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ABSTRACT 

 
Artificial Neural Networks (ANN) were proposed as an alternative technique in the 
field of predictive microbiology. This study was based on the survival determination of 
A. acidoterrestris CRA 7152 in apple juice under the effects of pH (3.5 to 5.5), 
temperature (25 to 50°C), nisin concentration (0 to 70IU/ml) and soluble solids-Brix 
(11 to 19). A quadratic polynomial was developed and used as comparison to the 
neural model. An artificial network with 4 nodes in the input layer, 4 nodes in the 
hidden layer and 1 node in the output layer gave the best fit to the studied process. 
The values of the statistical indices for model validation Mean-Relative-Percentage- 
Residual and Mean-Absolute-Relative-Residual were -17.43 and 17.81 respectively 
for the polynomial model and, -1.67 and 14.54 for the neural model, showing that 
ANN performed slightly better than the polynomial model, allowing thus the use of 
this technique in microbial modeling. 
 

RESUMO 
 

Redes neurais artificiais foi proposto como uma técnica alternativa no campo da 
microbiologia preditiva. Este trabalho estudou a sobrevivência do Alicyclobacillus 
acidoterrestris CRA 7152 em suco de maçã sob os efeitos do pH (3,5 a 5,5), 
temperatura (25 a 50ºC), concentração de nisina (0 a 70 IU/ml) e sólidos solúveis (11 
– 19 ºBrix). O modelo polinomial quadrático foi desenvolvido e usado como 
comparação ao modelo de redes neurais. Uma rede neural com 4 nodos na camada 
de entrada, 4 nodos na camada escondida e um nodo na camada de saída ajustou 
bem os dados do processo. Os índices estatísticos que validaram o Modelo-
Percentagem relativo médio residual e erro residual absoluto médio foram -17,43 e 
17,81 respectivamente para o modelo polinomial e 1,67 e 14,54 para o modelo de 
redes neurais. Assim, ANN teve maior desempenho do que o modelo polinomial, 
mostrando que está técnica pode ser usada na modelagem microbiana.    
 
KEYWORDS: Artificial neural net works, quadratic model, Alicyclobacillus 
acidoterrestris, apple juice, modeling.   
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INTRODUCTION 
 

The presence of Alicyclobacillus acidoterrestris in fruit juice can be incidental 
and does not necessarily indicate product spoilage (EGUCHI et al., 2001). The 
deterioration caused by this microorganism is difficult to detect in closed packages, 
as the juice seems to be normal or shows slight sedimentation; contamination is 
verified when an off-flavor described as medicinal and antiseptic is present (WALLS 
and CHUYATE, 1998). The chemicals responsible for the off-flavor were guaiacol 
and/or phenolic compounds, and can be detected in fruit juices in amounts up to 
2ppb (PETTIPHER et al., 1997). Once there are surviving spores, even at low levels 
such as 101 or 102 spores/ml of juice, they can germinate, grow and cause product 
deterioration if appropriate conditions for development are present (Eguchi et al., 
2001).   

CERNY et al (1984) and KOMITOPOULOU et al. (1999) reported 
Alicyclobacillus acidoterrestris incidence in apple juice, showing that this product is 
susceptible to deterioration by this microorganism. 

Predictive microbiology is an important emerging field with significant 
application in food processing industry (BUCHANAN et al, 1989; DAVEY, 1989). The 
use of response surface models is usual in the analysis of independent variable 
effects on microbial response; but according to LOU and NAKAI (2001), they can be 
inconvenient since growth is usually non-linear; therefore its application in non-linear 
cases may be difficult. Several authors carried out studies using artificial neural 
networks (PANAGOU and KODOGIANNISR 2009; GARCIA-GIMENO, et al., 2002; 
GEERAERD et al., 1998; and HAJMEER et al., 1997) in modeling microbial growth 
parameters. BAUGMAM and LIU (1995) emphasized the efficiency of this technique 
when compared with traditional empirical models.   

LOU and NAKAI (2001) proposed the use of ANN for studying the effect of 
temperature, pH and water activity on thermal inactivation of E. coli and Listeria 
monocytogenes. The authors showed the superiority of the technique in making 
predictions when compared to the quadratic response surface model and the Cerf´s 
model (CERF et al., 1996). 

According to BASHEER and HAJMEER (2000), the growing use of neural 
networks in predictive microbiology is the result of characteristics such as: i) ability to 
recognize and learn the relations among independent and dependent variables that 
are little understood and without considerable physical explanation and ii) high 
tolerance to noisy data (variability). However, some limitations were pointed out: i) 
the ANN success depends on good quality data and ii) lack of ability to explain the 
process that generates the decisions - responses (ANN is criticized for being 
considered as a black box). However their benefits can be exploited for being a 
powerful tool for modeling systems with a significant relationship among the studied 
parameters, allowing its structure to be applied in microbial modeling.   

The objective of this work was to study the application of artificial neural 
networks for modeling the inhibition and growth of A. acidoterrestris CRA 7152 in 
apple juice, and to compare it statistically to the polynomial quadratic model.   
 

MATERIALS AND METHODS 
Bacterial strain and culture media. 

 
The strain Alicyclobacillus acidoterrestris CRA 7152 used in this research was 

kindly provided by Danisco Cultor.    
Sporulation medium: Alicyclobacillus acidocaldarius medium (AAM) 

(MURAKAMI et al., 1998): 0.05%  MnCl24H2O; 1.5%  agar; 1,0g  yeast extract; 0.2g  
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(NH4)2SO4; 0.5g  MgSO47H2O; 0.25g  CaCl22H2O; 0.60g  KH2PO4 1,0g  glucose; 
1,0l  water. The pH was adjusted at 4,0 (MURAKAMI et al., 1998).  The medium was 
sterilized at 121°C for 15 min.   

 K quantification medium was used, as a commercial available medium for 
Alicyclobacillus: 5g peptone;1g glucose;  2.5g Tween-80; 1g yeast extract; 15g agar; 
1,0 l distilled water. The medium was sterilized at 121°C for 15 minutes and pH was 
adjusted at 3.7 with 25% filter sterilized malic acid (WALLS and CHUYATE, 1998).   
    

Preparation of the spore suspension. 
Initially, pre-sporulation of A. acidoterrestris CRA 7152 cells was carried out in 

4 PDA- Potato Dextrose Agar slant tubes (Oxoid), incubated at 44ºC for 3 days 
(PONTIUS et al., 1998). Afterwards, the spores were harvested from the tubes by 
scraping the agar surface with a sterile glass rod, using 5ml sterile distilled water per 
tube. The suspension was transferred for a sterile 25x200-mm screw capped tube 
and activated at 80ºC for 10 minutes; followed by fast cooling in ice water bath to 
room temperature. Aliquots (0.1 ml) of activated suspension were inoculated into 100 
290-ml glass bottles containing 60ml of AAM (Alicyclobacillus acidocaldarius 
medium) solidified slants, and incubated at 45ºC for 9 days. Harvest was carried out 
following microscopic observation of 90% of the sporulated field with Malachite green 
spore stain (MURAKAMI et al., 1998). The harvested spores were washed and re-
suspended in sterile distilled water after three centrifugations (1231x g, 15 min, 4ºC ), 
followed by alternated washes with sterile water and lysozime addition (0.3 mg 
suspension/ml) after the first wash with pH adjusted to 11 to eliminate vegetative 
cells (STUMBO, 1965). Spores were stored at 4ºC in sterile distilled water until use.  
The suspension standardization was carried out in K medium after thermal activation 
at 80ºC for 10 minutes, with pour plating. Plates were inverted and incubated at 43ºC 
for 5 days. The suspension spore concentration was 8x108 spores/ml. The 
suspension was stored at 4ºC until use. 
 
Experimental design   

Frozen concentrated apple juice (41ºBrix) reconstituted with water was used 
as raw material for preparing the experimental samples.   

The experimental design of four factor effects: pH (3.5, 4,0, 5,0 and 5.5); 
temperature (25, 35, 43 and 50ºC); Brix (11, 13, 15, and 19) and nisin concentration 
(0, 30, 50, and 70IU/ml) on the survival of A. acidoterrestris in apple juice, was 
generated using the SAS v.8.0 Proc Factex and Proc Optex procedures - (SAS/QC 
Manual "user guide") in a total of 37 combinations, (Table 1 with the response 
included). This data set was used for network training. At the same time, a 
polynomial quadratic model was implemented to describe the growth or viability loss 
in function of the factors above mentioned, also using this same set of data. Later, 8 
combinations of the above mentioned factors, were assayed in the variable range, 
(Table 5) and used to test the validation of the network and the implemented 
quadratic model.   

The different pH values were adjusted with NaOH 5N and 25% w/v malic acid, 
and measured with potentiometer (Digimed DMPH-2).   
   

Growth measurement 
The initial spore load inoculated was 3.5x102 spores/ml juice, activated at 80oC 

for 10min for each combination in duplicate (Table 1). Bacterial viability and growth 
were assessed after 16 days of incubation by pour plating in K medium (pH 3.7) with 
incubation at 43ºC for 5 days. The response was expressed in Log(Nf)/Log(No). 
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Where Nf is the population after 16 days of culture, and No the initial concentration 
inoculated (SINIGAGLIA et al., 2003)   
   

Modeling 
Polynomial quadratic model 

 
The second-order polynomial empirical model for the factors (pH, temperature, 

°Brix and nisin concentration) was established by equation 1.   

ε+++

+++++

+++++++=

NiBrixbNipHbBrixpHb

BrixTbNiTbpHTbBrixbBrixb

NibNibpHbpHbTbTbbY

***

***

141312

11109

2

87

2

65

2

43

2

210

             (1)   

Where Y = Log(Nf)/Log(No) - dependent variable; T=temperature (°C); Ni= 
nisin concentration (IU/ml); and b0,b1...b14  the model coefficients.   

These coefficients were estimated by non-linear regression analysis, using the 
SAS V.8.0 software (Anova procedure, polynomial models option) for statistical 
adjustment. The model obtained  was validated by the F test.   
  

Empirical model of artificial neural network (ANN) 
 

ANN was used to study the non-linear relationship between the input variables 
(temperature, pH, Brix and nisin concentration) and the output variable 
(Log(Nf)/Log(No)). NAJJAR et al. (1997) detailed the topology development of the 
artificial neural networks (ANN). The data from Table 1 was used for network training 
and the data from Table 5 to test its validation.   

The neural network structure was established by the Levenberg-Marquardt 
approach, with Bayesian Regularization training algorithm (DEMUTH and BEALE, 
2002). The activation functions were log-sigmoid (logsig) in the hidden layer and 
linear in the output layer. This training algorithm and activation function combination 
were established as the most appropriate when compared to the pure Levenberg-
Maquardt (LM) approach and pure backpropagation for learning algorithms and 
tansig (hyperbolic tangent) activation functions, according to PACIANOTTO (2003). 
This regularization is used to improve the test, avoiding overfitting.   

The use of the Bayesian regularization assumes an F objective function 
described by equation 2. 

SSWSSEF .. βα +=                                      (2) 
Where SSE = sum of squared errors, SSW sum of squared weights and bias, 

� and � objective function parameters.   
The regularization parameters were obtained with Bayesian structure using 

the Levenberg-Maquardt algorithm (FORESEE and HAGAN, 1997) (Matlab v.6.5). 
One of this algorithm characteristics is to generate a measure of how many network 
parameters (weights and bias) are really being used. This effective number of 
parameters is  constant, regardless of the total number of network parameters, 
therefore indicating that the best network configuration was achieved (DEMUTH and 
BAELE, 2002).   

In this study, the network consisted of the input layer containing 4 artificial 
neurons (T, pH, nisin concentration and soluble solids -ºBrix), and an output layer 
with a neuron corresponding to the inhibition or growth value (Log(Nf)/Log(No)) of A. 
acidoterrestris. The intermediate layer nodes were empirically established, with the 
number of effective parameters being analyzed by the Bayesian regularization 
algorithm. All the input and output data were normalized between 0 and 1 before 
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being used in the modeling, and 2000 initial iterations were established; however the 
program stops the simulation before completing this iteration number, when the 
convergence is reached.    

There are several types of networks. The type chosen for this study was the 
multilayer feed forward neural network, which is very powerful for modeling 
optimization. In these networks, the signals are transmitted from the input to the 
hidden layer, and quickly to the output layer. The node receives the signals via 
connection with other neurons. Each node receives an input value p that is 
multiplied by a weight w; the bias b internal threshold is subtracted from this product 
to be then analyzed by the f-transfer function and generate an output a (Baugman 
and Liu, 1995). Equation 3 represents this criterion.   

                                          ))((
1

bwpfa
n

i

−= ∑
=

                                           (3)   

The bias internal threshold is an external parameter of the artificial neuron that 
governs the output node and can increase or reduce the input in the activation 
function; if b is large and positive, the node has high internal threshold, and can 
inhibit node activation. On the other hand, if b is zero or negative, the node has low 
internal threshold which excites node activation.   

In this study, the Neural Network Toolbox of MATLAB Software (V. 6.5 - 2002) 
was used for modeling. This tool consists of a set of functions implemented for the 
development of neural networks.  
 

Convergence criterion 
 

For network model training and validation, it was adopted the residual based 
convergence criterion representing the difference between the values of the 
experimental output data and the data predicted by the model. The convergence 
criterion was 1x10-4.   

The most common method used in neural networks is the sum of square 
errors (SSE) (BAUGHMAN and LIU, 1995), which represents the total deviation of 
the predicted outputs with its corresponding experimental data.  Equation 4 presents 
this relationship. 

( )∑ −=
2

predobsSSE µµ                              (4)   

Where µobs = value of the observed output, and µpred = predicted output.   
Comparison criteria   
According to JEYAMKONDAN et al. (2001), the criteria for comparison of data 
predicted by neural networks and statistical models versus experimental data can be 
defined by the following procedures:   
Mean relative percentage residual (MRPR): where the difference of the (Observed 
- Predicted) is normalized in relation to the Observed. A MRPR null value indicates 
that there is no bias in prediction; a positive value indicates that the predicted value is 
larger than the observed value, whereas a negative value indicates that the predicted 
value is smaller than the observed value. This situation can have positive or negative 
characteristic depending on the studied parameter. Equation 5 represents MRPR.   
 

                      ∑
−

= 100*
0

01 P

n
MRPR                                    (5)   

Where O=observed value, P=predicted value, n = number of observations. 
 Mean absolute relative residual (MARR): this parameter describes the same 
criterion of the accuracy factor by ROSS (1996). If MARR is 25%, the predictions 
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differ 25% on average (either above or bellow) from the observed values. Thus, 
equation 6 follows.   

                           ∑
−

= 100*
0

1 PO

N
MARR                               (6)   

Where O=observed value, P=predicted value, N = number of observations.   
 
 Root mean square residual (RMSR) 

                  
( )

N

PO
RMSR

∑ −
=

2

                                              (7)   

Where O=observed, P=predicted, N = number of observations.   
Accuracy factor: calculates average distance between each point and the line of 
equivalence as a measure of average deviation between predictions and 
observations (Ross, 1996), according to equation 8.   
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factoraccuracy

log

10.                          (8)   
Where n is the number of observations.   
 

RESULTS AND DISCUSSION 
 

To evaluate the effects of pH, nisin concentration, temperature and soluble 
solids-ºBrix- concentration (Table 1), the ratio between the logarithm of the microbial 
population present in the juice after a 16-day continuous culture and the logarithm of 
the inoculum level at time zero was calculated. Values smaller than 1 indicated that 
the viability of the inoculated spores decreased (occurrence of inhibition), whereas 
values larger than 1 indicated growth (Table 1). In several combinations, the ratio 
Log(Nf)/Log(No) was smaller than 1 (pH=4, 50IU/ml, 43 °C and 11°Brix; pH=5, 
30IU/ml, 43°C and 19°Brix; pH=3.5, 30IU/ml, 43°C and 15°Brix). In these assays, 
even with the juice at optimum temperature conditions for the growth of 
Alicyclobacillus, there was no microbial development. Such fact indicates that the 
hurdle effect was efficient in controlling contamination by A. acidoterrestris. The 
explanation for this decrease in viability is little understood, however it may be 
supposed that, as the inoculum consisted of activated spores, they began the 
germination, but the development was inhibited before reaching the post-germinative 
growth, when they were exposed to stress conditions caused by the studied factors. 
This is important because, although there was no increase in the population initially 
inoculated, in several cases the A. acidoterrestris growth ability was detected, 
indicating the existence of survivors in concentrations lower than 3.5x102 UFC/ml. 
This number is relatively low to cause deterioration, but in favorable conditions they 
can grow and make the juice susceptible to deterioration. PINHATII et al. (1997) 
detected spore counts of 102 spores/ml in orange juice. EGUCHI et al. (2001) 
showed that even small populations (101 – 102 UFC/ml) can grow and contaminate 
the product, when in favorable conditions for bacterium growth.    
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TABLE 1. Growth and viability of A. acidoterretris CRA 
7152 in apple juice as a function of pH, 
soluble solids, and nisin concentration and 
temperature. 

pH Nisin* 
Temperatur

e °Brix Log(Nf)/Log(No)**
5.5 70 50 11 0.718 
5.5 70 43 19 0.794 
5.5 50 43 13 1.195 
5.5 50 35 15 1.122 
5.5 30 35 13 2.170 
5.5 30 25 11 0.952 
5.5 0 50 19 0.939 
5.5 0 25 15 1.080 
3.5 70 43 15 0.523 
3.5 70 35 11 0.412 
3.5 50 50 13 0.895 
3.5 50 35 19 0.924 
3.5 30 50 11 0.866 
3.5 30 43 15 0.927 
3.5 0 25 19 0.976 
5 70 25 15 0.830 
5 70 25 13 0.649 
5 50 50 15 1.312 
5 50 25 19 0.909 
5 30 43 19 0.968 
5 30 43 11 2.189 
5 0 50 13 2.380 
5 0 35 11 2.318 
4 70 50 19 0.719 
4 70 35 13 0.821 
4 50 43 11 0.843 
4 50 25 11 0.849 
4 30 50 15 1.110 
4 30 35 19 0.968 
4 30 25 13 0.756 
4 0 43 15 2.249 
4 0 43 13 2.315 

3.5 0 35 11 0.998 
4 0 35 11 2.185 
5 0 43 11 2.165 

5.5 70 50 19 0.958 
3.5 0 25 11 0.987 

  *(IU/ml), **(mean / average of two replications). 

 
Predictive Models 

Polynomial quadratic model 
 

The Log(Nf)/Log(No) data from Table 1, as function of the main effects of pH, 
oBrix, nisin concentration, temperature and their interactions were adjusted by 
regression to the model of equation 1.    

Table 2 presents all significant coefficients of equation 1 (p <0.05).    
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TABLE 2. Significant regression coefficients for 
the quadratic model of survival of A. 
acidoterrestris CRA 7152. 

Variable Coefficient 
Standard 
deviation Probability 

Mean / 
average -11.2928 2.8453 0.0004 

pH 4.5020 1.1877 0.0007 
Nisin -0.0332 0.009 0.0010 

Temperatur
e 0.1651 0.0547 0.0053 

pH*Brix -0.0200 0.0061 0.0029 
Nisin*Brix 0.0014 0.0006 0.0304 

pH2 -0.4431 0.1329 0.0024 
Temperatur

e2 0.0020 0.0007 0.0100 
 

 
All the studied variables were significant (p <0.05) at the linear level, except for 

Brix. The pH and temperature were significant at the quadratic level. The ratio 
between Log(Nf) and Log(No) after 16 days was positively affected by pH, 
temperature and the interaction Ni*Brix, and negatively by nisin concentration.   

The R2 of the model was 0.793. The F value calculated (15.91) was greater 
than the tabulated F value (2.35) indicating high significance.   
Equation 3 describes the achieved model:  

BrixpHTempNipH
NoLog

NfLog
**020,0*1651,0*0332,0*5020,42928,11

)(

)(
−+−+−=                   

22 *0020,0*4431,0**001,0 TemppHBrixNi +−+                                           
(9) 

 
Where: Ni= Nisin concentration (IU/ml); Temp=temperature (°C);   

Sinigaglia et al. (2003) studied the effects of temperature (35 to 50°C), water 
activity (0.96 to 9.992) and pH (3.5 to 5.5) on the germination and growth of A. 
acidoterrestris spores in laboratory medium. They were able to fit two polynomials 
with R2 = 0.77 and R2 = 0.78 for 2 and 7 days of culture.  
Neural Model  

Data analysis for the neural model was performed with the MATLAB algorithm. 
Figure 1 shows the comparison of the number of total network parameters – N (total 
sum of weights and bias) with the number of effective parameters (�) based on the 
variation of the amount of neurons in the hidden layer. It is possible therefore to verify 
that for a small number of neurons the values of N and � were very close. As the 
number of neurons in the hidden layer increased, the difference between N and � 
also increased until � reached a steady state. The largest number of effective 
parameters used by the network was found with 4 neurons in the hidden layer. An 
increase of this number would mean greater computational effort and incorporation of 
noisy data into the model.    
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FIGURE 1. Comparison of the amount of network total 
parameters with the number of effective parameters 
based on the variation of the neuron number in the 
hidden layer. 

 
Consequently, the topology showing more consistency in the results was 

4x4x1 (4 nodes in the input layer x 4 nodes in the hidden layer x 1 node in the output 
layer). With this topology and the use of the logsig and linear activation functions for 
the hidden and output layers respectively, the network was trained and validated 
using the data from tables 1 and 3 respectively. The weights and bias of the hidden 
and output layers were generated (Tables 3 and 4) and can be used in the prediction 
of Log(Nf)/Log(No) data for A. acidoterrestris in apple juice under the tested 
conditions.    
 

TABLE 3. Weight and bias matrix of the intermediate layer. 
Weight matrix hidden layer (wij) Bias (Tj) 

w11=1.957 w21=-0.887 w31=-0.081 w41=0.425 T1=-1.767 

w12=1.975 w22=-2.961 w32=1.294 
w42=-
0.530 T2=-1.804 

w13=-1.210 w23=1.888 w33=0.237 
w43=-
1.686 T3=-0.460 

w13-0.297 w24=-1.794 w34=0.042 w44=1.306 T4=-0.720 
 

TABLE 4. Weight and bias matrix of the output layer. 
Weight matrix output layer (v1j) Bias (Tj) 

v1=-2.820 v2=2.162 v3=-1.844 v4=-1.526 1.147 
 

The input values were weighted by applying the weight matrix, subtracting the 
internal threshold from this pondered value (bias value), which will rapidly be 
processed by the neuron transfer function of the hidden layer, after processing it 
passes the information to the output layer (Figure 2).   

♦  N 

■   γγγγ    
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FIGURE 2. Neural structure for prediction of Log(Nf)/Log(No) of A. 
acidoterrestris CRA 7152 in apple nectat. (wij=weights for the hidden layer), 
Ti (weights for the output layer)  
 
 

Statistical comparison between the second-order polynomial model and the 
neural model 

A first comparison was carried out through Figure 3, where the predicted vs. 
experimental data used in the network training and in the construction of the 
quadratic model are showed. The residual magnitude was slightly greater in the 
quadratic model than in the neural networks indicating that there is a greater 
deviation in the predictions. However, the prediction residuals for both models were 
randomly distributed denoting non-systematic predictions.   
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FIGURE 3. Comparison of ANN predictions and residuals 
with the quadratic model in model implementation. 

 
For a better comparison between both models, the validation was carried out 

using a set of factors combinations neither used for the construction of the quadratic 
model nor in the network training, but nevertheless within the sample universe (Table 
5). 
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  TABLE 5. Results of validation data. 
  Nisin     Log(Nf)/Log(No) 

pH (IU/ml) 
Temperatur

e °Brix 
Experiment

al 
Predicted  

Polynomial model 
Predicted 
networks 

3.9 10 33 12 1.298 1.680 1.463 
4.5 10 33 12 1.511 2.003 1.805 
3.9 20 33 14 1.248 1.418 1.415 
4.5 20 33 14 1.454 1.718 1.378 
3.9 10 40 14 1.499 1.678 1.788 
4.5 10 40 14 2.007 1.978 1.483 
3.9 20 40 12 1.523 1.644 1.353 
4.5 20 40 12 1.545 1.968 1.406 

 
 

Table 5 shows that both models had predictions close to the experimental 
data. The quadratic model of equation 9 predicted a slightly greater growth than 
actually occurred. In other words, in terms of microbial growth the model would be 
predicting on the safe side, indicating greater product contamination before it 
happens. In the case of the neural model predictions, 4 predictions were greater than 
the corresponding experimental data, and the other 4 smaller; therefore the 
randomness in the predictions was verified.  

Table 6 shows the results for the statistical parameters. There is a slightly 
better performance for neural networks compared to the quadratic model, for both 
training and validation data. Similar results were found by Hajmeer et al. (1997) with 
Shigella flexneri growth data. The predictions for validation data, of both neural 
networks and the polynomial model, can be considered good, as they were based on 
output data which were not seen in the training nor in the quadratic model 
construction. According to BARANYI and ROBERTS (1995), unless the number of 
points is much larger than the number of parameters of the polynomial regression 
model, there is no guarantee that the predictions are accurate. Models generated 
with full data set produce different surfaces from models generated with incomplete 
data set (BRATCHELL et al., 1989). This is relevant, since in this study a fractional 
matrix was used. It is important to point out that the ANN performance is specifically 
based on training, and that the criterion for the stop of network learning is function of 
minimizing the sum of the squared error between the predicted output and the 
experimental output that is related to the used training algorithms. Thus, the 
importance of using these algorithms is proportional to the nature of the used data.   
 

TABLE 6. Statistical comparison of neural networks with 
the quadratic model. 

Statistical parameter Model Data 
Statistical 
value 

Mean relative ANN training -3.443
percentage residual  validation -1.671
(MRPR) (%)    
 Polynomial total -3.268
    validation -17.438
    
Mean absolute  ANN training 13.938
relative residual  validation 14.544
(MARR) (%)    
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 Polynomial total 18.868
    validation 17.810
    
Root mean ANN training 0.175
square residual  validation 0.263
(RMSR)    
 Polynomial total 0.264
    validation 0.299
    
Accuracy factor ANN training 1.143
  validation 1.157
    
 Polynomial total 1.205
    validation 1.174
    
Bias factor ANN training 1.018
  validation 1.004
    
 Polynomial total 1.007
    validation 1.169

 
 

MRPR and bias factor provide results for a same criterion. In the case of ANN, 
the value of MRPR indicated 3.44%, on average of overfitting, in the training and 
1.67% in the validation, whereas the polynomial model presented a similar MRPR of 
3.26%, of overfitting, in the implementation of the model and of 17.44% in the 
validation. On the other hand the bias factor indicated that the predictions of the 
polynomial model with training and validation of the network were very similar (0.4 to 
1.8% on average). The polynomial model validation overestimated the observed 
values in 16.9% on average. This difference between the bias factor and the MRPR 
index may be associated to the difference in the normalized parameters or even to 
the calculations involved in the bias factor (logarithm and exponential). However, 
both indices indicated that the models predict on average to the safe side. Similar 
discussion can be held for the factor accuracy and the MARR index. According to 
JEYAMKONDAM et al. (2001), MRPR and MARR result in more suitable indices to 
compare models than the bias and accuracy factors.    

The MARR index indicated that the ANN model was better (13.9 and 14.54% 
average deviations for training and validation) than the quadratic model (18.8 and 
17.8% average deviations for model implementation and validation), whereas the 
RMSR index did not show greater difference between the aforementioned models 
being very close to them. Data normalization is crucial in predictive microbiology 
because the great variability of biological systems affects the studied responses. 
Consequently, precaution is essential during the interpretation of these statistical 
parameters in order to select the best model.    

s mentioned above, microbial growth data represent nonlinearity and the 
bacterial behavior may change under different conditions. It is necessary therefore a 
nonlinear focus to the data to find the model that is representative of the system. 

Another important aspect is the amount of input and output data that are 
representative of the process, as better predictions can be obtained with a larger 
database, since the characteristic of neural networks involves the understanding of 
the implicit relations based on set of input and output data (SABLANI et al., 1995). 
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The results showed that 4-neurons network in the hidden layer was the best topology 
to represent the studied system. The obtained polynomial model was statistically 
significant. The predictions accomplished by ANN based on the statistical indices 
MARR, MRPR, MRSR and graphs were slightly better than the those predicted by 
the quadratic polynomial model in both implementation and validation, and those 
indices were suitable to compare the effectiveness of the tested models.   

Better fittings can be obtained if larger numbers of input-output data set are 
used in neural networks; given that in this study only a fractional planning was used 
to represent a combination of 4 factors at 4 levels. Although in this study the neural 
network technique was not much superior to the second-order polynomial model, it 
proved to be an alternative in modeling prediction of non-linear complex systems, 
allowing thus its use in predictive microbiology.   
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