabilistic
models in EDAs

Implement tools for extracting, processing and mining data
generated by EDAs

Investigate the mapping between problem structure and
dependencies in multi-objective problems
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Data generated by EDAs

Different types of data

Data associated to the solutions already evaluated (e.g.
number and distribution of the points generated)

Data related to the evaluation of the (possible multiple)
objective functions (e.g. quality of the solutions, shape of
the Pareto front approximations, etc.)

Probabilistic models (e.g. structure and parameters of the
probabilistic models)
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Mining EDAs

General steps in mining EDAs

Extract the information from data generated by EDA

Processing the information

Visualizing the information

Information extraction

Replacing arcs by edges

In continuous problems: thresholding the correlation
values according to some parameter

Extracting modules from mutual information measuments
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Mining EDAs

General steps in mining EDAs

Extract the information from data generated by EDA

Processing the information

Visualizing the information

Information extraction

Replacing arcs by edges

In continuous problems: thresholding the correlation
values according to some parameter

Extracting modules from mutual information measuments
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Mining EDAs

Mining the structures: relevant structural features

Density of the graph

Distribution of the vertex degree

Size of the maximum clique and number of maximal
cliques

Number and average size of connected components

Path length and clustering coefficient

Sets of interacting components

Graph motifs

Modularity measures
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Mining EDAs

Other issues

Time at which structures are analyzed (a priori, online, a
posteriori)

Complexity of the algorithms employed for the analysis

Visualization techniques
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Formation of higher order components in the models
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Figure: Dendrogram visualization of the correlation between selected
edges.
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Identification and visualization of exemplars

(27<−>5.45) (25<−>22.00) (24<−>34.76) (24<−>35.67)
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Figure: Dendrogram and glyph visualization for selected edges.
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Challenging problems

Highly complex problems

Many and intricate interactions between their variables

It is very difficult to find feasible factorization

Simple probabilistic models are not able to capture their
complex patterns of interactions

More complex models have an excessive, unaffordable
computational cost
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Challenging problems

Mixed problems

Use a mixed representation (e.g. continuous, discrete and
boolean variables)

The class of probabilistic models available for mixed
variables, and the algorithms for learning and sampling
them, is more restricted
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Challenging problems

Constrained problems

The problem solutions have to satisfy certain constraints

Probabilistic models may face serious complications to
represent complex constraints

Sampling algorithms for models representing constraints
can be very costly

Roberto Santana EDA applications, extensions and improvements



EDA applications
EDA applications to computational protein problems

EDA applications to computational neuroscience problems
Improvements and extensions of EDAs

Current research on EDAs

Information extraction from EDAs
Highly complex, constrained, mixed and other difficult prob lems
Adding prior problem knowledge to the search

Challenging problems

Extremely costly and extremely large problems

The evaluations of the solutions is so costly that only a
limited number of evaluations can be allowed

Problems with thousands or even millions of variables

Even the simplest probabilistic models may require huge
storage resources for these models
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Adding prior information to the search

Prior information

It can be available in a variety of forms. Usually, some
structure about the interactions between the variables, or
between the components of the problems is provided

It is particularly important for augmenting the efficacy and
efficiency of the learning and sampling algorithms used by
EDAs
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Adding prior information to the search

Approaches to add prior information

Using the known structural information to define a
factorization of the probabilistic model (Muhlenbein et
al:1999, Ochoa et al:1999).

Impose soft restrictions by biasing the scoring metric to
prefer models that closely correspond to the problem
structure (Hauschild et al:2008)

Impose hard restrictions by strictly disallowing some
dependencies (Baluja:2006, Muehlenbein and
Mahnig:2002, Santana et al:2007)
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Adding prior information to the search

Tree-EDAr : An EDA with structural priors

Tree-EDAr constrains the calculation of the mutual
information to only a subset of pairs of variables

Only pairs of variables that have some potential type of
structural relationship are considered

The assumption is that any other pairwise relationship
between variables is not relevant for the search of the
optimal solutions

This approach helps to reduce the number of spurious
correlations that arise between variables during the search
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Benefits of adding prior information to the search
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Figure: Reduction in the number of tagging SNPs of the minimal
multi-marker tagging set with respect to the single-marker minimal
tagging set. Left) Best solution obtained by Tree-EDAr . Right) Best
solution obtained by Tree-EDA.
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