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ABSTRACT

The culture conditions viz. additional carbon and nitrogen content, inoculum size, age, temperature and pH of
Lactobacillus acidophilugsere optimized using response surface methodology (RSM) and artificial neural network
(ANN). Kinetic growth models were fitted to cultivations from a Box-Behnken Design (BBD) design experiments for
different variables. This concept of combining the optimization and modeling presented different optimal conditions
for L. acidophilusgrowth from their original optimization study. Through these statistical tools, the product yield
(cell mass) of L. acidophiluswas increased. Regression coefficients (R?) of both the statistical tools predicted that
ANN was better than RSM and the regression equation was solved with the help of genetic algorithms (GA). The
normalized percentage mean squared error obtained from the ANN and RSM models were 0.06 and 0.2%,
respectively. The results demonstrated a higher prediction accuracy of ANN compared to RSM.

Key words: Response surface methodology (RSM), Artificialnaénetwork (ANN), Genetic algorithms (GA),
Box-behnken besign (BBD)

INTRODUCTION immune system stimulation have been claimed for
probiotic foods, which fall in the category of
Lactobacillus is the most prominent members offunctional foods (Shah 2007Lonsequently, the
plethora class of bacterial species with probiotiglobal functional food market is thriving with
properties. The popularity of these group bacterigecent estimates indicating up to a $50 billion
is based on the millennia of use in food and fee@nnual share. The world probiotic market is
that are used in probiotic dairy drinks and yoghurtestimated at $15 billions, which included 10% of
since hundred years (Sanders 1999). Moghe lactic bacteria drink market. Today, this marke
bacterial species of this class are formallys growing at a pace of 5 to 30% depending on the
classified as GRAS (generally recognized as safepuntry and product typélthough the worldwide
organisms. Currently, consumers are very mucharket for probiotics is growing rapidly, yet, in
concerned about the nutritional and functionalndia, it has just started to gestate for makirsy it
attributes of food worldwideA number of health first move with leading companies such as Amul,
benefits such as anti-mutagenic effects, antiNestle and Mother Dairy (Bhadoria and Mahapatra
carcinogenic properties, improvement in lactos@011). Probiotics have a strong stimulatory effect
metabolism, reduction in serum cholesterol andior both the normal development of microbiota
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and maturation of gut associated lymphoid tissuaetworks (NN), the relationship between a set of
(Schezenmeir and De Vrese 2001). Probiotindependent variablesX and the dependent
bacteria such dsactobacillus andBifidobacterium  variablesY can be obtained. From the given pairs
sp can play an important role in promoting humarf input X and outputY data, neural network
health in the gastrointestinal tract (Mitsuokadirectly learns and develops a relationship between
1990). They actively contribute in the digestionthem but does not yield any mathematical equation
immune stimulation and inhibition of pathogensrelating the variables. After the learning, this
such asBacteroides, Escherichia, Clostriduim and  network is able to predict the correct output from
Proteus, which are potentially harmful bacteria an input data set that has not been previously used
found in the gastrointestinal tract (Ziemer andluring the learning. GA is a tool by which the
Gibson 1998). optimization problems can be accurately solved
The primary mechanism for probiotic action iswith in a limited use of computer time (Das 2005).
known as competitive colonization, or competitiveOptimization of various bacterial strains in
suppression. It is best described as th&rlenmeyer flasks using different optimization
proliferation of probiotic bacteria in the humantools have been reported by several other authors
intestine, leaving little space for the growth ofya (Nagarjun et al. 2005; Kumari et al. 2009; Negi
pathogens. Further, they secrete by-products sueimd Banergee 2009; Lima et al. 2009; Usmiati and
as lactic acid and acetic acid, which lower the pHMarwati 2009; Coelho et al. 2011).

thereby creating a hostile environment for thelhis study developed the empirical model to
growth of pathogenic microorganism. The secretethcrease the cell growth of. acidophilus by
acids also increase the peristalsis, which alsp hebptimizing  growth  parameters such as
to speed pathogens though the intestineemperature, pH, inoculum volume, incubation
(Ballongue 1992 and Biavati et al. 2000). period and additional effect of different carboran
To develop the growth model of probiotic bacterianitrogen sources using the RSM, ANN and GA.
through the traditional method, i.e., one variable

at-a-time (OVAT) is time consuming and neglects

interactions of different variables which can also(MATERIAL AND METHODS

affect the vyield. Process optimization through

statistical method is a technique in which changeshemicals

or adjustments are made in a process to get bettd the solvents and reagents used in the present
results (Myers and Montgomery 2002). There ar&tudy were procured from Merck, Germany.
several techniques for process optimization such

as Response Surface Methodology (RSM)Organism and growth condition

Artificial Neural Networks (ANN), Genetic Pure culture ofL. acidophilus NCDC 14 was
Algorithms (GA), etc. In these engineeringobtained in freeze dried state from National
applications, a response of interest is usuallfollection of Dairy Cultures (NCDC), National
influenced by several variables and the objectiv®airy Research institute, Karnal, Haryana, India.
of the engineering applications is to find theThe culture was maintained at 4°C and sub-
variables that can optimize the response. RSM is@ltured on the slants of MR®¢ Man Rogosa

tool to study the optimal process parameters thand Sharpe) growth medium two times in a
produce a maximum, or minimum value of themonth. The method used for the microbial culture
response and represents the direct and interactiggtivation and pellet extraction was same as
effects of the process parameters through two arig@ported by Sharma et al. (2013).The growth. .of
three-dimensional plots (Gangadharan et al. 2008jcidophilus was carried out in 250 mL Erlenmeyer
ANN is computational models of nervous systemsflasks each containing 50 mL MRS agar medium
Natural organisms, however, do not possess on(}DH 7.0) and maintained at 37°C. The cell biomass
nervous systems but also genetic informatiotvas determined by measuring the optical density
stored in the nucleus of their cells (genotype) Th(OD) of the medium at 600 nm. Before measuring
nervous system is part of the phenotype, which ithe OD, the liquid containing cells were
derived from this genotype through a processﬂ’)entrifuged and washed with sterile distilled water
called development (Rajasekaran andor two times to remove the adhering medium
Vijaylakshmi 2004). Using the method of neuralconstituents.
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Experimental Design L. acidophilus. In this process, ANN computed the
Selection of initial parameters error between the desired (predicted) response and
For the selection of initial parameters, ‘onethe actual (experimental) response. The number of
variable at a time method’ was used. The differenteurons in input layer, hidden layer and output
variables viz. temperature, pH, volume of layer of this neural network were kept as 6, 11 and
inoculum, age of inoculum and additional carbori, respectively (Fig. 1). This ANN was first trache
and nitrogen sources were selected for the growthith reported data oB. bifidum (Meena et al.

of L. acidophilus. 2011). After training, it was able to predict the
cell mass vyield ofL. acidophilus accurately
Empirical model development through error minimization that was compared

In order to find the effect of different growth with the predicted value of cell mass yield
parameters on the predicted value of bacteriabtained from RSM.
growth Y, was obtained by conducting the

experiments on different combination of Synapticjoint

Hidden layer
independent variables (growth parameters), Whic . . .. seuon \ With bias T
was obtained from a standard experimental desig (ndependent variable) |, ___aCH,J el

During the experiments, the response, or values
dependent variables obtained from each of th
combinations of independent variables was
measured. A mathematical relationship betwee
the independent and dependent variables wi
developed. Using this model, the predicted valu
of response were find out within the domain ol
limiting values of independent variables.

For the different growth parameters it was desire
to develop a polynomial model between the
Lactobacillus growth and growth parameters toFigure 1 - Basic structure of a feed forward back

Output layer neuron
{Dependent variable)

@ \
%

X

develop the following relationship between the propagation neural network (Meena et al.
coded values;, X,, X3, X4, Xs andxg of independent 2011).

variables and dependent variab¥g as shown

below.

Yp= b+ bixa+ boxo+ baxag+ baxet Dsxs+ boxe+ byx >+ by GENElIC Algori thm_s . .

X2 DXa2+ DX+ Dy X+ DpoXe+ DiaxoXot buxoxe+b [N order to maximize the cell mass yield bof

15X XaF DigXo Xt DyrXoXe+ DigXoXat DigXoXs+ Dog¥oxs+ b, acidophilus, GA was applied to the developed
XoXe+ DopXaX+ DosXaXs+ DosXaXe+ DosXaXs+ DogXaxs+ b,y  ANN based model (Fig. 2) by monitoring above

XXs (EqQ. 1) mentiqn_ed_ six_ growth parameters. If[ was p_osed as
Where b, by by......... etc. are the regression the minimization of problem associated with the
constants. optimization studies. Genetic optimization was

continued till the maximum cell mass vyield
Experimental Modeling obtained.

Box-Behnken Design

Optimization process involving OVAT method Software used _

was only used for the selection of initial FOr the proper execution of ANN and GA,
parameters while RSM was adopted to optimizATLAB 7.0 and MINITAB 6.5 was used to
the growth conditions fok. acidophilus by Box- develop the empirical model.

Behnken desigrMINITAB (version 6.5) software

was used for the experimental design. RESUL TS AND DI SCUSSION

Optimization : N
L : Selection of initial parameters
Artificial neural network modeling Different growth variables fol. acidophilus were

In this pr_esent investigation, a feed forward baCl§elected by OVAT method and results showed in
propagation neural network was used to evalual"r_s

its capability in cell mass yield prediction of lgure 3 (A - F). All these parameters, their
P y y P variation and optimum values are given in Table 1.
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| Gen=Gen+1 I

Calculate fitness
of each variable

Termination

satisfaction

Figure 2 - Flow chart of simple genetic algorithms (Meenalef011).
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Table1 - Values of different parameters for single paramepgimization.

Different growth parameters Variation of parameters Maximum growth on parameter
Temperature, (°C) 30, 35, 37, 40, 45 35

pH 1.0, 2.0,3.0,4.0,5.0,6.0,7.0,8.0 6.0

Inoculum Volume, (mL) 0.5,1.0,15,2.0,25,3.0 15

Inoculum age, (h) 12, 18, 24, 30, 36 24

Carbon sources, (% w/v) Glucose, Fructose, Sudrastse, Xylose Fructose

Nitrogen sources, (%w/ Sodium nitrate, Urea, Leucine, Glycir Uree

Potassium nitrate, Ammonium sulphate,
Ammonium chloride, Ammonium nitrg

Empirical model development ,
dependent variables.

From the initial parameter selection, the maximund.ble2 - Limiting value of in

. o Maximum Minimum
and minimum values of six independent Parameters

v : ’ value value
parameters fok. acidophilus were fixed as shown Temperature,’C) 45 30
in Table 2. It was one of the objectives to developpH 8 1.0
the model between coded values, X;, X3, X4, Xs Inoculum volume, (ml) 3 0.5
and xs of independent variables and dependentinoculum age, (h) 36 12
variableY, For this, experiments were conducted Carbon content, (%w/v) 42.06 30
according to Box-Behnken design. All these Nitrogen content, (% wiv)  46.67 14
combinations are given in Table 3 with their
corresponding experimental valu¥, for the
growth ofL. acidophilus.
Table 3 - Experimental design fdractobacillus acidophilus with experimental valu¥.,.

Carbon Nitrogen :

Std. Run Pt Temp. pH  Inoculum Inoculum Experimental
order order type BIOK T () ) volume (mi) (xs) age () (xa) s oy Value (Vo)
36 1 2 1 37.t 6 3 36 40.5 4€ 2.06:
5 2 2 1 37.t 4 3 24 39 3C 0.16¢
52 3 0 1 30 6 3 24 40.5 46 0.64-
39 4 2 1 37.t 6 1.7¢ 24 40.5 3C 0.34¢
1 5 2 1 30 6 1.7t 36 42 3C 0.94¢
31 6 2 1 30 6 . 24 40.5 14 0.4<
54 7 0 1 37.t 8 3 24 39 3C 0.77¢
8 8 2 1 30 4 1.7t 36 40.5 3C 0.58¢
27 9 2 1 45 6 0.t 24 40.5 4€ 0.01¢«
13 10 2 1 37.5 8 1.7¢ 24 39 4€ 0.901
47 11 2 1 37.t 8 1.7t 24 42 14 0.75:%
41 12 2 1 37.5 8 1.7¢ 24 39 14 0.712
25 13 2 1 37.5 6 1.7t 24 40.5 3C 0.38:
35 14 2 1 37.t 6 3 36 40.5 14 1.11¢
45 15 2 1 45 8 1.7t 36 40.5 3C 0.22:
30 16 2 1 30 8 1.7¢ 12 40.5 3C 1.337
3 17 2 1 37.t 6 1.7t 24 40.5 3C 0.41:
48 18 2 1 30 6 3 24 40.5 14 0.54:
49 19 0 1 30 8 1.7¢ 36 40.5 3C 0.951
9 20 2 1 37.5 6 1.7t 24 40.5 3C 0.33i
6 21 2 1 37.5 4 3 24 42 3C 0.16¢
46 22 2 1 37.5 8 0.t 24 42 3C 0.827
20 23 2 1 37.5 4 0.t 24 3¢ 3C 0.09¢
15 24 2 1 37.t 6 0.t 12 40.5 4€ 2.301
4 25 2 1 45 8 1.7¢ 12 40.5 3C 0.407
16 26 2 1 37.t 4 1.7t 24 39 14 0.1¢
7 27 2 1 30 6 1.7¢ 12 42 3C 1.28¢
22 28 2 1 30 6 0.t 24 40.5 46 0.73:
24 29 2 1 37.t 4 1.7¢ 24 39 4€ 0.08¢
50 30 0 1 45 6 1.7t 12 42 3C 0.171
37 31 2 1 30 4 1.7t 12 40.5 3C 0.04¢
43 32 2 1 37.t 8 3 24 42 3C 0.28¢
2 33 2 1 45 6 1.7t 36 42 3C 0.52¢
34 34 2 1 37.t 4 1.7¢ 24 42 14 0.06¢
38 35 2 1 45 6 3 24 40.5 14 0.197

(Cont....)
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(Cont. Table ¢ = N

Std. Run Pt Temp. pH  Inoculum Inoculum ~ <&roon Itrogen gy herimental

order order type Block °C (xy) &z)volume(ml) (x3) age (h) (xq) % W%er&s) %cc\;\r/}'i/er(])ge) value (Ye)
11 36 2 1 37 6 3 12 40.t 14 0.00¢
42 37 2 1 30 6 1.7t 12 3¢ 3C 0.32¢
44 38 2 1 378 4 0.E 24 42 3C 0.04¢
26 39 2 1 45 4 1.7t 36 40.5 3C 0.24¢
53 40 0 1 37t 6 1.7t 24 40.5 3C 0.08¢
12 41 2 1 378 6 0.5 36 40.5 4€ 0.217
51 42 0 1 45 6 1.7 12 3¢ 3C 0.18:
28 43 2 1 378 6 3 12 40.5 4€ 0.31¢
23 44 2 1 378 6 1.7 24 40.t 3C 0.13¢
19 45 2 1 378 8 0.t 24 3¢ 3C 0.16¢
10 46 2 1 37t 8 1.7 24 42 4€ 0.1:
21 47 2 1 30 6 1.7t 36 3¢ 3C 0.6617
29 48 2 1 45 6 3 24 40.5 4€ 0.2
17 49 2 1 378 6 0.5 36 40.5 14 0.231
18 5C 2 1 45 6 0.t 24 40.5 14 0.17¢
14 51 2 1 378 6 0.E 12 40.t 14 0.10¢
33 52 2 1 45 6 1.7t 36 3¢ 3C 0.551
40 53 2 1 45 4 1.7t 12 40.5 3C 0.057
32 54 2 1 378 4 1.7¢% 24 42 4€ 0.11¢

RSM is mainly used for optimization of growth output layer was composed of one response
conditions, reaction parameter, or scaling upLthe variable, the growth of.. acidophilus. A set of
acidophilus growth conditions (Sen and Babufactors was used for training and fed into the
2005). Experimental data were fitted to the fullcomputer. Several iterations were conducted with
guadratic equation and the design matrix and theifferent numbers of neurons of hidden layer in
fitness of each term was analyzed by the means ofder to determine the optimal ANN structure. The
ANOVA (Kumari et al. 2008). Figure 4 shows theoptimum number of neurons in the hidden layer
corresponding model coefficientsRé( 0.796) was iteratively determined by changing the
together with the regression coefficient ofnumber of neurons. It started with two neurons and
determination, which was a measure of how welvas increased up to six. The least MSE value and
the regression model could be made to fit the raa good prediction of the outputs of both training
data. and validation sets were obtained with four
neurons in the hidden layer (Dutta et al. 2004).
. The R value between _the actual and e_stimated
2 R2=0.7961 responses was determined as 0.927 (Fig. 5). In
. ANN modeling, the replicates at center point did
not improve the prediction capability of the
network because of the similar inputs.

25

25

Predicted value, (Y,)

v=009145x

R:=10.9271
. ¢

5]

o 0.5 1 1.5

[¥]
]
n

[

n

Experimental value, (Y,)

Figure 4 - Determination of regression equation
coefficient R  for  Lactobacillus
acidophilus EMD method.

-

Predicted value, (Y,)
Qo
n

. 0.5 1 15 2 25
A self-organizing feature map network was used t

predict the growth condition parameters. Differen
factors, viz. temperature, pH, inoculums volume,
inoculums age and additional carbon and nitrogen
sources were used as each unit of input layer. The

Experimental value, (Y,)

'Figure 5 - Determination of regression equation
coefficient R for Lactobacillus
acidophilus ANN method.
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Using MATLAB 7.0, the constants of regression0.1625 X,xs - 0.0487 X,xg + 0.603 X3X4- 0.1381 XsXs
equation and predicted value of dependent variabh®.0592x3xs - 0.0873X,%5 - 0.1972X;%s - 0.083X%5Xs
(OD) werefind out. The obtained model fdr. (Eq. 2)

acidophiluswas as given below. The predicted value of independent variable and
Y, = 0.2838 - 0.2319 x; + 0.2335 x, + 0.0468x;+  corresponding experimental value forl.
0.738x, + 0.0215xs + 0.133xg - 0.082x,° - acidophilus is shown in the Table 4. Genetic

0.0627x,° + 0.0575xs> + 0.3429x,° + 0.0327xs+  algorithms were applied on the data obtained from
0.0375x¢” - 0.1088x;%, - 0.1655x;%3 + 0.0244x,x,+  neural network using MATLAB7.0.
0.0359%:X5 - 0.1597%1Xs - 0.0689x%,%3 - 0.0154%,X, -

Table 4 - Experimental and predicted values kactobacillus acidophilus using RSM and ANN.
Experimental Predicted values Predicted values Experimental Predicted values Predicted

values Y, Y, (RSM) Y, (ANN) values Ye Y, (RSM) values Y, (ANN)

2.06: 1.3¢ 1.77 0.73: 0.8¢ 0.8¢
0.16¢ 0.2: 0.15 0.08¢ 0.3t 0.0%
0.64: 0.77 0.63¢ 0.171 0.1¢ 0.1¢
0.34¢ 0.2¢ 0.3t 0.04¢ 0.11 0.0F
0.94¢ 0.9t 0.91 0.28¢ 0.4 0.48¢
0.4¢ 0.3: 0.4€ 0.52¢ 0.2¢ 0.4¢
0.77¢ 0.72 0.7€ 0.06¢ 0.0¢ 0.0¢
0.58¢ 0.52 0.5€ 0.197 0.2 0.18¢
0.01¢ 0.1¢ 0.0¢ 0.00: 0.11 0.00:
0.901 0.717 0.8¢ 0.32¢ 0.5 0.41
0.75: 0.5¢ 0.6¢ 0.04¢ 0.21 0.011
0.71: 0.4 0.67 0.24¢ 0.4E 0.2t
0.38: 0.2¢ 0.31 0.08¢ 0.2¢ 0.0¢
1.11¢ 1.2 1.23¢ 0.21: 0.21 0.31
0.22: 0.27 0.17 0.18: 0.2¢ 0.22
1.337 1.2¢ 1.3¢ 0.31¢ 0.4% 0.

0.41: 0.2¢ 0.2 0.13¢ 0.2¢ 0.2¢
0.54: 0.4¢ 0.4¢ 0.16¢ 0.3¢ 0.1¢
0.951 0.9¢ 0.81 0.1% 0.€ 0.E

0.337 0.2¢ 0.3¢ 0.6€7 0.7¢ 0.64¢
0.16¢ 0.0¢ 0.0€ 0.2 0.21 0.1¢
0.827 0.6E 0.62 0.231 0.2z 0.32
0.09¢ 0.17 0.2 0.17¢ 0.11 0.1¢
2.301 1.6€ 1.7¢ 0.10¢ 0.09¢ 0.09¢
0.407 0.37 0.57 0.551 0.6¢ 0.4¢
0.1¢ 0.1¢ 0.1€ 0.057 0.0¢ 0.0¢
1.28¢ 1.04 1.2 0.11¢ 0.2¢ 0.1

Table 5 showed the optimum value, orCONCLUSION

combination of different process parameters on

which the bacterial growth measured by opticaln the present study, RSM and ANN

density (OD) was maximum fdr. acidophilus. methodologies were used to predict the growth
model forL. acidophilus and optimized the growth

Table 5 - Optimum value of process parameters forparameters. Both the models provided similar

Lactobacillus acidophilus. quality predictions for the above independent
S;"rtém‘étmers values of process | ,ogophilus ~ variables for the growth conditions of.
Temperature, (°C 375 acu;lophﬂus with ANN showmg. more accuracy in
pH 6.0¢ estimation. Regression coefficien®) of ANN
Inoculums volume, (m 0.7¢ and RSM reflected that ANN was better than
Inoculums age, (I 13.0¢ RSM. RSM was useful in getting insight
Carbon content, (%) w 42.6: information (e.g. interactions between different
Nitrogen content, (%) w. 39.9 components) of the system directly, but ANN was

also equally useful in the sensitivity analysis.
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ANN showed better modeling technique for datiKumari KS, Babu IS, Rao GH. Process optimizatian fo
set showing nonlinear relationship over RSM citric acid production from raw glycerol using
Thus, ANN could be a very powerful and flexible Tésponse surface methodologyidian J  Biotech.
tool well suited for the development of empirical 2008; 7: 496-501. .
growth model due to an implicit corrective actior M2 CJBD, Coelho LF, Blanco KC, Contiero J.
. . Response surface optimization of D (-)-lactic acid
arising from the tr'alnlng methodology and the production byLactobacillus SMI8 using corn steep
associated estimation procedure. Present resu jiquor and yeast autolysate as an alternative getno
showed that the higher cell mass yield Iof  sourceAfr J Biotechnol. 2009; 8:5842-5846.
acidophilus was observed at 37.7°C, pH 6.08,Meena GS, Gupta S, Majumdar GC, Banerjee R.
inoculum volume and age 0.79 ml and 13.04 h, Growth characteristics modeling &ifidobacterium
respectively, carbon content 42.62% (w/v) and bifidum Using RSM and ANN.Braz Arch Biol
nitrogen content (39.92% (w/v). This combination Technol. 2011; 54: 1357-1366.
of independent variables could be of good\/litsuoka T. Bifidobaqteria and their role in human
importance to starter culture producing industries N€alth-J Ind Microbiol. 1990; 6: 263-268.
in order to scale- up the production af "“Ye'S RM, Montgomery DC. Response Surface
. . : Methodology: Process and Product Optimization
acidophilus on  commercial scale more
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