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INTRODUCTION 
 
Some regions throughout the world, including the Black Sea, 
Tyrol in Austria, and Tokyo Bay, have reported heavy metal 
pollution with molybdenum levels in the hundreds of parts per 
billion [1]. In addition, terrestrially, it has been recognized as a 
significant pollutant in sewage sludge pollution that poses a 
health hazard [2]. Alloying agents, anti-freeze components for 
automotive engines, corrosion-resistant steel, and molybdenum 
disulfide, a lubricant, are just a few of the many uses for 
molybdenum that contribute to these pollutions. Even at low 
concentrations (a few parts per million), molybdenum is 
extremely poisonous to cows and other ruminant [3,4]. To date, 
quite a number of Mo-reducing bacteria have been isolated, and 

most of these bacteria were isolated locally [5–13], with the 
exception of a few [14–17]. Historical assessments have shown 
that molybdenum presents lower toxicity levels to humans and 
other organisms when compared to mercury, selenium, and 
chromium. This perspective has clarified the lack of research on 
molybdenum reduction as a detoxification method. The scientific 
community has conducted limited research about metabolic and 
microbiological pathways that convert molybdenum into less 
accessible compounds such as molybdenum blue. 
 

New toxicological research has revealed new insights on 
molybdenum toxicity. Research indicates that molybdenum 
produces substantial biological effects when present at 
concentrations as low as a few parts per million. Exposure to 

 

 

 

HISTORY 
 
Received: 28th Aug 2024 
Received in revised form: 25th Nov 2024 
Accepted: 24th Dec 2024 
 

 ABSTRACT 
The microbial detoxification process of molybdenum reduction to molybdenum blue directly 
correlates with bacterial development during Mo-blue production. The reduction process can be 
modeled mathematically to determine essential kinetic parameters, which include the specific 
Mo-blue production rate and theoretical maximum Mo-blue generation, as well as the possible 
effects of high molybdenum concentrations on the lag phase of reduction. Applying linearization 
techniques including natural logarithmic transformations remains common, but these methods 
deliver imprecise results that produce only approximate values for specific parameters such as 
the specific growth rate or specific Mo-blue production rate. This research introduced a complete 
range of nonlinear growth and models to study Mo-blue production from Burkholderia sp. strain 
Dr.Y27. The research incorporated nine growth models, including the modified Gompertz and 
modified Logistic. The modified logistic model demonstrated the highest fit to the Mo-blue 
production curve of Burkholderia sp. strain Dr.Y27 based on multiple statistical performance 
criteria which included root-mean-square error (RMSE), Marquardt percent standard deviation 
(MPSD), adjusted coefficient of determination (adjR²), bias factor (BF), accuracy factor (AF), 
Bayesian information criterion (BIC), Hannan-Quinn criterion (HQC), and the corrected Akaike 
information criterion (AICc). The Multi-Objective Optimization by Ratio Analysis or MOORA 
approach based on Ratio Analysis was applied to enhance model selection and is the first method 
used to find the best model for primary modeling of bacterial growth or Mo-blue production rate. 
The fitted model generated essential parameters to serve as a solid foundation for developing 
additional models that describe how environmental variables and substrate concentrations affect 
Mo-blue production. 
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molybdenum has been proven to cause reproductive problems in 
aquatic animals, including catfish and spermatogenesis 
dysfunction. Mice in mammalian models demonstrated similar 
results to molybdenum exposure, which caused developmental 
toxicity, stopped embryogenesis, and decreased reproductive 
criteria [18,19]. These risks of molybdenum contamination in 
disturbed ecosystems require remediation strategies. Bacterial 
molybdenum bioreduction produces molybdenum blue, a safe 
compound that should be considered a vital bioremediation 
method for reducing molybdenum toxicity in terrestrial and 
aquatic ecosystems. 
 

Mo-reduction by bacterium has benefited from nonlinear 
modeling using various primary models such as Logistic [20,21], 
Gompertz [21,22], Richards [21,23], Schnute [21], Baranyi-
Roberts [24], Von Bertalanffy [25,26], Buchanan three-phase 
[27] and more recently Huang model [28] to gain useful reduction 
parameters that can be further modeled using secondary models 
such as Haldane, Teissier, Aiba, Yano and Monod to name a few. 
Previous modeling efforts to fit molybdenum reduction rates in 
primary models [29–32]—as well as in other xenobiotic 
transformation processes [33–37], whether primary or 
secondary—have predominantly relied on manual consensus 
approaches based on error functions, particularly the adjusted 
coefficient of determination (adjusted R²) [38] that accounts for 
model complexity, corrected Akaike Information Criterion 
(AICc) [39,40], Bayesian Information Criterion (BIC) [41], 
Hannan and Quinn's Criterion (HQ) [42] to name a few.  

 
Although widely used, manual consensus selection is 

naturally susceptible to subjective bias, stressing the need for 
more methodical and objective model selection techniques. The 
Multi-Objective Optimization by Ratio Analysis (MOORA) 
method is one such tool; it provides a strong framework for 
simultaneously assessing several factors during decision-making. 
MOORA is included in the larger category of Multi-Criteria 
Decision-Making (MCDM) approaches, which also comprises 
well-known techniques like the Analytic Hierarchy Process 
(AHP) [43], Technique for Order Preference by Similarity to 
Ideal Solution (TOPSIS) [44], Preference Ranking Organization 
Method for Enrichment Evaluation (PROMETHEE) [45] and 
Weighted Sum Model (WSM) [46,47]. With its direct ratio-based 
approach that aggregates normalized performance values, the 
MOORA method eliminates the need for subjective preference 
assignments or complex iterative calculations, making it more 
efficient and suitable for small datasets compared to the other 
methods [48,49]. In this study, we present the first application of 
the MOORA method for selecting the best-fitting primary model 
in the field of bioreduction and biodegradation, using time-based 
Mo-blue production (molybdenum reduction) by the bacterium 
as a case study. 
 
MATERIALS AND METHODS 
 
Growth and maintenance of Burkholderia sp. Strain Dr.Y27 
The bacterium was a previously isolated Mo-reducing bacterium 
[50]. The maintenance and growth of the bacterium were carried 
out on either liquid medium or on solid agar, both in low 
phosphate medium (pH 7.0). The medium contained glucose 
(1%), (NH4)2SO4 (0.3%), NaCl (0.5%), yeast extract (0.05%), 
MgSO4.7H2O (0.05%), Na2MoO4.2H2O (0.242%) and Na2HPO4 
(0.071% or 5 mM) (Abo-Shakeer et al., 2013). Glucose must be 
autoclaved separately.  
 
 
 

Preparation of resting cells for molybdenum reduction 
characterization  
Using a static microplate (microtiter) test with resting bacterial 
cells, Mo-blue synthesis was tracked at different sodium 
molybdate concentrations as before [51]. Resting cells were 
collected from a 1 L overnight culture cultured in High Phosphate 
Medium (HPM) at room temperature with agitation at 150 rpm 
on an orbital shaker. The only difference between HPM and Low 
Phosphate Medium (LPM) was the phosphate concentration, 
which was kept at 100 mM in HPM. Centrifugation at 15,000 × 
g for 10 min recovered cells, which were then washed many times 
to remove leftover phosphate and resuspended in 20 mL of LPM 
without molybdenum.  
 

At 600 nm, the cell suspension was set to an optical density 
of about 1.00. Higher sodium molybdate concentrations 
significantly hindered the reduction process [50]. Each well of a 
sterile microplate received an aseptic 180 µL of the prepared cell 
solution dispensed into it. Each well received 20 µL of sodium 
molybdate at different concentrations, drawn from a stock 
solution, to start Mo-blue production. Room temperature 
incubation was then followed with sterile gas-permeable sealing 
tape (Corning® microplate) sealing the microplate. Using a 
BioRad Microtiter Plate Reader (Model 680, Richmond, CA), 
absorbance at 750 nm was recorded at specified time intervals. 
The specific extinction coefficient of 11.69 mM-1 cm-1 at 750 nm 
was used to quantify Mo-blue production in the microplate 
format, the maximum available filter wavelength for the plate 
reader [52].  
 
Fitting of the data 
Using nonlinear regression based on the Marquardt approach, 
which minimizes the sum of squared residuals, growth data were 
fitted to nonlinear equations (Table 1). CurveExpert Professional 
software (Version 1.6) was used for this study. The best fit is 
obtained in this iterative method by minimizing the difference 
between predicted and observed values. The program lets manual 
and automated entry of initial parameter estimates. A four-data 
point steepest ascent search produced the maximum specific 
growth rate (μm) or Mo-blue production rate. The x-axis intercept 
of the projected line from the sharpest ascent was used to find the 
lag phase duration (l). Taking the last data point signifying the 
plateau period allowed one to estimate the asymptotic value (A). 
 
Statistical analysis 
The following tests for statistical discrimination or error 
functions were utilized in this study: HQ (Hannan and Quinn's 
Criterion) [42], Bias Factor (BF), Accuracy Factor (AF) [53], 
root-mean-squared error (RMSE), adjusted coefficient of 
determination (R²) [38], corrected Akaike Information Criterion 
(AICc) [39,40], Marquardt's percent standard deviation (MPSD) 
[54–56] and Bayesian Information Criterion (BIC) [41]. In 
general, n is the total number of observations, Obi and Pdi are the 
predicted and observed values, and p is the total number of 
parameters of the model [57]. 
 
RMSE was calculated using the following formula; 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑ (𝑃𝑃𝑃𝑃𝑖𝑖−𝑂𝑂𝑂𝑂𝑖𝑖)2𝑛𝑛
𝑖𝑖=1

𝑛𝑛−𝑝𝑝
      (Eqn. 1) 

BF and AF were calculated using the following formula; 
 
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑓𝑓𝐵𝐵𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 10 �∑ 𝑙𝑙𝑓𝑓𝑙𝑙𝑛𝑛

𝑖𝑖=1
(𝑃𝑃𝑃𝑃𝑖𝑖/𝑂𝑂𝑂𝑂𝑖𝑖)

𝑛𝑛
�    (Eqn. 2) 

𝐴𝐴𝑓𝑓𝑓𝑓𝐴𝐴𝑓𝑓𝐵𝐵𝑓𝑓𝐴𝐴 𝑓𝑓𝐵𝐵𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 10 �∑ 𝑙𝑙𝑓𝑓𝑙𝑙𝑛𝑛
𝑖𝑖=1

|(𝑃𝑃𝑃𝑃𝑖𝑖/𝑂𝑂𝑂𝑂𝑖𝑖)|
𝑛𝑛

�  (Eqn. 3) 
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AICc was calculated using the following formula; 
 
𝐴𝐴𝐴𝐴𝐴𝐴𝑓𝑓 = 2𝑝𝑝 + 𝑛𝑛ln �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 2(𝑝𝑝+1)+2(𝑝𝑝+2)

𝑛𝑛−𝑝𝑝−2
   (Eqn. 4) 

 
BIC was calculated using the following formula; 
𝐵𝐵𝐴𝐴𝐴𝐴 = 𝑛𝑛In �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 𝑘𝑘In(𝑛𝑛)      (Eqn. 5) 

 
HQC was calculated using the following formula; 
𝐻𝐻𝐻𝐻𝐴𝐴 = 𝑛𝑛𝐴𝐴𝑛𝑛 �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 2𝑘𝑘In(In 𝑛𝑛)     (Eqn. 6) 

 
Adjusted coefficient of determination (R²) was calculated using the 
following formula; 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐵𝐵𝑓𝑓𝐴𝐴𝐴𝐴 (𝑅𝑅2) = 1 − 𝑅𝑅𝑅𝑅𝑅𝑅

𝑅𝑅𝑌𝑌
2           (Eqn. 7) 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐵𝐵𝑓𝑓𝐴𝐴𝐴𝐴 (𝑅𝑅2) = 1 − (1−𝑅𝑅2)(𝑛𝑛−1)
(𝑛𝑛−𝑝𝑝−1)

    (Eqn. 8) 
 
MPSD was calculated using the following formula; 

𝑅𝑅𝑀𝑀𝑅𝑅𝑀𝑀 = 100� 1
𝑛𝑛−𝑝𝑝

∑ �𝑂𝑂𝑂𝑂𝑖𝑖−𝑃𝑃𝑃𝑃𝑖𝑖
𝑂𝑂𝑂𝑂𝑖𝑖

�
2

𝑛𝑛
𝑖𝑖=1     (Eqn. 9) 

 
Table 1. Mo-blue production models used in this study. 
 
 
Model p Equation 
 
Modified Logistic 

 
3 
 

𝐴𝐴 =
𝐴𝐴

1 + 𝐴𝐴𝑒𝑒𝑝𝑝 �4𝜇𝜇𝑚𝑚𝐴𝐴 (𝜆𝜆 − 𝑓𝑓) + 2�
 

 
 
Modified 
Gompertz 

 
3 

𝐴𝐴 = 𝐴𝐴𝐴𝐴𝑒𝑒𝑝𝑝 �−𝐴𝐴𝑒𝑒𝑝𝑝 �
𝜇𝜇𝑚𝑚. 𝐴𝐴
𝐴𝐴

(𝜆𝜆 − 𝑓𝑓) + 1�� 

 
 
Modified 
Richards 

 
 
4 

𝐴𝐴 = 𝐴𝐴 �1 + 𝑣𝑣𝐴𝐴𝑒𝑒𝑝𝑝(1 + 𝑣𝑣)𝐴𝐴𝑒𝑒𝑝𝑝 �
𝜇𝜇𝑚𝑚
𝐴𝐴

(1 + 𝑣𝑣) �1 +
1
𝑣𝑣�

(𝜆𝜆

− 𝑓𝑓)��
�−1𝑣𝑣 �

 

 
 
Modified Schnute 

 
4 𝐴𝐴 = �𝜇𝜇𝑚𝑚

(1 − 𝛽𝛽)
𝛼𝛼 � �

1 − 𝛽𝛽𝐴𝐴𝑒𝑒𝑝𝑝(𝛼𝛼𝜆𝜆 + 1 − 𝛽𝛽 − 𝛼𝛼𝑓𝑓)
1 − 𝛽𝛽 �

1
𝛽𝛽

 

 
 
Baranyi- 
Roberts 
 

 
 
4 

 

𝐴𝐴 = 𝑁𝑁0 + 𝜇𝜇𝑚𝑚𝑓𝑓 +
1
𝜇𝜇𝑚𝑚

𝑙𝑙𝑛𝑛(𝐴𝐴−𝜇𝜇𝑚𝑚𝑡𝑡 + 𝐴𝐴−ℎ0 − 𝐴𝐴−𝜇𝜇𝑚𝑚𝑡𝑡−ℎ0) 

−𝑙𝑙𝑛𝑛 �1 +
𝐴𝐴𝜇𝜇𝑚𝑚𝑡𝑡+

1
𝜇𝜇𝑚𝑚

𝑙𝑙𝑛𝑛�𝑒𝑒−𝜇𝜇𝑚𝑚𝑡𝑡+𝑒𝑒−ℎ0−𝑒𝑒−𝜇𝜇𝑚𝑚𝑡𝑡−ℎ0�

𝐴𝐴(𝐴𝐴−𝑁𝑁0) � 

 
Von Bertalanffy 

 
3 𝐴𝐴 = 𝑘𝑘 �1 − �1 − �

𝐴𝐴
𝑘𝑘�

3

� 𝐴𝐴𝑒𝑒𝑝𝑝−�
𝜇𝜇𝑚𝑚𝑡𝑡
3𝑘𝑘 �

1
3
� 

 
 
Huang 

 
4 

𝐴𝐴 = 𝐴𝐴 + 𝜇𝜇𝑚𝑚 − 𝑙𝑙𝑛𝑛�𝐴𝐴𝐴𝐴 + (𝐴𝐴𝜇𝜇𝑚𝑚 − 𝐴𝐴𝐴𝐴)𝐴𝐴−𝜇𝜇𝑚𝑚𝐵𝐵(𝑡𝑡)� 

𝐵𝐵(𝑓𝑓) = 𝑓𝑓 +
1
𝛼𝛼 𝑙𝑙𝑛𝑛

1 + 𝐴𝐴−𝛼𝛼(𝑡𝑡−𝜆𝜆)

1 + 𝐴𝐴𝛼𝛼𝜆𝜆
 

 
 
Buchanan  
Three-phase 
linear model 
 

 
 
3 

 

 

Morgan-Mercer-
Flodin (MMF) 

 
4 𝐴𝐴 = 𝐴𝐴 −

(𝐴𝐴 − 𝛽𝛽)
1 + (𝜇𝜇𝑚𝑚𝑓𝑓)𝛿𝛿

 

 
Note: 
A= Microorganism growth upper asymptote; 
N0= Microorganism growth lower asymptote; 
um= maximum specific microorganism growth rate or Mo-blue production rate; 
v= affects near which asymptote maximum growth occurs. 
λ=lag time 
e = exponent (2.718281828) 
t = sampling time 
α,β,k,δ = curve fitting parameters 
h0 = a dimensionless parameter quantifying the initial physiological state of the 
reduction process. For the Baranyi-Roberts model, the lag time (𝜆𝜆) (h-1) or (d-1) can 
be calculated as h0=μm 

For modified Schnute, A =m/a 
 
 
 

Application of Multi-objective Optimization by Ratio 
Analysis (MOORA) in Modeling 
For the modeling exercise's multi-criteria decision-making 
(MCDM), we used MOORA, since the best models typically 
have a combination of error function superiority. Through the 
simultaneous evaluation of numerous performance criteria, this 
approach makes it easier to identify the ideal model [58,59]. As 
a first step in the process, the decision matrix was standardized 
to make it easier to compare various performance measures. The 
following equation must be used for normalization because the 
units and magnitudes of these measurements can vary.: 
 
𝑋𝑋𝑖𝑖𝑖𝑖′ = 𝑋𝑋𝑖𝑖𝑖𝑖

�∑ 𝑋𝑋𝑖𝑖𝑖𝑖
2𝑛𝑛

𝑖𝑖=1

        (Eqn. 10) 

 
Where Xij is the original value of the jth metric for the ith model, 
and Xiij is the normalized value. 
 
Ratio System Analysis 
The aggregated normalized numbers were subsequently 
calculated using a ratio technique. Using the following formula, 
we added up the advantageous criteria (adjR2) and removed the 
non-beneficial criteria (the remaining error functions) or those 
that should be minimized. Here, we use a cost function for the 
error function bias factor (BF) or CBF=∣1−BF∣ whilst the cost 
function for the error function accuracy factor (AF) or 
CAF=AF−1. 
 
𝑌𝑌𝑖𝑖 = ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′ −𝑂𝑂𝑒𝑒𝑛𝑛𝑒𝑒𝑏𝑏𝑖𝑖𝑏𝑏𝑖𝑖𝑏𝑏𝑙𝑙 ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′𝑛𝑛𝑛𝑛𝑛𝑛−𝑂𝑂𝑒𝑒𝑛𝑛𝑒𝑒𝑏𝑏𝑖𝑖𝑏𝑏𝑖𝑖𝑏𝑏𝑙𝑙    (Eqn. 11)  
 
Where Yi is the final score for the ith model. It is recommended to 
use weighted ratios in cases when some criteria are considered 
more important than others. There is currently no evidence in the 
literature to support the recommendation to incorporate 
Weighted Ratios because there is no consensus on which error 
functions mentioned above are more important. Finally, models 
are ranked according to their total performance ratings. A higher 
score meant that the performance was better. The decision-
making criteria were as follows: the model with the highest value 
was deemed the most optimal. Using this approach, we were able 
to compare kinetic models systematically and objectively, which 
helped us find the model that performed the best across all of our 
performance parameters. 
 
RESULTS AND DISCUSSION 
 
For decades, researchers have relied on linear regression to 
ascertain the slope of a growth curve or xenobiotics 
transformation parameters after manually estimating the nearly 
linear portion of the curve. An improved approach would be to 
use a nonlinear regression growth model to characterize the 
whole dataset and then use the model to estimate µm, λ, and A 
[60]. Theses parameters can then be used for further secondary 
modeling like Monod, Haldane, Aiba, and Teissier [7,61]. 
 

Fig. 1 shows that after roughly 50 hours of static incubation, 
the bacterium's Mo-blue production reached its maximum, 
following a sigmoidal pattern that began with a lag phase of 
around 15 hours. Nine distinct models were fitted using the Mo-
blue production overtime profile (Figs. 2 to 10). Fig. 11 displays 
the visually acceptable fitting that resulted from the fitting. The 
improved logistics model outperformed the others, achieving the 
best results in terms of adjusted R2, RMSE, and AICc. The 
model's AF and BF values, which were near 1.0, were also 
excellent (Table 2). The modified logistic model was confirmed 
as the best model upon further analysis using MOORA (Table 
3). 

Y = N0, IF X < LAG 
Y= N0+ K(X ̶ λ), IF λ ≤ X ≥ XMAX 

Y = A, IF X ≥ XMAX 
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Fig. 1. Time series graphs showing the natural log-transformed values for 
Mo-blue synthesis of different sodium molybdate concentrations.  

 
Fig. 2. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to Huang (HG), 

 
Fig. 3. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to Baranyi-Roberts (BR). 

 
Fig. 4. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to Buchanan-three phase (B3P). 

 
Fig. 5. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to modified Logistics (ML).

 
Fig. 6. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to modified Richards (MR). 
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Fig. 7. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to von Bertalanffy (VB). 
 

 
Fig. 8. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to modified Gompertz (MG). 
 

 
Fig. 9. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to modified Schnute (MS). 

 
Fig. 10. The Mo-blue production curve at 25 mM of sodium molybdate 
fitted to Morgan-Mercer-Flodin (MMF). 
 
Table 2. Statistical analysis of the various fitted models. 
 
Model p MPSD RMSE R2 adR2 AICc BIC HQC BF AF 
Huang 4 4.600 0.046 1.00 0.995 -65.426 -80.37 -83.16 1.001 1.007 
Baranyi-Roberts 4 9.103 0.091 0.99 0.981 -46.313 -61.26 -64.05 0.993 1.009 
Mod Gompertz 3 3.016 0.030 1.00 0.998 -82.971 -93.50 -95.59 1.001 1.006 
Buchanan-3-phase 3 5.339 0.053 1.00 0.994 -66.974 -77.50 -79.60 0.995 1.008 
Mod Richard 4 4.788 0.048 1.00 1.00 -64.307 -79.25 -82.04 0.829 1.007 
Mod Schnute 4 2.230 0.022 1.00 0.999 -85.695 -100.64 -103.43 1.000 1.004 
Mod Logistics 3 2.079 0.021 1.00 0.999 -93.380 -103.91 -106.00 1.000 1.003 
on Bertalanffy 3 6.266 0.063 0.99 0.992 -62.495 -73.02 -75.12 1.002 1.009 
MMF 4 3.119 0.031 1.00 0.998 -76.307 -91.25 -94.04 1.000 1.007 
Note: 
p  no of parameters 
 
Table 3. MOORA ranking of the error functions. 
 

Model Cost function Rank 
Modified Logistics -124.19 1 
Modified Schnute -113.29 2 
Modified Gompertz -100.15 3 
MMF -92.60 4 
Huang -71.73 5 
Modified Richard -69.89 6 
Buchanan-3-phase -69.20 7 
on Bertalanffy -62.01 8 
Baranyi-Roberts -44.89 9 

 

 
Fig. 11. The Mo-blue production curves for various concentrations of 
sodium molybdate fitted using the modified logistics model. 
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MOORA uses a decision matrix incorporating several 
performance metrics to rank models. Each criterion is given a 
weight, and models are ranked according to their normalized 
performance ratings. In contrast to traditional model selection, 
which could prioritize a high R2 value even in the face of 
significant SSE deviations, MOORA considers several 
frequently contradictory indications to guarantee a 
comprehensive assessment [58,59,62–64]. 
 

The MOORA method has not been applied previously to 
evaluate and rank primary or secondary growth models of 
bacteria. The MOORA method is a strong decision-making tool 
that enables simultaneous evaluation of multiple criteria to rank 
different alternatives. MOORA provides thorough performance 
assessments of alternatives through ratio analysis, enabling 
decision-makers to make informed choices while understanding 
the trade-offs between competing objectives [59]. The approach 
has been widely applied in finance, engineering, and 
environmental management but not in microbial growth 
modeling. The primary growth models describe microbial growth 
as a function of time by focusing on growth rate and lag time, but 
secondary growth models incorporate environmental factors such 
as temperature, pH, and water activity to affect these parameters.  

 
The application of MOORA to rank microbial growth 

models with multiple objectives remains unexplored despite its 
proven success in solving complex multi-objective problems. 
The Analytic Hierarchy Process (AHP) and the Technique for 
Order of Preference by Similarity to Ideal Solution (TOPSIS) are 
two other multi-criteria decision-making (MCDM) techniques 
that are commonly used for similar purposes. The Analytic 
Hierarchy Process (AHP) enables systematic evaluation of 
options through the hierarchical organization of decision issues. 
TOPSIS ranks alternatives by measuring their geometric distance 
from an ideal solution and enables trade-offs across criteria, thus 
providing a realistic decision-making modeling technique [65]. 
 

Including a variety of variables in the model selection 
process improves objectivity and guarantees clear and repeatable 
results. MOORA is a perfect tool for predictive microbiology 
research because it can balance several statistical variables, such 
as error functions, model complexity penalties, and performance 
accuracy. This work showcasing the modified Logistics as the 
best model is a first because MOORA has not been used for 
bacterial growth or the ranking of the Mo-blue production model. 
To develop a more thorough and impartial model selection 
procedure in bioreduction investigations, future studies should 
investigate the integration of MCDM frameworks with 
conventional error functions. 
 
  The logistic model represents one of the earliest 
mathematical models which simulates microbial growth 
dynamics. The model was created to describe population growth 
under resource constraints, but microbiologists have adapted it 
for microbial systems because it effectively represents sigmoidal 
growth curves. The logistic model applied in microbiology 
actually represents three identifiable growth phases that include 
initially the lag phase. This is then followed by exponential 
growth and then stationary phase. The equation contains three 
essential variables which include maximum specific growth rate 
(μₘ), lag time (λ) and maximum population size or carrying 
capacity (Aₘₐₓ) that represents environmental constraints or 
nutrient depletion.  The model shows an accurate representation 
of declining growth rates because populations face increased 
competition for scarce resources when approaching Aₘₐₓ.  
 

The model serves as a fundamental tool in microbial kinetics 
because it requires minimal parameters and remains open to 
modification. The logistic model provides biologically 
meaningful values which serve as inputs for advanced secondary 
modeling systems.A differential equation provides the growth 
rate or Mo-blue production rate based on the model as follows; 









−=

max
1

A
AAmdt

dA µ
      (Eqn. 12)  

 
The highest specific growth rate or Mo-blue production rate is 
μm, the starting population density or bacterial cell number 
(CFU/ml), or maximum Mo-blue produced at time t. Amax is the 
highest bacterial cell number (CFU/ml) or Mo-blue production at 
the stationary phase. This is commonly referred to as the 
environment's carrying capacity. In the logictics model, the term 
1–A/Amax suppresses the growth rate at large bacterial cell 
numbers (CFU/ml) or or Mo-blue production. The growth rate is 
unaffected when the term is converted to nearly one by a reduced 
A value, which is frequently observed during the lag phase. The 
growth rate at the stationary phase is nearly zero when the value 
of A approaches Amax at high Mo-blue production or bacterial cell 
number (CFU/ml), which changes the term to nearly zero. The 
curve that results is sigmoidal. It is Gibson et al.'s 
groundbreaking work [66] that modified the logistic model to be 
used to fit bacterial growth data as follows: 

( )( )[ ]mtb
caA −−++= exp1log

    (Eqn. 13)  
 
The exp is an exponential function and a, b, b, and m are model 
parameters. The logistics model is routinely used alongside the 
modified Gompertz model to fit the growth of microorganisms 
[67–71], which indicates the model versatility. The parameters 
maximum Mo-blue production rate (µm), lag time (λ) and 
maximal Mo-blue production (Ymax) are obtained from the 
nonlinear regression modeling.   
 
CONCLUSION 
 
The research findings demonstrate that the modified logistic 
model provides the most accurate representation of Mo-blue 
production by the studied bacterium throughout the time period. 
The adjR², RMSE, and AICc statistical fit criteria enabled the 
model to represent lag, exponential, and stationary production 
phases accurately. Implementing MOORA as a multi-criteria 
decision-making tool during model selection enhanced the 
objectivity and dependability of model assessment. MOORA 
provided an extensive evaluation process that moved past 
traditional single-indicator limitations by assessing multiple 
statistical measures simultaneously. This research presents the 
initial recorded application of MOORA for evaluating and 
ranking bacterial growth and product generation models. The 
method's successful application in this scenario demonstrates its 
potential for wider adoption in bioprocess modeling when 
multiple competing criteria affect model performance. The 
modeling output, including maximal production rate, lag time 
and final yield now functions as fundamental parameters for 
conducting secondary modeling incorporating environmental 
elements. The research demonstrates both the optimal growth 
model for Mo-blue production and develops a robust decision-
making framework that can be applied to future modeling studies 
in environmental microbiology and biotechnology. 
 
 
 
 

https://doi.org/10.54987/jebat.v5i2


JEBAT, 2024, Vol 7, No 2, 17-24 
https://doi.org/10.54987/jebat.v7i2.1033   

- 23 - 
This work is licensed under the terms of the Creative Commons Attribution (CC BY) (http://creativecommons.org/licenses/by/4.0/). 

 

REFERENCES 
 
1.  King RB, Long K, Sheldon JK. Practical Environmental 

Bioremediation. The Field Guide. Lewis Publisher, Florida; 1992.  
2.  Neunhäuserer C, Berreck M, Insam H. Remediation of soils 

contaminated with molybdenum using soil amendments and 
phytoremediation. Water Air Soil Pollut. 2001;128(1–2):85–96.  

3.  Underwood EJ. Environmental sources of heavy metals and their 
toxicity to man and animals. 1979;11(4–5):33–45.  

4.  Kincaid RL. Toxicity of ammonium molybdate added to drinking 
water of calves. J Dairy Sci. 1980;63(4):608–10.  

5.  Abo-Shakeer LKA, Ahmad SA, Shukor MY, Shamaan NA, Syed 
MA. Isolation and characterization of a molybdenum-reducing 
Bacillus pumilus strain lbna. J Environ Microbiol Toxicol. 
2013;1(1):9–14.  

6.  Lim HK, Syed MA, Shukor MY. Reduction of molybdate to 
molybdenum blue by Klebsiella sp. strain hkeem. J Basic 
Microbiol. 2012;52(3):296–305.  

7.  Othman AR, Bakar NA, Halmi MIE, Johari WLW, Ahmad SA, 
Jirangon H, et al. Kinetics of molybdenum reduction to 
molybdenum blue by Bacillus sp. strain A.rzi. BioMed Res Int. 
2013;2013.  

8.  Shukor MY, Ahmad SA, Nadzir MMM, Abdullah MP, Shamaan 
NA, Syed MA. Molybdate reduction by Pseudomonas sp. strain 
DRY2. J Appl Microbiol. 2010;108(6):2050–8.  

9.  Shukor MY, Habib SHM, Rahman MFA, Jirangon H, Abdullah 
MPA, Shamaan NA, et al. Hexavalent molybdenum reduction to 
molybdenum blue by S. marcescens strain Dr. Y6. Appl Biochem 
Biotechnol. 2008;149(1):33–43.  

10.  Shukor MY, Rahman MF, Shamaan NA, Syed MS. Reduction of 
molybdate to molybdenum blue by Enterobacter sp. strain Dr.Y13. 
J Basic Microbiol. 2009;49(SUPPL. 1):S43–54.  

11.  Shukor MY, Rahman MF, Suhaili Z, Shamaan NA, Syed MA. 
Hexavalent molybdenum reduction to Mo-blue by Acinetobacter 
calcoaceticus. Folia Microbiol (Praha). 2010;55(2):137–43.  

12.  Shukor MY, Rahman MF, Suhaili Z, Shamaan NA, Syed MA. 
Bacterial reduction of hexavalent molybdenum to molybdenum 
blue. World J Microbiol Biotechnol. 2009;25(7):1225–34.  

13.  Yunus SM, Hamim HM, Anas OM, Aripin SN, Arif SM. Mo (VI) 
reduction to molybdenum blue by Serratia marcescens strain Dr. 
Y9. Pol J Microbiol. 2009;58(2):141–7.  

14.  Campbell AM, Del Campillo-Campbell A, Villaret DB. Molybdate 
reduction by Escherichia coli K-12 and its chl mutants. Proc Natl 
Acad Sci U S A. 1985;82(1):227–31.  

15.  Capaldi A, Proskauer B. Beiträge zur Kenntniss der Säurebildung 
bei Typhus-bacillen und Bacterium coli - Eine differential-
diagnostische Studie. Z Für Hyg Infect. 1896;23(3):452–74.  

16.  Khan A, Halmi MIE, Shukor MY. Isolation of Mo-reducing 
bacterium in soils from Pakistan. J Environ Microbiol Toxicol. 
2014;2(1):38–41.  

17.  Levine VE. The reducing properties of microorganisms with special 
reference to selenium compounds. J Bacteriol. 1925;10(3):217–63.  

18.  Yamaguchi S, Miura C, Ito A, Agusa T, Iwata H, Tanabe S, et al. 
Effects of lead, molybdenum, rubidium, arsenic and 
organochlorines on spermatogenesis in fish: Monitoring at Mekong 
Delta area and in vitro experiment. Aquat Toxicol. 2007;83(1):43–
51.  

19.  Zhang YL, Liu FJ, Chen XL, Zhang ZQ, Shu RZ, Yu XL, et al. 
Dual effects of molybdenum on mouse oocyte quality and ovarian 
oxidative stress. Syst Biol Reprod Med. 2013;59(6):312–8.  

20.  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. (Bioenergetics and Growth; vol. 
Volume 8). Available from: 
http://www.sciencedirect.com/science/article/pii/S1546509808600
345 

21.  Zwietering MH, Jongenburger I, Rombouts FM, Van’t Riet K. 
Modeling of the bacterial growth curve. Appl Environ Microbiol. 
1990;56(6):1875–81.  

22.  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.  

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

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

25.  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.  

26.  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.  

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

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

29.  Halmi MIE, Abdullah SRS, Johari WLW, Ali MSM, Shaharuddin 
NA, Khalid A, et al. Modelling the kinetics of hexavalent 
molybdenum (Mo6+) reduction by the Serratia sp. strain MIE2 in 
batch culture. Rendiconti Lincei. 2016 Dec 1;27(4):653–63.  

30.  Othman AR, Bakar NA, Halmi MIE, Johari WLW, Ahmad SA, 
Jirangon H, et al. Kinetics of molybdenum reduction to 
molybdenum blue by Bacillus sp. strain A.rzi. BioMed Res Int. 
2013;2013:Article number 371058.  

31.  Yakasai HM, Babandi A, Ibrahim S. Modelling the Inhibition 
Kinetics of Molybdenum Reduction by the Molybdate-reducing 
Enterobacter cloacae. Bull Environ Sci Sustain Manag. 2020 Dec 
31;4(2):11–7.  

32.  Yakasai HM, Babandi A, Manogaran M. Modelling the Kinetics 
Molybdenum Reduction Rate by Morganella sp. J Environ 
Microbiol Toxicol. 2020 Dec 31;8(2):18–23.  

33.  Dey S, Mukherjee S. Performance and kinetic evaluation of phenol 
biodegradation by mixed microbial culture in a batch reactor. Int J 
Water Resour Environ Eng. 2010;2(3):40–9.  

34.  Ibrahim S, Mansur A, Ahmad SA. Mathematical Modelling of the 
Growth of Caulobacter crescentus on Caffeine. J Environ 
Microbiol Toxicol. 2018 Dec 31;6(2):13–7.  

35.  Ingram HR, Martin RJ, Winterburn JB. Optimized cell growth and 
poly(3-hydroxybutyrate) synthesis from saponified spent coffee 
grounds oil. Appl Microbiol Biotechnol. 2022 Sep 1;106(18):6033–
45.  

36.  Schröder M, Müller C, Posten C, Deckwer WD, Hecht V. Inhibition 
kinetics of phenol degradation from unstable steady-state data. 
Biotechnol Bioeng. 1997 Jun 20;54(6):567–76.  

37.  Szilveszter S, Fikó DR, Máthé I, Felföldi T, Ráduly B. Kinetic 
characterization of a new phenol degrading Acinetobacter towneri 
strain isolated from landfill leachate treating bioreactor. World J 
Microbiol Biotechnol. 2023 Jan 17;39(3):79.  

38.  Ezekiel M. The Sampling Variability of Linear and Curvilinear 
Regressions: A First Approximation to the Reliability of the Results 
Secured by the Graphic “Successive Approximation” Method. Ann 
Math Stat. 1930;1(4):275–333.  

39.  Akaike H. A New Look at the Statistical Model Identification. IEEE 
Trans Autom Control. 1974;19(6):716–23.  

40.  Burnham KP, Anderson DR. Multimodel inference: Understanding 
AIC and BIC in model selection. Sociol Methods Res. 
2004;33(2):261–304.  

41.  Schwarz G. Estimating the Dimension of a Model. Ann Stat. 
1978;6(2):461–4.  

42.  Hannan EJ, Quinn BG. The Determination of the Order of an 
Autoregression. J R Stat Soc Ser B Methodol. 1979;41(2):190–5.  

43.  Saaty TL. The Analytic Hierarchy Process: Planning, Priority 
Setting, Resource Allocation. New York: McGraw-Hill; 1980. 287 
p.  

44.  Hwang CL, Yoon K. Multiple Attribute Decision Making: Methods 
and Applications A State-of-the-Art Survey. 1st edition. Berlin 
Heidelberg: Springer; 1981. 280 p.  

45.  Brans JP. L’ingénierie de la décision; elaboration d’instruments 
d’aide à la décision. La méthode PROMETHEE [Decision 
engineering; development of decision support tools. The 
PROMETHEE method]. In: Nadeau R, Landry M, editors. L’aide à 
la décision: nature, instruments et perspectives d’avenir. Québec, 
Canada: Presses de l’Université Laval; 1982. p. 183-213.  

46.  Fishburn PC. Additive Utilities with Incomplete Product Sets: 
Application to Priorities and Assignments. Oper Res. 1967 May 
1;15:537.  

47.  Triantaphyllou E. Multi-criteria Decision Making Methods: A 
Comparative Study. 2000th edition. Dordrecht: Springer; 2000. 320 
p.  

https://doi.org/10.54987/jebat.v5i2


JEBAT, 2024, Vol 7, No 2, 17-24 
https://doi.org/10.54987/jebat.v7i2.1033   

- 24 - 
This work is licensed under the terms of the Creative Commons Attribution (CC BY) (http://creativecommons.org/licenses/by/4.0/). 

 

48.  Hamurcu M, Eren T. Applications of the MOORA and TOPSIS 
methods for decision of electric vehicles in public transportation 
technology. Transport. 2022 Nov 18;37:251–63.  

49.  Homayounfar M, Fadaei M, Gheibdoust H, Rezaee Kelidbari H. A 
Systematic Literature Review on MOORA Methodologies and 
Applications. Iran J Oper Res. 2022 Jan 1;13:164–83.  

50.  Halmi MIE, Gusmanizar N, Syed MA, Shamaan NA. 
Characterization of a Molybdenum-reducing Burkholderia sp. 
Dr.Y27 with Phenol and Acrylamide-degrading Capability. Bull 
Environ Sci Sustain Manag E-ISSN 2716-5353. 2023 Dec 
31;7(2):58–67.  

51.  Shukor MS, Shukor MY. A microplate format for characterizing the 
growth of molybdenum-reducing bacteria. J Environ Microbiol 
Toxicol. 2015;2(2).  

52.  Shukor MY, Lee CH, Omar I, Karim MIA, Syed MA, Shamaan NA. 
Isolation and characterization of a molybdenum-reducing enzyme 
in Enterobacter cloacae strain 48. Pertanika J Sci Technol. 
2003;11(2):261–72.  

53.  Ross T. Indices for performance evaluation of predictive models in 
food microbiology. J Appl Bacteriol. 1996;81(5):501–8.  

54.  Marquardt DW. An Algorithm for Least-Squares Estimation of 
Nonlinear Parameters. J Soc Ind Appl Math. 1963;11(2):431–41.  

55.  Seidel A, Gelbin D. On applying the ideal adsorbed solution theory 
to multicomponent adsorption equilibria of dissolved organic 
components on activated carbon. Chem Eng Sci. 1988 Jan 
1;43(1):79–88.  

56.  Porter JF, McKay G, Choy KH. The prediction of sorption from a 
binary mixture of acidic dyes using single- and mixed-isotherm 
variants of the ideal adsorbed solute theory. Chem Eng Sci. 
1999;54(24):5863–85.  

57.  Motulsky HJ, Ransnas LA. Fitting curves to data using nonlinear 
regression: a practical and nonmathematical review. FASEB J. 
1987;1(5):365–74.  

58.  Karel W, Brauers W, Zavadskas E. The MOORA method and its 
application to privatization in a transition economy. Control 
Cybern. 2006 Jan 1;35.  

59.  Brauers W. Multi-objective seaport planning by MOORA decision 
making. Ann Oper Res. 2013 Jul 1;206.  

60.  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.  

61.  Agarry SE, Audu TOK, Solomon BO. Substrate inhibition kinetics 
of phenol degradation by Pseudomonas fluorescence from steady 
state and wash-out data. Int J Environ Sci Technol. 2009;6(3):443–
50.  

62.  Brauers WK. Multiobjective optimization (moo) in privatization. J 
Bus Econ Manag. 2004 Jan 1;5(2):59–65.  

63.  Rahim R, Siahaan APU, Farta Wijaya R, Hantono H, Aswan N, 
Thamrin S, et al. Technique for Order of Preference by Similarity 
to Ideal Solution (TOPSIS) method for decision support system in 
top management. Int J Eng Technol. 2018 Jan 1;7:290–3.  

64.  Barik T, Parida S, Pal K. Optimizing Process Parameters in Drilling 
of CFRP Laminates: A Combined MOORA–TOPSIS–VIKOR 
Approach. Fibers Polym. 2024 May 1;25(5):1859–76.  

65.  Azari A, Nabizadeh R, Mahvi AH, Nasseri S. Integrated Fuzzy 
AHP-TOPSIS for selecting the best color removal process using 
carbon-based adsorbent materials: multi-criteria decision making 
vs. systematic review approaches and modeling of textile 
wastewater treatment in real conditions. Int J Environ Anal Chem. 
2022 Dec 28;102(18):7329–44.  

66.  Gibson AM, Bratchell N, Roberts TA. The effect of sodium 
chloride and temperature on the rate and extent of growth of 
Clostridium botulinum type A in pasteurized pork slurry. J Appl 
Bacteriol. 1987;62(6):479–90.  

67.  Lu X, Withers MR, Seifkar N, Field RP, Barrett SRH, Herzog HJ. 
Biomass logistics analysis for large scale biofuel production: Case 
study of loblolly pine and switchgrass. Bioresour Technol. 
2015;183:1–9.  

68.  Mondala A, Hernandez R, French T, Green M, McFarland L, 
Ingram L. Enhanced microbial oil production by activated sludge 
microorganisms from sugarcane bagasse hydrolyzate. Renew 
Energy. 2015;78:114–8.  

69.  Muralidharan R, Radha KV. A kinetic study of 
polyhydroxybutyrate production on nitrogen limited medium using 

Bacillus subtilis MTCC 9763 through a two stage cultivation 
strategy. J Environ Biol. 2015;36(3):537–42.  

70.  Musavi SF, Dhavale A, Balakrishnan RM. Optimization and kinetic 
modeling of cell-associated camptothecin production from an 
endophytic fusarium oxysporum NFX06. Prep Biochem 
Biotechnol. 2015;45(2):158–72.  

71.  Zerbini PE, Vanoli M, Rizzolo A, Grassi M, Pimentel RMDA, 
Spinelli L, et al. Optical properties, ethylene production and 
softening in mango fruit. Postharvest Biol Technol. 2015;101:58–
65.  

 

https://doi.org/10.54987/jebat.v5i2

	INTRODUCTION

