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ABSTRACT

Identification of relations in genes for a particular biological condition is a relevant problem in the area
of bioinformatics. These relations can be represented as a network of genes. This paper presents a novel
hybrid-optimization algorithm, called Clono-Hybrid algorithm, for the reconstruction of gene regulatory
network. The proposed approach combines the effect of a global method called clonal selection based
algorithm and a local search algorithm called BFGS quasi newton method. The famous S-system model
parameters are optimized using the Clono-hybrid algorithm and constructing the gene regulatory
network from microarray data set. The proposed approach tested on the five-dimensional artificial
microarray data set and a real world SOS DNA repair system. The tested results are compared with the
existing approaches. The proposed approach found to be superior in computational efficiency and
accuracy.

Keyword Clonal selection based search, Optimization technique, Gene regulatory network, DNA
microarray, S-systemmodel.

INTRODUCTION
In this modern era, mining relevant informationnfrdghe given data is well applicable in different
problem domains. In bioinformatics identificatioh warious patterns in biological data leads to dyett
assessments about life. Identification of pattémngenes during a biological process is a well-know
problem in the area of bioinformatics. Gene pagteran be modeled as a network of genes called gene
regulatory network (GRN). Gene network is useddentify a particular gene or a set of genes that
performs major role in the biological process. Gaptwork also helps to identify how these genes are
related in a particular biological condition.
Prediction of gene regulatory network using DNA roa@ray is a network mapping between genes. The
accuracy of the gene regulatory network dependsvamious aspects such as noise in the data,
mathematical models and the optimization processagloyed. DNA microarray is a technology that
provides expression of genes in a regular intesfzdme for a biological process.
Mathematical modeling is a fundamental step in theonstruction of gene regulatory network.
Optimization of the parameters of mathematical rhadguires special attention for the efficient
prediction of gene regulatory network.
Identifying the parameters of the model is a comfomally complex process. There are infinitely man
solutions for the problem. From these differentuiohs, one has to identify the optimal solution.
Optimization algorithms are powerful tool for saigisuch problems. This paper propos€&amo-hybrid
optimization algorithm, which is an improvement otiee clonal based algorithm proposed by Castro and
Zubert. The performance of the proposed algorithm is atsmpared with other standard algorithms to
demonstrate its applicability for the gene regulatetwork reconstruction problem.
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The rest of the paper is structured as followsSéation 2, a brief literature review is given. $mtt3
provides the detailed description of the propoggat@ach. Section 4 deals with the experimentation
and results, and finally, the work is conclude&attion 5.

Literature Survey
There are several approaches such as Bdofehn Bayesia artificial neural method
and association networks®®for the reconstruction of the gene regulatory wekw These approaches
work on either continuous or discrete asp8ctin gene regulatory network system, both contirsuand
discrete aspects are present. Approaches thatnigeme aspect may lead to low accuracy.  Hybrid
approaches that combine the mathematical modefidgegolutionary algorithms are commonly used for
achieving better accuracy. The most well acceptathematical model for the gene network model is the
S-system model proposed by Savagkau
There are several hybrid approaches based on ®Br@wy algorithms such as genetic
algorithnf?2324252627 ganetic programmiig?’, particle swarm algorithmi$® artificial bee colony
algorithm$?*and Cuckoo search algorithth&
Genetic algorithm is an evolutionary algorithm lthea mutation and cross over. There are wide wariet
of combinations such as genetic algorithm and Kalnfidtering??, genetic algorithm and fuzzy
clustering®, distributed genetic algoritHify Genetic algorithm using divide and conquer metfibHA)?
and Genetic algorithm with domain knowle&y®©ne of the well-known hybrid algorithms that caneb
genetic algorithm and evolutionary strategy is themetic algorithif . Memetic programing is an
improvement over the genetic algorithm. One offdmous proposals based on genetic programming was
that by Antoet al.® which is a hybrid algorithm that makes use of ge@etic programming and least
mean square approach for solving S-system modebth&n important proposal wasthat use a
combination of genetic programming and Kalman fittg. Particle Swarm Optimization (PSO)
algorithms, based on the randomness propertiesadicle in nature, are another important class of
algorithms. Important works based on PSO algorithnesthose by Ruét al.*® and Shailendfa Rui et
al.*® proposed a new method that uses PSO for traingmyifRent Neural Network (RNN) to model gene
network. The work it proposed an algorithm, which is a combination 80Pand GA. This method is
computationally very complex. Another class of aifons, called the Bee colony algorithms, is insgir
from the searching nature of food by bees. Basedhim Forghanyet al.* employed an improved
artificial bee colony algorithm (ABC) for the reciruction of gene network. Another approach is tyat
Yeh et.al® in which ABC is used for the training and learnimgrposes for the neural network model.
In® cuckoo search is employed for the gene regulatetyork reconstruction. Cuckoo search is a global
evolutionary algorithm, which is inspired from tipeocess of survival of cuckoo birds for the next
generation. Later, based on the pap&} mmodified cuckoo search technidflie proposed for achieving
further improvements in performance.
The present work introduces a new algorithm calfgldno-Hybrid Algorithm (CHA) for the
reconstruction of gene networ&lono-Hybrid algorithm is an improvement of Clonal selectiorsduh
algorithm proposed by Castro and ZuberThis approach is an improvement over the Wotkand
makes use of a global-local optimization method.

7,8,9,10,11,12,13 15,16
A ; S

PROPOSED METHODS
Network model
Gene network system is a nonlinear system thatistsnsf genes and its relationships. Such nonlinear
system can be modeled using differential equatiodeting. This type of modeling provides the rate of
change of gene expression of a particular genaragion of other genes. Mathematically, the moael ¢

be defined as,%=f(x1,x2,...,xn) , wherex; is the concentration of thé"gene expressed. Most

popular differential equation model is the S-systaodel, which is a well-accepted nonlinear diffdian
equation modeling proposed by Savagéain the S-system, the rate of change of concémtraf gene
x; is defined as in equation 1.
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Where G; and H,; are excitatory and inhibitory components, respetyi ai>0, and >0 are rate
constants.

S-system is a power law formalism, which is ingpifeom the chemical reaction processes. Gene
regulation interaction is a bio chemical process thkes place in a living organism. This modeadie
demonstrates the chemical reaction that happemgbrtgenes. The number of parameters used in the S-
system is 2N+2R where N is the number of genes in the reaction.

Clono—Hybrid Algorithm
Clono-Hybrid algorithm is a hybrid algorithm which combines teffect of Clonal selection based
algorithm and BFGS Quasi-Newton method. This isohaj-local optimization algorithm. The S-system
model parameters are optimized using @teno-Hybrid algorithm given in Algorithm 1. Flow/ block
diagram representation of the approach is gigrigure 1.
Clonal selection algorithm is an optimization algon inspired from the immune system of living
organisms. Whenever an antigen gets into a liviggumism, immune system will identify the foreigner
and starts developing a neutralizing antibody. @htbody will combine with the antigen and the effe
of antigen is nullified. This process of generatagibody is an optimization process in a biolobica
body. Each time when an antigen comes to bodyrtimsuine system will learn and train itself trying to
produce optimal antibody. Castro and Zuben propas€donal selection based algorithm based on this
concept.
In the proposed algorithm, a set of randomly geeedrindividuals are chosen as initial populatiohisT
population is evaluated using fitness functiontia next step, groups of selected individuals ftbm
current population undergo cloning proceGtoning is a process of generating multiple copies of an
individual. In the next step, each cloned individuadergoes BFGS Quasi-Newton weight updating
process fori times. BFGS Quasi-newton methddis a local search algorithm proposed by Broyden,
Fletcher, Goldfarb and Shanno (BFGS) and is giveralgorithm 2. After multiple times of weight
updating process, the matured individuals flow ¢éne pool. Similarly, E' number of top fithess valued
individuals flow to gene pool. For increasing tlamdomness property of the algorithrR, humber of
randomly generated individuals also merges with deee pool. Finally, from the gene podPs
numbers of best individuals are selected for the generation. These global iterations continudl thn
algorithm converges to provide the best fithesaezal

Algorithm 1 : Clono-Hybrid Algorithm

Randomly initialize parameters and population istfgeneration.
for each generatiodo
for each individuato
Generate gene network structure using S-system.
Evaluate fitness value.
end for
Create a new population of siPg,, where topE humber of individual exists.
Clone selected individuals from the population.
Maturate cloned individuals using BFGS Quasi-Newtaight updating method for n times.
Randomly generate R number of individuals.
Generate new gene pool that combines maturatedidiogils, randomly generated individuals and theuteton
individuals
end for
Find optimal gene network
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Algorithm 2 : BFGS Quasi-Newton weight updating Algrithm

Initialize initial solutionx, as the cloned individual.

for each iteratiorkdo
Direction,dy = -Gygk /* Ggisan approximate hessian matrix and gxis gradient vector*/
Updated solutiorng. =X+ aidk I* aiisthe step size*/
Find Gy.1using the BFGS Quasi-Newton formula given as eqnéi

end for

return local optimal gene network

BFGS Quasi-Newton formula

Gie1= Gt (1kr'/ 1’ &) - (G & &' G/ &G &) (2
WhereGy is an approximate hessian matrix,

M = Gy + 16 3)

&= By .1 (4)

Ber = (Hi)™(5)
Fitness function: For the proposed approach, we heed Fitness function introduced by Tomineiga
al.**for the evaluation. This fitness evaluation funetie based oalculated (x;) andMicroarray(x;,).
Calculated (x) are the values obtained as a result of parametienag®n, andMicroarray(x;;) are the
experimental data obtained from microarray.

f= XX, ¥ i((Calculated(x;;) — Microarray(x;,))/Microarray(x;,))* (6)

WhereN is number of genes afidis time-periods.

Fig.1: Flow/ Block diagram of the proposed approach

Initial population

Fitness evaluation

Gene poal
generation

Random generation Create new population

BFGS Quasi-Newton
weight updating

Experiments and result

The expression data used for the evaluation of geeg model are artificial gene expression data
generated with the parameters proposed by the Etérehal.*> and SOSDNA repair system Bfcoli. .
Artificial gene expression data contains five gelesl is well-accepted data set for the evaluation
purpose. The proposed method and already existethads” ** * **are implemented for the artificial
data set, and the proposal is found to be supkeriexisting methods.
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Figure 2 gives the performance comparison of thifickal data set. The graphical representation of
performances in Figure 2 clearly demonstrates ttatproposed method converges faster with better
accuracy than the other methods. Teno-hybrid based approach using S-system converged after 1.4
*10° fitness evaluations.

Fig. 2: Performance of Convergence
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Comparison of average errors (MSE) obtained for memtic algorithm, Cuckoo search using S-system,
Modified Cuckoo search using S-system , Clonal bageapproach using S-system model, an@lono-Hybrid
approach using S-system

SOSDNA repair system of E.coli is a real life ds¢h obtained from the experimentation by Uri Alab |

of Weizmann Institute of science from websit®://wws.weizmann.ac.il/mcb/UriAlon/download/dolwadable-data
This data contains eight genes out of which sixegeare important for the SOS DNA repair system. The
graphical representation of the SOS DNA repairesysis shown in figure 3(a). According to this syste
LexA acts as a suppressor for other genes. Duegprassion of other genes, the system will be in a
stable condition. Due to any biological circumsegovhen DNA damage happens, the concentration of
LexA will be reduced. This will activate other genand will start the repairing. After repairing,xe

will be retained, all other genes will be supprdssed the system will again be in stable statgurei
3(b) shows the gene network of SOS DNA repair systibtained by the proposed method. The
comparison of the proposed method and other alreadgting methods are provided as Table 1.
According to this, there are mainly nine relatiddentified by the biologists out of which seven are
successfully identified by the proposed method. @arad to other methods reviewed, the proposed
method is powerful and can predict relations memueately.

Fig 3: (a) SOS DNA repair system of E.coli. (b) SOBNA repair system of E.coli. IdentifiedClono-hybrid based approach
using S-system model (Dotted line indicates the iffition and solid line indicates the activation)
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Tablel: Comparison of number of relations identifial by the proposed approaches with other approaches
the literature for SOS DNA repair system of E.coli

Cuckoo Clonal- Modified
[41] [42] [12] [43] [44] [45] [30] [46] Cuckoo-
-Ssys Ssys
Ssys
[UISXARIREEAN no yes yes yes yes yes yes yes yes  yes yes yes
PDISXANJESXANY yes yes yes yes yes yes no  yes yes  yes yes yes
_ no N0 no nNno no no no  yes no no yes no
_ nOo No no yes yes yes yes  no no  yes yes no
PUESXARJUVIATY yes yes yes no yes no yes yes yes  yes yes yes
_ yes yes no yes no Yyes yes  no yes  yes no yes
PUESXASPBIEM no no no yes no yes yes yes yes  yes no yes
_ no Nno yes no yes no no  yes no no yes yes
PREGASIREEAN no no no no no no no  no yes  no yes yes
- e e e ]
- 33 44 44 56 56 56 56 67 67 67 67 78
- 69 64 72 61 69 81 47 52 15 48 61 55

CONCLUSION
Biological systems behave different in differennhditions. In order to model such systems we need a
dynamical modeling. A nonlinear differential eqoatimodeling for the dynamic biological systems is a
common approach. This paper proposed an evolutiomgobal-local hybrid algorithm for the
optimization of gene regulatory network modelingn Aalgorithm called clonal selection based
optimization algorithm is combined with the BFGSaRiinewton search method and develop&tioao-
hybrid algorithm. The power law formalism modeling, cdl®-system, is used for the modeling of gene
regulatory network reconstruction. The randomnespgrty and local weight updating property are the
key factors for the diversity in results. The prepo approach predicted gene network for artifidath
set and SOS DNA repair system successfully. Therargence speed and accuracy compared with the
existing approaches are found to be superior. Thek woncludes that a combination of nonlinear
differential modeling and hybrid optimization methcan provide better reconstruction of gene network
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