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ABSTRACT:  

Aim: This study investigated the bioremediation potential of  P.  taichungensis strain MAHA-MIE- 

Cr(VI)-resistant bacterium, through systematic screening, biochemical and molecular 

characterisation, and optimisation of operational conditions. 

Methods: The approach involved isolating and identifying Cr(VI)-resistant bacteria through 16S 

RNA sequencing, followed by optimisation of hexavalent chromium Cr(VI) bioreduction using 

response surface methodology integrated with artificial neural network (RSM–ANN) modelling. 

The effects of three independent variables: nutrient broth concentration, pH and Cr(VI) 

concentration on bioreduction efficiency were examined. 

Results: Among thirty-one Cr(VI)-resistant isolates obtained from contaminated soil, strain Cr-

RB18 exhibited the highest Cr(VI) reduction capacity. Biochemical analysis characterised the 

isolate as Gram-variable, facultatively anaerobic, motile, catalase-positive, capable of hydrolysing 

starch and producing H₂S. Molecular identification confirmed it as P. taichungensis strain MAHA-

MIE. Under ANN-optimal conditions—9.56 g/L nutrient broth concentration, pH 6.48, and 69.57 

ppm Cr(VI), the strain achieved a maximum Cr(VI) reduction of 99.17%. The model exhibited 

excellent predictive accuracy, with R² = 0.99, RMSE = 1.00, SEP = 1.56%, and RPD = 0.63%. 

Conclusion: These findings highlight strain MAHA-MIE as a promising candidate for 

bioremediation of Cr(VI)-contaminated environments, warranting further investigation for field-

scale application. 

 

1. Introduction 

Cr(VI) is an inherently lethal contaminant due to its 

carcinogenic, mutagenic, and strong oxidizing properties 

(Wei et al., 2022). However, Cr(VI) compounds are 

extensively employed in industrial processes such as 

electroplating, leather tanning, and textile dyeing (Kao 

et al., 2021). Due to its non-biodegradable nature and 

continuous release, it persists in the environment and 

accumulates in the food chain, posing a serious threat to 

ecosystems and underscoring the urgent need for 

effective and safe reduction techniques (Yu et al., 2022). 

The remediation methods for Cr(VI) contamination 

http://www.jchr.org/


  

 

876 

Journal of Chemical Health Risks 

www.jchr.org 

JCHR (2026) 16(1), 875-896 | ISSN:2251-6727 

primarily include conventional methods such as 

chemical reduction, precipitation, flotation, solvent 

extraction, and various membrane-based techniques are 

often costly, inefficient, and non-selective, and may 

generate secondary pollutants (Anderson et al., 2022; 

Ukhurebor et al., 2021). Duo to these limitations, 

attention has increasingly shifted toward more 

sustainable alternatives, with biological remediation 

emerging as a promising and environmentally friendly 

option for heavy metal removal (Elahi et al., 2020; Nacer 

et al., 2021).  

     Bioremediation is a biological process that minimises 

the severity of pollutants by degrading or removing 

complex toxic compounds and converting them into less 

toxic forms with the mediation of biological agents 

(Ajona & Vasanthi, 2021). The microbial approach 

offers several advantages including rapid growth rates, 

low operational cost, minimal energy requirements, and 

adaptability to harsh environmental conditions (Jobby et 

al., 2018). 

The optimization of bioremediation processes is critical 

for improving efficacy while minimizing cost and 

complexity. Conventional “one-variable-at-a-time” 

(OVAT) methods require an increased number of 

experimental runs, are inefficient, and often fail to 

account for interactive effects among multiple process 

variables (Abdel-Fattah et al., 2005; Baş & Boyacı, 

2007). In contrast, multivariate techniques such as 

Response Surface Methodology (RSM) enable empirical 

modelling and optimization of bioprocesses by fitting 

linear or quadratic polynomial equations to experimental 

data, thereby facilitating the identification of optimal 

conditions with fewer experimental runs (Bezerra et al., 

2008; Teófilo & Ferreira, 2006). More recently, artificial 

intelligence approaches particularly ANNs have become 

prevalent in bioprocess optimisation. ANNs emulate 

biological learning systems and are particularly effective 

at capturing complex, non-linear relationships between 

input variables and response outputs. Their self-learning 

capabilities and superior predictive accuracy make them 

valuable tools for modelling and enhancing microbial 

remediation systems (Alam et al., 2022; Lakshmi et al., 

2021; Manohar & Divakar, 2005; Shet et al., 2018). The 

present study aimed to isolate, identify, and characterise 

a Cr(VI)-resistant bacterial strain from industrially 

contaminated soils. The Cr(VI) bioreduction capacity of 

the isolate was assessed and subsequently optimised 

using both RSM and ANN models, focusing on three 

independent variables: nutrient broth concentration, pH, 

and Cr(VI) concentration. The strain, designated 

MAHA-MIE, is hypothesised to possess natural adaptive 

mechanisms for Cr tolerance, making it a compelling 

candidate for practical, field-scale applications in the 

bioremediation of Cr(VI)-contaminated environments. 

2. Materials and Methods 

2.1 Chemicals and Materials 

All reagents utilised were of analytical grade and 

procured from Sigma-Aldrich (St. Louis, MO, USA), 

Fisher Scientific (Malaysia), and Merck (Darmstadt, 

Germany). Prior to use, glassware was acid-washed with 

10% (v/v) nitric acid (HNO₃) and subsequently rinsed 

twice with deionised water to remove residual residual 

trace metals. All culture media, both liquid and solid, 

were sterilised via autoclaving at 121 °C for 15 minutes. 

Potassium dichromate (K₂Cr₂O₇) was used as the source 

of  Cr(VI) in all relevant assays. 

2.3 Isolation of Cr(VI)-Reducing Bacteria 

The samples were collected from soil (0–10 cm depth) 

using a soil auger from various sites in Selangor, 

Malaysia. The samples were preserved in sterilised 

Falcon™ tubes following standard microsampling 

protocols and were immediately transported to the 

laboratory for further analysis. Ten grams of soil sample 

were inoculated into 90 mL of nutrient broth (NB) and 

incubated overnight at 170 rpm at room temperature. 

Subsequently, the broth culture was serially diluted to a 

10⁻⁵ dilution, and 100 µL was spread onto nutrient agar 

plates enriched with 50 ppm K₂Cr₂O₇, then incubated for 

24 hours (Ram Talib et al., 2019). Isolates exhibiting 

homogeneous morphological characteristics were picked 

and re-streaked onto the same medium, followed by 

incubation for 24 hours to obtain purified single 

colonies. 

2.4 Primary and Secondary Screening of Cr(VI)-

Reducing Bacteria 

For the primary screening of hexavalent chromium 

[Cr(VI)]-bioreducing bacteria, 100 µL of the overnight 

culture was added to 10 mL of nutrient broth enriched 

with 50 ppm K₂Cr₂O₇. The liquid medium was then 

incubated at 170 rpm at room temperature for 24 hours. 

The supernatant obtained from 1 mL of culture, 
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centrifuged at 10,000 × g for 10 minutes, was used to 

measure the Cr(VI) reduction rate using the 1,5-

diphenylcarbazide colorimetric method. For this step, 

400 µL of the bacterial culture supernatant, 400 µL of 1 

N sulfuric acid (H₂SO₄), and 200 µL of 1,5-

diphenylcarbazide reagent were mixed. The reaction 

mixture was allowed to stand at room temperature for 

colour development, and the OD₅₄₀ nm was measured 

using an ultraviolet–visible spectrophotometer 

(Shimadzu UV–Vis spectrophotometer, Japan) (Sopian 

et al., 2014). The Cr(VI) reduction rate was calculated as 

a percentage using Equation (1) (Khanam et al., 2024):  

 

𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐶𝑟(𝑉𝐼) 𝑟𝑎𝑡𝑒 (%)

=
𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑜𝑓 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 + 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑜𝑓 𝑐𝑜𝑛𝑡𝑟𝑜𝑙
                             (1) 

For the secondary screening, the bacterial isolates that 

showed the highest Cr(VI) reduction rate were selected 

and screened at 100 ppm K₂Cr₂O₇ using the same 

procedures as previously described.  

2.5 Morphological and Biochemical Characterisation 

of Cr(VI)-Reducing Isolates 

The colony morphology of the candidate isolate, 

including surface texture, pigmentation, margin, size, 

and elevation, was recorded on nutrient agar plates. 

Biochemical characterisation was performed through 

Gram staining, catalase testing, hydrogen sulphide (H₂S) 

production, motility assays, indole production, and 

starch hydrolysis, as described in standard protocols 

(Abbas, 2023; Firdausi et al., 2024; Masi et al., 2021). 

2.6 Molecular Identification via 16S rRNA 

Sequencing  

 Genomic DNA of the candidate bacterial isolate was 

extracted by Apical Scientific Sdn. Bhd., Selangor, 

Malaysia, using the Bacterial DNA Barcoding Kit (1st 

BASE, Malaysia), and the full-length 16S rRNA gene 

(~1500 bp) was amplified with universal primers 27F 

and 1492R. The PCR amplicons were verified by 

agarose gel electrophoresis, purified, and sequenced. 

The resulting sequences were analysed using BLAST to 

determine the closest phylogenetic matches, and a 

phylogenetic tree was constructed in MEGA (version 

11.0.13) using the Neighbor-Joining method (Prashanthi 

et al., 2021). 

2.7 Effect of Cr(VI) Concentration on Bacterial 

Growth 

The effect of varying Cr(VI) concentrations on bacterial 

proliferation was assessed by inoculating 100 μL of 

overnight culture into 10 mL of NB containing 0, 25, 50, 

100, 150, and 200 ppm K₂Cr₂O₇. Cultures were 

incubated at 170 rpm at room temperature, and 1 mL 

samples were withdrawn at 4-hour intervals for 24 hours. 

Each sample was centrifuged at 10,000 × g, and the 

optical density of the supernatant was measured at 600 

nm (OD₆₀₀). Simultaneously, Cr(VI) reduction was 

assessed using the colourimetric assay described earlier. 

Bacteria-free LB medium containing equivalent Cr(VI) 

concentrations was used as the negative control (Ram 

Talib et al., 2019). 

 

2.8 Effect of Hexavalent Chromium Cr(VI) on 

Bacterial Cell Growth 

According to Ram Talib et al. (2019), with minor 

modifications, 100 µL of the overnight culture was 

inoculated into each concentration of K₂Cr₂O₇ in NB (0, 

25, 50, 100, 150, and 200 ppm). The NB flasks were then 

incubated at 170 rpm at room temperature. Every 4 

hours, from the start of the experiment until 24 hours of 

incubation, 1 mL of the sample was centrifuged at 

10,000 × g for 10 minutes. The bacterial pellet was 

resuspended in sterile 0.085% NaCl solution, and the 

growth rate was measured at OD₆₀₀ every 4 hours. The 

Cr(VI) reduction rate at each concentration was 

measured using the supernatant every 4 hours, as 

described in Section 2.4. Bacteria-free media 

supplemented with the same concentrations used in the 

experimental groups were used as the controls (Ram 

Talib et al., 2019). 

 

2.9 Optimization via Response Surface 

Methodology (RSM) 

The experiment was designed using the Box–Behnken 

Design (BBD) to identify the optimal levels of 

significant factors for maximum Cr(VI) reduction (Box 

& Behnken, 1960). The minimum and maximum 

responses for three independent variables (nutrient broth 

concentration, pH, and Cr(VI) concentration) are shown 

in Table 1. 
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Table 1 Coded and actual values of independent 

variables used in Box–Behnken design. 

Independent 

Variables 

Unit Level 

-1 0 +1 

pH g/L 6 6.75 7.5 

Nutrient Broth 

conc. 

- 3 6.5 10 

Cr(VI) conc. ppm 50 75 100 

 

Design-Expert® software (version 13) was used to 

design the matrix and perform statistical calculations. All 

17 experimental runs were conducted under the 

conditions outlined in Table 2 to determine the effects of 

three experimental factors (nutrient broth concentration, 

pH, and Cr(VI) concentration) on the experimental 

response (Cr(VI) reduction rate). A total of 100 µL of the 

overnight culture was inoculated into 10 mL of NB and 

incubated under shaking conditions at 170 rpm at room 

temperature for 24 hours. The Cr(VI) reduction rate was 

measured using the supernatant (1 mL) obtained after 

centrifugation at 10,000 × g for 10 minutes, as described 

in Section 2.4. Statistical analysis of the experimental 

data was conducted to evaluate the significance of the 

regression and the fitted model through an ANOVA test. 

Key statistical parameters (F-value, P > F, Lack of Fit, 

and both predicted and adjusted R² values) were 

computed to assess model performance (Bezerra et al., 

2008).  

Table 2 Experimental design matrix. 

 

Run 

Independent Variables 

Nutrient Broth 

Conc. (g/L) 

pH Cr(VI) 

Conc. 

(ppm) 

1 6.5 7.5 50 

2 10 6 75 

3 6.5 6.75 75 

4 10 6 50 

5 10 6.75 100 

6 3 6 75 

7 6.5 6.75 75 

8 6.5 6 100 

9 10 6.75 50 

10 3 7.5 75 

11 6.5 6.75 75 

12 3 6.75 50 

13 6.5 6.75 75 

14 6.5 7.5 100 

15 6.5 6.75 75 

16 3 6.75 100 

17 10 7.5 75 

2.9 Optimization Using Artificial Neural Networks 

(ANN) 

The derived datasets from the BBD matrix were used for 

developing a predictive model with Neural Power 

version 2.5. (CPC-X Software, USA). The data were 

randomly divided into two sets: the training dataset was 

used to minimise the error and determine the model 

parameters, while the testing dataset was used to 

evaluate the trained model (Saber et al., 2023). The ANN 

topology was designated as 3-X-1. Three neurons of the 

independent variables  (i.e., nutrient broth concentration, 

pH, and Cr(VI) concentration) represent the input layer. 

The output layer is composed of one neuron (Cr(VI) 

reduction rate). A hidden layer was added between the 

input and output layers, in which a range of neurons from 

3 to 15 was tested to determine the ideal number of 

neurons in this layer. ANN was trained using a trial-and-

error approach, taking into account parameters such as 

the learning algorithm, the optimal number of neurons in 

the hidden layer, the number of hidden layers, and the 

transfer function (Gendy et al., 2021), allowing the 

model to adjust interconnection weights and determine 

the appropriate number of hidden-layer neurons needed 

to minimise the difference between predicted and 

experimental values  (Kothari et al., 2022). The trial-and-

error process was used until the lowest error was 

achieved, with a root mean square error (RMSE) < 0.01 

and an average correlation coefficient (R) ≈ 1. The 

coefficient of determination (R²) ≈ 1 between the 

predicted and actual values was also used to evaluate the 
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training process (Ram Talib et al., 2019; Saber et al., 

2023). 

2.10 Identification of Optimum Conditions via RSM 

and ANN 

The optimum points for the reduction of Cr(VI) via P. 

taichungensis strain MAHA-MIE were determined 

using the fitted models of both RSM and ANN. The 

desirability function, through numerical optimisation in 

Design-Expert® software (version 13), was used to 

identify the optimum points in the RSM model. 

Meanwhile, a genetic algorithm was used to calculate the 

optimum points in the ANN model using Neural Power 

version 2.5 (CPC-X Software, USA). The predicted 

optimum conditions from the RSM and ANN models 

were validated, and the standard deviation was 

calculated to evaluate the accuracy of both models (Ram 

Talib et al., 2019). 

 2.11 Comparison of RSM and ANN Performance 

The following statistical parameters were computed 

between actual data and predicted values for both RSM 

and ANN models to compare the analysis of error. 

Equations (2), (3), (4), and (5) were used: 

𝑹𝑴𝑺𝑬 =  √∑ (𝒀𝒊.𝒑 − 𝒀𝒊.𝒆)
𝟐𝒏

𝒊=𝟏

𝒏
                 (𝟐) 

𝑹𝟐 = 𝟏 −
∑ (𝒀𝒊.𝒑 − 𝒀𝒊.𝒆)

𝟐𝒏
𝒊=𝟏

∑ (𝒀𝒊.𝒑−𝒀𝒆
)

𝟐𝒏
𝒊=𝟏

                      (𝟑) 

𝑺𝑬𝑷 =
𝑹𝑺𝑴𝑬

𝒀𝒆
× 𝟏𝟎𝟎                                  (𝟒) 

𝑹𝑷𝑫 =  
𝟏𝟎𝟎

𝒏
 ∑

|(𝒀𝑰.𝒆 − 𝒀𝒊−𝒑)|

|(𝒀𝒊.𝒆)|
             (𝟓)

𝒏

𝒊=𝟏

 

In these equations, RMSE denotes the root mean square 

error, R² represents the coefficient of determination 

(correlation coefficient), SEP refers to the standard error 

of prediction, RPD signifies the relative percent 

deviation, Y₍ᵢ.ₑ₎ indicates the experimentally observed 

response, Y₍ᵢ.ₚ₎ denotes the predicted value, Yₑ is the 

mean of the observed responses, and n corresponds to the 

total number of experimental runs. In this context, lower 

values of RMSE, SEP, and RPD, combined with higher 

R² values reflect superior model accuracy and enhanced 

predictive performance (Yang et al., 2022). 

3.9 Studying the Effect of Cr(VI) on the Cellular 

Morphology of  Free Cells of P. taichungensis strain 

MAHA-MIE Using SEM 

According to Maurya et al. (2022), with some 

modifications, 100 µL of the overnight culture was 

inoculated into 10 mL NB medium at three different 

concentrations of K₂Cr₂O₇ (0, 50, and 100 ppm), and 

incubated for 24 hours at 170 rpm. The isolate was 

harvested by centrifugation, and the bacterial pellets 

were then fixed with 2.5% (w/v) glutaraldehyde 

overnight at 4 °C. The pellets were washed twice with 

phosphate-buffered saline (PBS, pH ~7.4) to remove any 

excess fixative. Following fixation, the cells were 

dehydrated using ethanol with progressively increasing 

concentrations of 30%, 50%, 70%, 90%, 95%, and 

100%, each for 10 minutes, and were then gold-coated 

and examined under a scanning electron microscope 

(SEM) (SEM; JSM-6400, JEOL, Japan) (Maurya et al., 

2022).  

3 Results and Discussion 

3.1 Isolation and and Screening of Cr(VI)-Reducing 

Bacteria 

  Bacterial resistance remains a crucial preliminary 

criterion for evaluating strains with potential Cr(VI)-

reduction capability (Narayani & Shetty, 2013). For a 

preliminary screening of the Cr(VI)-reducing capability, 

thirty-one bacterial isolates were inoculated into a broth 

medium containing 50 ppm of Cr(VI) and incubated for 

24 hours. All isolates showed varying percentages of 

Cr(VI)-reducing activity (Fig. 1). The isolated Cr(VI)-

reducing bacteria (Cr-RB) were designated Cr-RB1 to 

Cr-RB31. Among these, isolates Cr-RB5, Cr-RB18, Cr-

RB22, Cr-RB24, Cr-RB28, and Cr-RB30 demonstrated 

the highest reduction efficiencies, each achieving over 

85% reduction of Cr(VI). These findings align with 

previous reports documenting the isolation of Cr(VI) -

tolerant bacteria from tannery and industrial effluents 

capable of reducing Cr(VI) at concentrations exceeding 

40 mg/L (Farag & Zaki, 2010; Mustapha & Halimoon, 

2015).  
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Fig. 1 Primary screening of Cr(VI)-reducing bacteria at 

50 ppm K₂Cr₂O₇. Data are presented as the mean of 

triplicate samples ± standard error. 

To evaluate their performance under more 

environmentally realistic conditions, these six isolates 

were subjected to secondary screening at an elevated 

Cr(VI) concentration of 100 ppm (Dakiky et al., 2002). 

the bacterial isolate Cr-RB18 exhibited the highest 

reduction efficiency, achieving 90.34% removal of 

Cr(VI) (Fig. 2). This observation aligns with the findings 

of Meng et al. (2020), who reported that the isolate 

CRB6 achieved reduction efficiencies approaching 98%  

(Meng et al., 2022). Similar results have also been 

documented for strains derived from industrial 

wastewaters, where tolerance thresholds up to 100 mg/L 

were observed (Kalsoom et al., 2021). Bacterial strains 

demonstrating elevated tolerance to Cr(VI) generally 

exhibit enhanced bioreductive capacity, effectively 

converting Cr(VI) to its less toxic trivalent form Cr(III), 

thereby reinforcing their potential as viable agents for 

the bioremediation of Cr-contaminated environments 

(Sanjay et al., 2020). Thus, Cr-RB18 was selected for 

further study as a potential candidate for Cr(VI) 

bioremediation. 

 

Fig. 2 Secondary screening of Cr(VI)-reducing bacteria 

at 100 ppm K₂Cr₂O₇. Data are presented as the mean of 

triplicate samples ± standard error. 

3.2 Morphological and and Biochemical 

Characterisation of Cr(VI)-Reducing Isolate Cr-

RB18  

 The bacterial isolate Cr-RB18 was obtained from the 

surrounding soil near an industrial facility within the 

Kawasan Perindustrian Seri Kembangan, Selangor, 

Malaysia (3°01.738′ N, 101°71.233′ E). Soil microbial 

communities in such environments often develop 

adaptive mechanisms to cope with heavy metal stress. 

Chromium contamination disrupts elemental cycling and 

microbial dynamics, as microorganisms are compelled to 

divert metabolic energy towards stress mitigation and 

cellular repair. Nevertheless, many bacteria have 

evolved detoxification strategies that enable survival and 

functional activity under Cr(VI) stress, rendering them 

promising candidates for bioremediation applications 

(Ahmad et al., 2022; Newsome & Falagán, 2021).  

 The colonies of Cr-RB18 are small, circular, and 

greyish-white, with undulate margins, flat elevation, and 

a smooth surface. Biochemical tests revealed that the 

strain is Gram-variable, motile, facultatively anaerobic, 

catalase-positive, capable of hydrolysing starch, and 

produces hydrogen sulphide (H₂S). 

 Since the study by Romanenko and Koren’Kov (1977), 

which first demonstrated the Cr(VI)-reducing capability 

of Pseudomonas sp., the ability of bacteria to reduce 

Cr(VI) has been documented across a wide range of 

aerobic and anaerobic species (Ahmad et al., 2022),  

such as K. pneumoniae and B. altitudinis isolated from 

bauxite mining areas (AMELIA et al., 2023), 

Microbacterium paraoxydans from tannery effluents 

(Mishra et al., 2021), and B. vallismortis, B. haynesii, 

and  A. aquatilis from tannery sludge (Maurya et al., 

2022). 

3.3 Molecular Identification of Cr(VI)-Reducing 

Bacteria 

    Molecular identification based on 16S rRNA gene 

sequencing offers superior taxonomic resolution 

compared to conventional biochemical profiling, 

particularly when characterising environmental isolates 

with potentially novel phenotypes (Sanjay et al., 2020). 

To accurately classify isolate Cr-RB18, genomic DNA 

was extracted and the 16S rRNA gene was amplified 

using universal primers 27F (5′-

AGAGTTTGATCCTGGCTCAG-3′) and 1492R (5′-

http://www.jchr.org/
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GGTTACCTTGTTACGACTT-3′) (Dos Santos et al., 

2019; Heuer et al., 1997).  

 BLAST analysis of the sequenced fragment against the 

NCBI GenBank database revealed 100% sequence 

identity with Paenibacillus taichungensis, 95% identity 

with P. pabuli, and 73% with P. barcinonensis. These 

results unambiguously assign Cr-RB18 to the genus 

Paenibacillus, with the highest degree of similarity to P. 

taichungensis. Phylogenetic reconstruction was 

conducted using MEGA software version 11.0.13, 

applying the Neighbor-Joining algorithm with 100 

bootstrap replications to assess clade stability. As shown 

in Fig. 3, Cr-RB18 clustered robustly with reference 

sequences of P. taichungensis, supported by a bootstrap 

value of 100%, indicating strong genetic relatedness. 

Salmonella enterica was included as an outgroup to root 

the tree and to underscore the phylogenetic distinction 

between the Paenibacillus lineage and other genera. 

 

Fig. 3: Phylogenetic tree showing the relationship of 

strain MAHA-MIE (PP340493.1) to related species. A 

100% bootstrap value confirms its close affinity to P. 

taichungensis BCRC 17757. 

3.4 Screening of Media for Cr(VI) Bioreduction by  

Strain MAHA-MIE 

 The selection of an appropriate culture medium is 

critical in microbial bioremediation studies given the 

capacity of microorganisms to tolerate and adapt to 

diverse growth conditions (Navarrete-Perea et al., 2021).  

Strain MAHA-MIE was cultivated in three media 

namely nutrient broth (NB), Luria-Bertani (LB), and 

minimal salt medium (MSM) to assess their influence on 

Cr(VI) reduction efficiency. These media provide the 

essential nutrients required for bacterial survival, 

growth, and metabolic activity (Madhavi et al., 2013) 

 After 24 hours of incubation, NB supported the highest 

Cr(VI)-reduction efficiency at 93.28%, followed by LB 

medium at 85.85%, while MSM exhibited the lowest 

performance at 57.65% (Fig. 4). Comparable outcomes 

were reported for A. radioresistens strain NS-MIE, 

which exhibited high Cr(VI)-reduction efficiency in 

nutrient broth (NB) compared to Luria–Bertani (LB) and 

minimal salt medium (MSM) (Ram Talib et al., 2019). 

Similarly, Meng et al. (2022) reported that isolate CRB6 

achieved 98% Cr(VI) reduction in NB (Meng et al., 

2022).  

 

Fig. 4:  Screening of Media for Cr(VI) Bioreduction 

3.5 Effect of Cr(VI) on the Growth Dynamics of 

Strain MAHA-MIE 

The growth response of strain MAHA-MIE to varying 

Cr(VI) concentrations (0, 25, 50, 100, 150, and 200 ppm) 

was evaluated by monitoring optical density (OD₆₀₀) at 

4-hour intervals over 24 hours (Fig. 5). Growth remained 

comparable to the control at 25 ppm and 50 ppm, 

indicating minimal inhibitory effects and strong 

physiological tolerance to Cr(VI). This resilience is 

likely associated with intrinsic detoxification 

mechanisms, such as exopolysaccharide (EPS)-mediated 

metal sequestration, chemical neutralisation, and efflux-

based resistance systems  (Akhzari et al., 2024; Zeng et 

al., 2020).  However, a critical growth inhibition 

threshold was evident at 100 ppm Cr(VI), beyond which 

pronounced toxicity became apparent. Marked 

suppression of cellular proliferation occurred at 150 and 

200 ppm, indicating that the upper tolerance limit had 
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been exceeded under these concentration (Rath et al., 

2014). 

Comparable growth inhibition trends at elevated Cr(VI) 

levels have been reported for Bacillus velezensis (Bao et 

al., 2023), Bacillus sp. CRB-B1 (Tan et al., 2020), and 

Sporosarcina saromensis W5 (Huang et al., 2021). 

Notably, detectable growth even at 200 ppm after 

24 hours reflects the isolate’s intrinsic resistance, 

underscoring its potential utility in bioremediation of 

Cr(VI)-contaminated environments.  

 

 

Fig. 5: Growth rate of strain MAHA-MIE at different 

concentrations of Cr(VI) 

Fig. 7 displays the Cr(VI) reduction efficiency of strain 

MAHA-MIE across the same Cr(VI) concentration 

range. The optimal reduction was achieved at 24 hours, 

with ≥ 90% reduction efficiency observed at 25, 50, and 

100 ppm. During the logarithmic phase of bacterial 

growth, over 60% of Cr(VI) was reduced (Mishra et al., 

2021). In this phase, bacteria reduced Cr(VI) 

significantly better (Ikegami et al., 2020), likely driven 

by heightened enzymatic activity associated with active 

metabolism. In contrast, higher Cr(VI) concentrations 

were associated with diminished reduction rates and 

required extended incubation for effective detoxification 

(Sadhana Sagar et al., 2012).  

 Similar findings were documented by Bharagava and 

Mishra (2018), who isolated Cellulosimicrobium sp. 

(KX710177) from tannery effluents. While the isolate 

reduced 50 mg/L Cr(VI) within 24 hours, 96 hours were 

required to achieve similar reduction at 100 mg/L 

(Bharagava & Mishra, 2018).   

 

 Fig. 6 : Effect of different initial concentration of Cr(VI) 

on Cr(VI) reduction efficiency (%). 

3.6 Optimization of Cr(VI) Reduction via RSM 

Approach  

A quadratic response surface methodology (RSM) model 

was employed to optimise the Cr(VI) bioreduction 

efficiency by free cells of the strain MAHA-MIE. Three 

independent variables, nutrient broth concentration (A), 

pH (B), and Cr(VI) concentration (C) were investigated, 

with Cr(VI) reduction rate (Y) as the response. The 

regression equation (6) derived from the Box–Behnken 

Design (BBD) is presented as follows: 

Y=+73.03+19.65A−5.52B−9.11C−2.27AB−5.28AC+2.

94BC–18.78A2−2.20B2+1.45C2    (6) 

 In the above equation, Y is the predicted Cr(VI) 

reduction rate, A is nutrient broth concentration, B is pH, 

C is Cr(VI) concentration, AB, AC, and BC refer to the 

interaction effects between nutrient broth concentration 

and pH, nutrient broth concentration and Cr(VI) 

concentration, and pH and Cr(VI) concentration, 

respectively. A², B², and C² denote the quadratic effects 

of nutrient broth concentration, pH, and Cr(VI) 

concentration, respectively. 
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Table 3. Experimental design matrix showing actual, RSM-predicted, and ANN-predicted values for Cr(VI) reduction 

efficiency (%). 

 

 

Run 

Independent variables Cr (VI) reduction % 

Nutrient broth 

conc. (g/L) 

pH Cr (VI) conc. 

(ppm) 

Actual values 

of experiment 

Predicted 

values of RSM 

Predicted 

values of ANNs 

1 Tra.6.5 Tra.7.5 Tra.50 Tra.69.57 72.92 69.57 

2 Tra.10 Tra.6 Tra.75 Tra.78.42 79.49 78.42 

3 Tra.6.5 Tra.6.75 Tra.75 Tra.70.14 73.03 72.91 

4 Tra.10 Tra.6 Tra.50 Tra.96.90 98.27 96.91 

5 Tra.10 Tra.6.75 Tra.100 Tra.59.53 60.96 59.53 

6 Tra.3 Tra.6 Tra.75 Tra.35.07 35.65 35.07 

7 Tra.6.5 Tra.6.75 Tra.75 Tra.75.69 73.03 72.80 

8 Tra.6.5 Tra.6 Tra.100 Tra.68.76 65.74 68.76 

9 Tra.10 Tra.6.75 Tra.50 Tra.93.38 89.74 93.38 

10 Tra.3 Tra.7.5 Tra.75 Tra.31.25 29.15 31.25 

11 Tra.6.5 Tra.6.75 Tra.75 Tra.73.47 73.03 72.91 

12 Tra.3 Tra.6.75 Tra.50 Tra.40.97 39.88 40.97 

13 Tra.6.5 Tra.6.75 Tra.75 Tra.72.92 73.03 72.93 

14 Tra.6.5 Tra.7.5 Tra.100 Tra.61.62 60.59 61.63 

15 Tes.6.5 Tes.6.75 Tes.75 Tes.72.26 73.03 72.93 

16 Tes.3 Tes.6.75 Tes.100 Tes.29.60 32.21 29.60 

17 Tes.10 Tes.7.5 Tes.75 Tes.64.16 63.92 64.16 

Tra. denotes the training dataset, and Tes. denotes the testing dataset, with independent variables as inputs and the 

percentage of Cr(VI) reduction (%) as the output. 

 

Analysis of variance (ANOVA) was employed to assess 

the influence of individual and interaction effects of the 

selected factors—nutrient broth concentration, pH, and 

Cr(VI) concentration on the bioreduction efficiency of 

strain MAHA-MIE. ANOVA is a robust statistical 

method for evaluating model adequacy by partitioning 

the total variance into components attributed to the 

model and residual error (Bezerra et al., 2008; Guo et al., 

2021). As summarised in Table 4, the fitted quadratic 

model yielded an F-value of 69.97 and a p-value < 

0.0001, confirming the model’s high statistical 

significance. The lack-of-fit p-value (0.0943) exceeded 

0.05, indicating that the model sufficiently fits the 

experimental data without significant systematic 

deviation (Zaib & Ahmad, 2020). 

The model demonstrated excellent predictive 

performance, with R² and adjusted R² values of 0.9890 

and 0.9749, respectively. The minimal difference 

between these values (<0.02) suggests that the quadratic 

model accurately represents the actual response. 
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Table 4 Analysis of variance (ANOVA) 

Source Sum of 

Squares 

df Mean 

Square 

F-value p-value  

Model 6197.18 9 688.58 69.97 < 0.0001 significant 

A-Nutrient Broth 3191.57 1 3191.57 324.32 < 0.0001  

B-pH 219.47 1 219.47 22.30 0.0022  

C-Cr (VI) conc. 598.41 1 598.41 60.81 < 0.0001  

AB 21.97 1 21.97 2.23 0.1788  

AC 119.02 1 119.02 12.09 0.0103  

BC 28.42 1 28.42 2.89 0.1330  

A² 1216.83 1 1216.83 123.65 < 0.0001  

B² 19.03 1 19.03 1.93 0.2069  

C² 8.25 1 8.25 0.8384 0.3903  

Residual 68.88 7 9.84    

Lack of Fit 52.76 3 17.59 4.36 0.0943 not significant 

Pure Error 16.12 4 4.03    

Cor Total 6266.06 16     

     R2 0.9890 

     R2 adjusted 0.9749 

∗P > F less than 0.05 = statistically significant 

Moreover, statistical analysis revealed that nutrient broth 

concentration (A), pH (B), Cr(VI) concentration (C), and 

their interaction (AC), along with the quadratic term A², 

had significant effects on Cr(VI) reduction (p < 0.05). 

Among these, nutrient broth concentration and Cr(VI) 

concentration were highly significant (p < 0.0001), 

indicating their dominant influence on the bioreduction 

efficiency. Other interaction and quadratic terms (AB, 

BC, B², and C²) were statistically non-significant. 

In this study, the Box–Behnken Design (BBD) was 

successfully employed to optimize the independent 

variables, achieving the maximum Cr(VI) reduction, 

where the strain MAHA-MIE exhibited a reduction 

efficiency of 96.90%. Similarly, the effectiveness of 

BBD has been reported in studies involving Cr(VI) 

removal using Fe₃O₄-activated carbon composites 

(Afshin et al., 2021), melanin biosynthesis (Saber et al., 

2023), removal of environmental contaminants using 

magnetic nanocomposites (Buenaño et al., 2024), and 

methylene blue adsorption on agricultural solid waste 

(Dbik et al., 2022). The optimised conditions for Cr(VI) 

reduction were 10 g/L nutrient broth, pH 6.0, and 50 ppm 

Cr(VI). Similarly, Ram Talib et al. (2019) also reported 

an optimum nutrient broth concentration of 10 g/L for A. 

radioresistens NS-MIE (Ram Talib et al., 2019).  

The optimal pH of 6.0 corresponds with the preferred 

growth range (pH 6–8) of Paenibacillus spp. (Lee et al., 

2008), and supports efficient Cr(VI) reduction by 

maintaining enzymatic activity and cellular integrity at 

the optimal pH, whereas extreme pH conditions can 

inhibit Cr(VI) reduction efficiency (Fito et al., 2023; 

Huang et al., 2023).  Notably, high Cr(VI) concentrations 

affect cell growth and can disrupt biological activities 

essential for the reduction process (McLean et al., 2000).  
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 Fig.7 illustrates several important diagnostic plots used 

to evaluate the adequacy of the model through residual 

analysis and to assess the accuracy of the model's fit to 

the experimental data (Amdoun et al., 2010).  The 

normal probability plot of residuals (Fig. 7a) indicates a 

near-linear distribution, suggesting residuals are 

normally distributed. Similarly, the normal probability 

plot of residuals for aqueous Cr(VI) adsorption onto 

activated carbon derived from sugar beet bagasse 

agricultural waste showed a good linear fit (Ghorbani et 

al., 2020). The residual plots against predicted values 

and run number (Fig. 7b and 7c) exhibit random scatter 

within the range of ±4.0, suggesting that the Box-

Behnken model effectively established the relationship 

between the independent variables and Cr(VI) reduction 

efficiency. Fig.7d illustrates a plot of predicted versus 

actual values, where the data points are approximately 

aligned along a straight line, indicating consistent 

variance and high accuracy in predicting actual values 

for the RSM model (Mohammadi et al., 2017). This 

result aligns with findings by Hussain et al. (2020), who 

observed that actual data for the removal of hexavalent 

chromium by Pseudomonas sp. WS-D/183 aligned 

closely along predicted line, indicating a good fit for the 

quadratic model (Hussain et al., 2020)  

 

 

 Fig. 7: Diagnostic plots of the quadratic model used in RSM. 

 

3.7 Optimization of Cr(VI) Reduction via ANN 

Approach 

Artificial Neural Networks (ANNs) constitute a class of 

computational modelling techniques widely employed to 

characterise complex processes and mathematical 

constructs. The implementation of ANNs typically 

encompasses the selection of an appropriate network 

topology, determination of the optimal number of 
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neurons within the hidden layers, execution of the 

training and learning algorithms, and subsequent 

validation and verification of the model’s predictive 

performance (Gurney, 2018). ANNs are increasingly 

employed across various environmental engineering 

domains, including solid waste management (Nabavi-

Pelesaraei et al., 2017), wastewater treatment (Fan et al., 

2018), and groundwater contamination  (Bayatzadeh 

Fard et al., 2017).  

In this study, a batch back-propagation (BBP) ANN 

model was developed using a multilayer feedforward 

network to model and optimise Cr(VI) reduction by 

strain MAHA-MIE. The input parameters consisted of 

nutrient broth concentration, Cr(VI) concentration, and 

pH, while the output parameter was the Cr(VI) reduction 

efficiency. Based on the central composite RSM dataset 

(Table 3), the ANN was structured in a 3–X–1 topology, 

with a single hidden layer containing an optimised 

number of neurons. This architecture is consistent with 

findings that a single hidden layer with sufficient nodes 

can accurately approximate any continuous function 

(Cakir & Yilmaz, 2014; Xu et al., 2021). 

The model was trained and validated using randomly 

divided training and testing subsets of the RSM dataset 

(Tables 5 and 6), and weights and biases were iteratively 

adjusted to minimise prediction error. The training 

process employed a sigmoid activation function in the 

hidden layer and a linear function at the output, which is 

suitable for regression tasks.  

The optimal number of neurons in the hidden layer is 

typically determined through iterative experimentation, 

as no universal rule exists for all modelling scenarios. In 

this study, the neuron count was selected via a trial-and-

error approach to achieve optimal network performance. 

Each neuron processes the input data and transmits it 

through synaptic weights along connecting pathways to 

subsequent layers (Kim et al., 1999). Insufficient 

neurons may constrain the model’s capacity to learn 

complex patterns, whereas an excessive number may 

result in overfitting, where the network captures noise 

within the training data (Linko et al., 1999).  

Previous studies have proposed various neuron ranges 

for hidden layers: Behera et al. (2015) recommended a 

range of 10 to 20 neurons for environmental datasets 

(Behera et al., 2015), while Oliveira et al. (2019) 

reported effective training performance within a 

narrower window of 3 to 10 neurons (Oliveira et al., 

2019). In the present investigation, model accuracy was 

assessed using the coefficient of determination (R²), with 

the highest value reaching 0.9998—indicating a near-

perfect fit between the predicted and actual outcomes 

(Table 5). Accordingly, a network topology of 3 × 10 × 

1 was selected as optimal. The model incorporated a 

sigmoid transfer function between the input and hidden 

layers, as well as between the hidden and output layers 

(Fig. 8), reinforcing its robustness in modelling Cr(VI) 

bioreduction by the strain MAHA-MIE.  

Comparable findings have been reported in other 

domains. For instance, Jha and Sit (2021) applied a 

similar ANN configuration in their study on the 

supercritical fluid extraction of phytochemicals from 

Terminalia chebula pulp. Their optimal network 

architecture incorporated 10 neurons in the hidden layer, 

utilising sigmoid transfer functions between the input 

and hidden layers as well as between the hidden and 

output layers (Jha & Sit, 2021). Similarly, Hamidi et al. 

(2023) identified 10 hidden neurons as optimal for 

modelling Pb(II) removal using MMT K10 nanoclay, 

achieving a minimal mean squared error (MSE) of 

0.0017 and a high coefficient of determination (R² = 

0.9678) (Hamidi et al., 2023). 

 

Table 5 Active Network Topology 

Network  Learning 

algorithm 

Transfer function Training dataset Testing dataset 

Hidden 

layer 

Output 

layer 

R2 RSME R2 RSME 

3×7×1 BBP Tanh Tanh 0.9959 0.3735 0.9979 0.2730 

3×8×1 IBP Tanh Linear 0.9958 0.4513 0.9989 0.1138 
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3×9×1 QP Tanh Threshold 0.9963 0.0958 0.9292 0.5656 

3×10×1 BBP Sigmoid Sigmoid 0.9983 0.0138 0.9998 0.1419 

3×15×1 GA Sigmoid Linear 0.9934 0.5261 0.9499 0.3351 

BBP is Batch-backpropagation, IBP is Incremental Backpropagation, QP is Quick Prop, and GA is Genetic Algorithms. 

 

 

Fig. 8 Schematic representation of a (3×10×1) BBP-

ANN. 

3.8 Identification of Optimal Conditions via RSM 

and ANN Approaches 

The identification and validation of optimal conditions 

between the RSM and ANN optimization techniques for 

free cells of P. taichungensis strain MAHA-MIE are 

presented in Table 6  In the RSM model, optimization is 

based on the desirability and priorities associated with 

each dependent and independent variable, where the 

desirability helps determine the most optimal conditions 

for responses (Amini & Younesi, 2009; Weaver et al., 

2017). The numerical optimisation method, conducted 

using Design-Expert® software (version 13), yielded a 

desirability value of 1.0, indicating that the maximum 

Cr(VI) reduction rate achieved by free cells of P.  

taichungensis strain MAHA-MIE, as predicted by the 

RSM model, was 97.80% under optimized conditions 

comprising 9.49 g/L of nutrient broth, pH 6.48, and a 

Cr(VI) concentration of 50 ppm. The experimentally 

observed Cr(VI) reduction rate at this point was 96.72%. 

Compared to the ANN model using Genetic Algorithm 

(GA), , an evolutionary optimization algorithm inspired 

by Darwinian natural selection and genetics. It searches 

for optimal solutions by simulating the process of natural 

evolution (Kumar et al., 2010).  The experimental point 

for Cr(VI) reduction (99.17%) closely aligns with the 

predicted point (99.98%), resulting in a deviation of 

0.81%. The optimized conditions were  9.56 g/L of 

nutrient broth, pH 6.48, and 69.57 ppm of Cr(VI) 

concentration. This suggests that the ANN model can be 

considered an appropriate model for predicting and 

optimizing for the prediction and optimization of Cr(VI) 

reduction by free cells of P. taichungensis strain MAHA-

MIE. Similar findings indicated that the GA-ANN model 

provided a better fit and higher prediction accuracy (Soni 

et al., 2019; Yang et al., 2022).   

 

Table 6 Comparison of the optimal conditions between RSM and ANN model 

Mod

el 

Algorithm Nutrie

nt 

broth 

conc. 

(g/L) 

pH Cr 

(VI) 

conc. 

(ppm) 

Predicted point 

Cr (VI) 

reduction (%) 

Experimental 

point Cr+6 

reduction (%) 

Deviatio

n 

RSM Desirability 9.49 6.48 50.03 97.80 96.72 1.2 

ANN Genetic 

algorithm 

9.56 6.48 69.57 99.98 99.17 0.81 
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3.9 Three-Dimensional Surface Analysis via RSM 

and ANN Models 

The three-dimensional (3D) response surface plots 

provide a graphical representation of the regression 

models, elucidating the relationships between the 

experimental response and each individual variable, as 

well as the nature of interactions between paired 

variables. These plots are colour-segmented, typically 

ranging from red (indicating regions of highest response 

intensity) through yellow and green to blue (representing 

the lowest response intensity) (Udeze et al., 2024). The 

influence of factors A (nutrient broth concentration), B 

(pH), and C (Cr(VI) concentration) on the dependent 

variable Y (Cr(VI) reduction) is clearly discernible 

through variations in gradient, contour density, and 

contour morphology within the 3D surface mappings 

(Ünsal et al., 2020). Fig. 9 and 10 (a, b, & c) depict the 

interactive effects of two independent variables on 

Cr(VI) reduction by free cells of strain MAHA-MIE, as 

modelled using RSM and ANN, respectively.  

Fig. 9a and 10a demonstrate that Cr(VI) reduction is 

relatively low under acidic conditions but increases 

markedly as the pH approaches neutrality, reaching a 

maximum near pH 7.0. Fig. 9b and 10b show that 

increasing Cr(VI) concentrations result in a notable 

decline in reduction efficiency. However, elevated 

nutrient broth concentrations appear to attenuate this 

inhibitory effect, sustaining a comparatively high 

reduction rate. This suggests that sufficient nutrient 

availability is critical for maximising Cr(VI) reduction. 

Fig. 9c and 10c further reinforce the importance of pH, 

revealing that under lower Cr⁶⁺ concentrations, the 

reduction efficiency remains high across a broad pH 

spectrum.  

 

Fig. 9:  Response surface graphs illustrating interaction 

factors by RSM. 

 

Figure 10 Response surface graphs illustrating 

interaction factors by ANN. 

3.10 Comparative Analysis of RSM and ANN 

Modelling Approaches 

To evaluate and compare the predictive performance of 

the Response Surface Methodology (RSM) and 

Artificial Neural Network (ANN) approaches, several 

statistical metrics were employed, including root mean 

square error (RMSE), coefficient of correlation (R²), 

standard error of prediction (SEP), and relative percent 

deviation (RPD) (Aklilu et al., 2021). The lower values 

of RMSE, SEP, and RPD, together with higher R² values, 

indicate the accuracy and robustness of the predictive 

model (Choi et al., 2022). In this study, the ANN model 

outperformed the RSM model across all evaluation 

parameters, demonstrating superior predictive accuracy 

and model fit in forecasting Cr(VI) reduction efficiency 

by strain MAHA-MIE (Table 7). 

Table 7 Comparison of statistical error metrics for RSM 

and ANN models  

Model Statistical parameters 

RMSE R2 SEP 

(%) 

RPD 

(%) 

RSM 2.03 0.98 3.15 2.98 

ANN 1.00 0.99 1.56 0.63 

 

The strong performance of the ANN model can be 

attributed to its capacity to emulate biological neural 

networks, thereby enabling it to interpret the 

fundamental data structures and generalise complex 
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relationships between observed and predicted values 

(Praveen et al., 2021).  Supporting evidence is provided 

by Vinayagam et al. (2022), who reported the 

effectiveness of ANN in modelling Cr(VI) biosorption 

using macroalgal spent biomass, as evidenced by the 

following comparative metrics: R2
RSM = 0.9652, 

RMSERSM = 0.8947, MADRSM = 4.0177 %, SPERSM = 

1.83%, and R2
ANN = 0.9998, RMSEANN = 0.3986, 

MADANN = 4.2636%, SEPANN = 0.81% (Vinayagam et 

al., 2022). Similarly, Ram Talib et al. (2019) reported 

that the ANN model as a superior and more accurate 

optimisation approach for Cr(VI) reduction by 

Acinetobacter radioresistens strain NS-MIE, as 

evidenced by the statistical metrics: R2 RSM = 0.9974, 

RMSERSM = 0.6781, RPDRSM = 1.99 %, SPERSM = 

2.19%, and R2
ANN = 0.9991, RMSEANN = 0.302, RPDANN 

= 2.57%, SEPANN = 0.33% (Ram Talib et al., 2019).  

Figure 11 compares the regression models developed 

using RSM and ANN approaches. The ANN model 

yielded a higher coefficient of determination (R² = 0.99) 

than the RSM model (R² = 0.98), indicating superior 

predictive accuracy and reliability for estimating Cr(VI) 

reduction by strain MAHA-MIE. This enhanced 

performance underscores the ANN model’s 

effectiveness in capturing the complex, nonlinear 

relationships inherent in the experimental data. In 

contrast, the RSM approach, being inherently 

polynomial, may exhibit limitations in modelling such 

intricacies (Banza et al., 2023). 

 

 

Figure 11 Actual versus RSM and ANN predicted values. 

3.11 Studying the Effect of Cr(VI) on the Cellular 

Morphology of Free Cells of P. taichungensis strain 

MAHA-MIE Using Scanning Electron Microscopy 

(SEM) 

           The morphological tolerance ofnstrain MAHA-

MIE to Cr(VI) was evaluated using SEM following 

exposure to 0, 50, and 100 ppm potassium dichromate 

(K₂Cr₂O₇) (Fig. 12a,b&c). In the absence of Cr(VI) 

(Figure 15a), the free cells displayed a characteristic rod-

shaped morphology with smooth surfaces, uniform size 

distribution, and dense aggregation, features indicative 

of healthy physiological conditions. The absence of 

pronounced morphological distortions at 50 ppm Cr(VI) 

indicates that strain MAHA-MIE is capable of tolerating 

the toxicity of Cr(VI) exposure (Fig. 12b). In contrast, 

cells exposed to 100 ppm Cr(VI) exhibited pronounced 

morphological distortions. These included elongation, 

surface roughening, and irregular deformation (Figure 

15c), implying significant structural stress and potential 

activation of adaptive defence mechanisms (Shen & 

Chou, 2016). 

Despite these deformations, notable clustering of viable 

cells was still evident, underscoring a degree of 

resilience and tolerance to elevated Cr(VI) 

concentrations. This morphological adaptability 

parallels observations in Bacillus licheniformis SxR1, 

which, under 100 mg/L Cr(VI) exposure, transitioned 

from smooth, rod-like structures to roughened, 

elongated, and aggregated forms (Gupta et al., 2024). 

Similarly, Pseudomonas aeruginosa RW9 exhibited 
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comparable structural adaptations during Cr(VI) 

detoxification processes, further affirming that 

morphological plasticity is a common survival strategy 

among Cr(VI)-resistant bacterial taxa (Mat Arisah et al., 

2021).   

 

 

Fig. 12 SEM images of free cells of strain MAHA-MIE 

(a), control (b), at 50 ppm of K2Cr2O7 (c), and at 100 ppm 

of K2Cr2O7. 

4 Conclusion 

Among the thirty-one bacterial isolates screened, strain 

Cr-RB18 exhibited the highest Cr(VI) reduction 

efficiency, maintaining performance even at elevated 

Cr(VI) concentrations in nutrient broth (NB) after 24 

hours of incubation. Biochemical characterisation 

identified the isolate as Gram-variable, facultatively 

anaerobic, motile, catalase-positive, and capable of both 

starch hydrolysis and H₂S production. Molecular 

identification further confirmed it as  strain MAHA-

MIE.  

Under conditions optimised via artificial neural network 

(ANN) modelling, specifically, at a nutrient broth 

concentration of 9.56 g/L, pH 6.48, and Cr(VI) 

concentration of 69.57 ppm—the strain achieved a 

maximum Cr(VI) reduction efficiency of 99.17%. The 

ANN model demonstrated high predictive accuracy, 

with a coefficient of determination (R²) of 0.99 and low 

associated error values (RMSE: 1.00; SEP: 1.56%; RPD: 

0.63)  

These results position strain MAHA-MIE as a promising 

biocatalyst for Cr(VI) bioremediation. Nevertheless, 

further investigation is warranted to elucidate its 

metabolic and regulatory mechanisms under both 

aerobic and anaerobic conditions, thereby enhancing its 

applicability in microbial biotechnology for the 

remediation of Cr(VI)-contaminated environments. 
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