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Diesel is a toxic xenobiotic. However, some bacteria are capable of using diesel as a carbon 
source for energy and growth. At high diesel concentration, an inhibition to the growth curves is 
seen. The study of the growth inhibitory properties of diesel on bacterium has often been carried 
out through the modelling of the specific growth rates obtained from the linearization of the 
growth curves of bacterium. Since there exists a variety of models for obtaining a more accurate 
specific growth rates from bacterial growth curves such as logistic, Gompertz, Richards, Schnute, 
Baranyi-Roberts, Von Bertalanffy, Buchanan three-phase and more recently Huang models, the 
use of these models over the simplification through linearization is needed. The modified 
Gompertz model gave the best fitting based on statistical test with the lowest values for RMSE 
and corrected Akaike Information Criteria, the highest value for adjusted R2 and the closest 
values to unity for both Accuracy and Bias factors. The modified Gompertz model is thus the best 
model to obtain specific growth rates from the growth curves of Acinetobacter sp. strain DRY12 
grown on diesel. 
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INTRODUCTION 

 
Bacterial growth often shows a phase in which the specific 
growth rate starts at a value of zero and then accelerates to a 
maximal value (µmax) in a certain period of time, resulting in a 
lag time (λ). In addition, growth curves contain a final phase in 
which the rate decreases and finally reaches zero, so that an 
asymptote (a) is reached. usually these growth rate changes 
result in a sigmoidal curve, with a lag phase just after t = 0 
followed by an exponential phase and then by a stationary phase 
[1]. Besides the lag period and the asymptotic value, another 
valuable parameter of the growth curve is the maximum specific 
growth rate (µmax). This value is often used in the development 
of secondary models that model the effect of environmental 
conditions such as ph, water activity and temperature on growth 
rate of organism. since the logarithm of the number is used, µmax 
is given by the slope of the line when the organisms grow 
exponentially [2]. Usually this parameter is estimated by 
deciding subjectively which part of the curve is approximately 
linear and then determining the slope of this curve section, 
eventually by linear regression. Some authors indeed use growth 
models to describe their data but resort to linearize the sigmoidal 
curve by logarithmic data transformation. a better method is to 
describe the entire set of data with a nonlinear regression growth 
model and then estimate µmax, λ, and a from the model [3]. In 
addition many published works produced the growth curve but 
did not attempt any further to fitting the data to available 
models. 
 
Previously, a diesel-degrading bacterium has been isolated from 
soils and the kinetics of the growth of the bacterium determined 
using various inhibitory growth kinetics models [4]. In order to 
obtain the specific growth rate needed to model the kinetics, 
linearization of the non-linear growth curves is carried out.   
 
Hence, the objective of this work is to evaluate similarities and 
differences between available models such as logistic [1,5], 
Gompertz [1,6], Richards [1,7], Schnute [1], Baranyi-Roberts 
[8], Von Bertalanffy [9,10], Buchanan Three-Phase [11] and 
more recently Huang model [12] (table 1) in modeling the 
growth curves of the bacterium Acinetobacter sp. strain DRY12 
grown on diesel as a carbon source. This should give a better 
data for the specific growth rates to be used in secondary 
modeling studies.  

 
MATERIALS AND METHODS 

 
Growth and maintenance of Acinetobacter sp. strain DRY12 

Acinetobacter sp. strain DRY12 from (4) was grown in a 100 ml 
media consisted of a modified basalt salt media at pH 7.0 
(supplemented with 1% (v/v) diesel as carbon source ) 
composed of (per liter of distilled water): KH2PO4, 1.360 g; 
Na2HPO4, 1.388 g; MgSO4, 0.01 g; CaCl2, 0.01 g; (NH4)2SO4, 
7.7 g; and 100 ml of a mineral solution containing 0.01 g of 
ZnSO4.7H2O, MnCl2.4H2O, H3BO4, CoCl2.6H2O, Fe2SO4.2H2O, 
CuCl2.2H2O, NaMoO4.2H2O [13]. The flasks were incubated at 
30 °C and 150 rpm (YIH DER, Taiwan) for six days. For growth 
studies, the medium was supplemented with various 
concentrations of diesel and incubated for 10 days. Bacterial 
growth was measured as colony-forming-unit or CFU/ml. 
 

 
 
 

Table 1. Growth models used in this study. 
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y = a, if x < lag 
y=a + k(x ̶ λ), if λ ≤ x ≥ xmax 

y = ymax, if x ≥ xmax 
 

note: 
a= bacterial lower asymptote; 
µmax= maximum specific growth rate; 
v= affects near which asymptote maximum growth occurs. 
λ=lag time 
ymax= bacterial upper asymptote; 
e = exponent (2.718281828) 
t = sampling time 
p=no of parameters 
α,β, k = curve fitting parameters 
h0 = a dimensionless parameter quantifying the initial physiological state of the 
cells. the lag time (day-1) can be calculated as h0=µmax 

 

Fitting of the data 

The nonlinear equations were fitted to growth data by nonlinear 
regression with a Marquardt algorithm that minimizes sums of 
square of residuals using Curveexpert professional software 
(version 1.6). This is a search method to minimize the sum of 
the squares of the differences between the predicted and 
measured values. The program automatically calculates starting 
values by searching for the steepest ascent of the curve between 
four datum points (estimation of µmax), by intersecting this line 
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with the x axis (estimation of λ), and by taking the final datum 
point as estimation for the asymptote (a). The Huang’s model 
needs to be solved numerically as it is a differential equation. 
The differential equation was solved numerically using the 
Runge-Kutta method. A differential equation solver (ode45) in 
Matlab (version 7.10.0499, the Mathworks, Inc., Natick, MA) 
was used to solve this equation. 
 
Statistical analysis 

To decide whether there is a statistically substantial difference 
between models with different number of parameters, in terms 
of the quality of fit to the same experimental data was 
statistically assessed through various methods such as the root-
mean-square error (RMSE), adjusted coefficient of 
determination (r2), bias factor (BF), accuracy factor (Af) and 
corrected AICc (Akaike Information Criterion). 
 
The RMSE was calculated according to eq. (2), where pdi are 
the values predicted by the model and obi are the experimental  
data, n is the number of experimental data, and p is the number 
of parameters of the assessed model. it is expected that the 
model with the smaller number of parameters will give a smaller 
RMSE values [14].  
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In linear regression models the coefficient of determination or r2 

is used to assess the quality of fit of a model. However, in 
nonlinear regression where difference in the number of 
parameters between one models to another is normal, the 
adoption of the method does not readily provides comparable 
analysis. Hence an adjusted r2 is used to calculate the quality of 
nonlinear models according to the formula where RMS is 

residual mean square and 2
ys is the total variance of the y-

variable.  
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The Akaike Information Criterion (AIC) provides a means for 
model selection through measuring the relative quality of a 
given statistical model for a given set of experimental data [15]. 
AIC handles the trade-off relating to the goodness of fit of the 
model as well as the complexity of the model. It is actually 
established on information theory. The method provides a 
relative approximation of the information lost for each time a 
given model is utilized to represent the process that creates the 
information or data. For an output of a set of predicted model, 
the most preferred model would be the model showing the 
minimum value for AIC. This value is often a negative value, 
with for example; an AICc value of -10 more preferred than the 
one with -1. The equation incorporates number of parameters 
penalty, the more the parameters, the less preferred the output or 
the higher the AIC value. Hence, AIC not merely rewards 
goodness of fit, but in addition does not encourage using more 
complicated model (overfitting) for fitting experimental data. 

Since the data in this work is small compared to the number of 
parameter used a corrected version of AIC, the Akaike 
Information Criterion (AIC) with correction or AICc is used 
instead. The AICc is calculated for each data set for each model 
according to the following equation; 
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Where n is the number of data points and p is the number of 
parameters of the model. The method takes into account the 
change in goodness-of-fit and the difference in number of 
parameters between two models. for each data set, the model 
with the smallest AICc value is highly likely correct [14]. 
 
Accuracy factor (AF) and bias factor (BF) to test for the 
goodness-of-fit of the models as suggested by Ross [16] were 
also used.  The bias factor equal to1 indicate a perfect match 
between predicted and observed values. For microbial growth 
curves or degradation studies, a bias factor with values < 1 
indicates a fail-dangerous model while a bias factor with values 
> 1indicates a fail-safe model. The accuracy factor is always ≥ 
1, and higher AF values indicate less precise prediction. 
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RESULTS AND DISCUSSION 

 
Eight different growth models (Table 1) were used in this study 
to match the experimental data. The resultant fitting shows 
visually acceptable fitting (Fig. 2). Of all the models tested 
(Table 1) indicate mixed results.  
 

2

4

6

8

10

12

14

16

0 2 4 6 8 10

Incubation (Day)

L
n

 (
C

F
U

/m
l)

0.10%

0.50%

1%

2%

3%

4%

5%

6%

8%

10%

 
 
Figure 1. The growth of curves of Acinetobacter sp. strain DRY12 on 
various concentrations of diesel. The coefficient of variation for all data 
was less than 10% for all data and error bars were omitted for clarity. 
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Figure 2. The growth of curve of Acinetobacter sp. strain DRY12 at 
0.1% (v/v) diesel fitted by various growth models available in the 
literature. The coefficient of variation for all data was less than 10% for 
all data and error bars were omitted for clarity. 
 

Table 1. Statistical analysis of the various fitting models. 

Model p RMSE R2 adR2 AICc BF AF 

Huang 4 0.3691 0.986 0.928 55.28 1.001 1.028 
Baranyi-
robert 4 0.7104 0.945 0.724 64.44 1.007 1.087 

Buchanan 3 0.4716 0.964 0.910 17.55 1.005 1.052 
Modified 
logistics 3 0.2695 0.989 0.972 9.71 0.999 1.034 
Modified 
richard 4 0.3269 0.989 0.944 53.58 0.999 1.032 
Von 
bertalanffy 3 0.3079 0.985 0.963 11.58 0.999 1.037 
Modified 
Gompertz 3 0.2460 0.991 0.976 8.44 0.999 1.036 

note: 
p  no of parameters 
Ra2 adjusted coefficient of determination 
BF  bias factor 
AF  accuracy factor 
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Figure 3. The growth of curves of Acinetobacter sp. strain DRY12 on 
various concentrations of diesel fitted using the modified Gompertz 
model. The coefficient of variation for all data was less than 10% for all 
data and error bars were omitted for clarity. 
 

The modified Gompertz model gave the best fitting based on 
statistical test with the lowest values for RMSE and corrected 
Akaike Information Criteria, the highest value for adjusted R2 
and the closest values to unity for both accuracy and bias 
factors. The poorest performance was Baranyi-Robert with the 
lowest score for all statistical tests. The modified Gompertz 
model is one of the classical growth models that include model 
such as the Verhulst [1,6]. The Gompertz function, named in 
1844-1845 by Pierre François Verhulstis, is based on an 
exponential relationship between specific growth rate and 
population density. The initial stage of growth is approximately 
exponential; then, as saturation begins, the growth slows, and at 
maturity, growth stops. the modified function is suited for 
microbial growth and has incorporated constant such as the lag 
period [1]. It is a three-parameter model. In general, without 
resorting to complicated statistical treatment, a three-parameter 
model is recommended over a four-parameter if it is sufficient to 
describe the data. This is because the three-parameter model is 
simpler, easier to use, the solution is more stable, the estimates 
have more degrees of freedom and all three parameters can be 
given a biological meaning. In addition, the fourth or fifth 
parameter in the four- or five-parameter models functions 
mostly as shape parameter and usually has no biological 
interpretation. these models can be found useful and more 
accurate if a large number of datum points are available [10].   
 
The modified Gompertz model has been extensively used to 
model the growth of bacteria with more than 50% of all growth 
models studies citing the use of the model. examples of its usage 
for modelling the growth curves of bacteria are abundant [17–
28] in the literature.   
 
CONCLUSION 

 
In conclusion the modified Gompertz model was the best model 
in modeling the growth curves of the bacterium Acinetobacter 

sp. strain DRY12 grown on diesel as a carbon source. The use of 
bacterial growth models to obtained growth rates data for 
secondary model development is very scarce in the literature and 
this work has demonstrated the applicability of such models. 
Current works include the modeling of the growth kinetics of 
this bacterium using the specific growth rates data obtained from 
this works. 
 
ACKNOWLEDGEMENT 

 
This project was supported by a grant from Snoc International 
Sdn Bhd. 

 

 

REFERENCES 

 
1.  Zwietering MH, Jongenburger I, Rombouts FM, Van’t Riet K. 

Modeling of the bacterial growth curve. Appl Environ Microbiol. 
1990;56(6):1875–81.  

2.  Fujikawa H. Development of a new logistic model for microbial 
growth in foods. Biocontrol Sci. 2010;15(3):75–80.  

3.  Johnsen AR, Binning PJ, Aamand J, Badawi N, Rosenbom AE. 
The Gompertz function can coherently describe microbial 
mineralization of growth-sustaining pesticides. Environ Sci 
Technol. 2013;47(15):8508–14.  

4.  Dahalan FA, Yunus I, Johari WLW, Shukor MY, Halmi MIE, 
Shamaan NA, et al. Growth kinetics of a diesel-degrading bacterial 



JEBAT, 2014, Vol 2, No 1, 35-39 
 

 37 

strain from petroleum-contaminated soil. J Environ Biol. 
2014;35(2):399–406.  

5.  Ricker, F.J. 11 Growth Rates and Models. In: W.S. Hoar DJR and 
JRB, editor. Fish Physiology [Internet]. Academic Press; 1979 
[cited 2014 Jun 27]. p. 677–743. Available from: 
http://www.sciencedirect.com/science/article/pii/S1546509808600
345 

6.  Gompertz B. On the nature of the function expressive of the law of 
human mortality, and on a new mode of determining the value of 
life contingencies. Philos Trans R Soc London. 1825;115:513–85.  

7.  Richards, F.J. A flexible growth function for empirical use. J Exp 
Bot. 1959;10:290–300.  

8.  Baranyi J. Mathematics of predictive food microbiology. Int J 
Food Microbiol. 1995;26(2):199–218.  

9.  Babák L, Šupinová P, Burdychová R. Growth models of Thermus 

aquaticus and Thermus scotoductus. Acta Univ Agric Silvic 
Mendel Brun. 2012;60(5):19–26.  

10.  López S, Prieto M, Dijkstra J, Dhanoa MS, France J. Statistical 
evaluation of mathematical models for microbial growth. Int J 
Food Microbiol. 2004;96(3):289–300.  

11.  Buchanan RL. Predictive food microbiology. Trends Food Sci 
Technol. 1993;4(1):6–11.  

12.  Huang L. Optimization of a new mathematical model for bacterial 
growth. Food Control. 2013;32(1):283–8.  

13.  Chaîneau CH, Morel J, Dupont J, Bury E, Oudot J. Comparison of 
the fuel oil biodegradation potential of hydrocarbon-assimilating 
microorganisms isolated from a temperate agricultural soil. Sci 
Total Environ. 1999;227(2-3):237–47.  

14.  Motulsky HJ, Ransnas LA. Fitting curves to data using nonlinear 
regression: a practical and nonmathematical review. FASEB J Off 
Publ Fed Am Soc Exp Biol. 1987;1(5):365–74.  

15.  Akaike H. New look at the statistical model identification. IEEE 
Trans Autom Control. 1974;AC-19(6):716–23.  

16.  Ross T, McMeekin TA. Predictive microbiology. Int J Food 
Microbiol. 1994;23(3-4):241–64.  

17.  Ricker, F.J. A flexible growth function for empirical use.  
18.  Tornuk F, Ozturk I, Sagdic O, Yilmaz A, Erkmen O. Application 

of predictive inactivation models to evaluate survival of 
Staphylococcus aureus in fresh-cut apples treated with different 
plant hydrosols. Int J Food Prop. 2014;17(3):587–98.  

19.  Novak M, Pfeiffer T, Ackermann M, Bonhoeffer S. Bacterial 
growth properties at low optical densities. Antonie Van 
Leeuwenhoek Int J Gen Mol Microbiol. 2009;96(3):267–74.  

20.  Alonso-Hernando A, Capita R, Alonso-Calleja C. Behaviour of co-
inoculated pathogenic and spoilage bacteria on poultry following 
several decontamination treatments. Int J Food Microbiol. 
2012;159(2):152–9.  

21.  Karthic P, Joseph S, Arun N, Varghese LA, Santhiagu A. 
Biohydrogen production using anaerobic mixed bacteria: Process 
parameters optimization studies. J Renew Sustain Energy. 
2013;5(6).  

22.  Rigo M, Alegre RM, Vidal Bezerra JRM, Coelho N, Bastos RG. 
Catechol biodegradation kinetics using Candida parapsilopsis. 
Braz Arch Biol Technol. 2010;53(2):481–6.  

23.  Tang X, Jin M, Sun W, Xie J, Pan Y, Zhao Y. Comparison of 
growth parameters of pathogenic and nonpathogenic Vibrio 

parahaemolyticus on cooked shrimp. J Pure Appl Microbiol. 
2013;7(SPL.ISSUE):47–51.  

24.  Li MY, Sun XM, Zhao GM, Huang XQ, Zhang JW, Tian W, et al. 
Comparison of mathematical models of lactic acid bacteria growth 
in vacuum-packaged raw beef stored at different temperatures. J 
Food Sci. 2013;78(4):M600–M604.  

25.  Oscar TP. Comparison of predictive models for growth of parent 
and green fluorescent protein-producing strains of Salmonella. J 
Food Prot. 2003;66(2):200–7.  

26.  Mohammadi M, Mohamed AR, Najafpour GD, Younesi H, Uzir 
MH. Kinetic studies on fermentative production of biofuel from 
synthesis gas using Clostridium ljungdahlii. Sci World J. 
2014;2014.  

27.  Lobacz A, Kowalik J, Tarczynska A. Modeling the growth of 
Listeria monocytogenes in mold-ripened cheeses. J Dairy Sci. 
2013;96(6):3449–60.  

28.  Huang Z-H, Ma A-J, Wang X-A, Lei J-L. The interaction of 
temperature, salinity and body weight on growth rate and feed 
conversion rate in turbot (Scophthalmus maximus). Aquaculture. 
2014;432:237–42.  

 
 


