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Natural products (NPs) are secondary metabolites that exert their biological effects within and on 
other organisms. Bacteria are considered potent producers of bioactive natural compounds, due to 
their versatile biocatalytic activity. The present study aims to isolate, identify, and analyze four novel 
bacterial strains that have the potential to produce NPs. The novelty was determined via taxonomical 
assessment using various biochemical and quantitative antagonistic screening assays. 16S rRNA 
molecular characterization and bioinformatics analysis identified the isolates as Klebsiella pneumoniae 
strain ABSKSLAB01, Klebsiella quasipneumonia strain ABSKSLAB02, Streptomyces minutiscleroticus 
strain ABSKSLAB03, and Streptomyces peucetius strain ABSKSLAB04. Their bacterial sequences were 
deposited in the GenBank database with accession numbers ‘OP597532’, ‘OP597545’, ‘OQ061473’, 
and ‘PP086938’, respectively. Among all the bacterial strains, ABSKSLAB04 demonstrated the 
highest antagonistic activity and the potential to produce NPs. Further optimization studies using 
the OVAT approach and statistical investigations via Plackett–Burman, RSM–Box–Behnken design, 
and artificial neural network rendered the optimized culture conditions to produce NPs: pH 7 ± 1.2, 
temperature 40 ± 5 °C, and inositol concentration of 5.5 ± 1.5, resulting in maximum antagonistic 
activity of 29.81 mm. The ANN model reflected superior predictive capacity compared to the RSM 
model with enhanced statistical metrics: R2 (92.23%), MSE (0.0277), and RMSE (0.1477). ANN 
optimized production yield was measured at 580 mg/L, reflecting a 1.57-fold enhancement over the 
pre-optimized conditions (370 mg/L), and a 1.22-fold improvement compared to the RSM model 
(450 mg/L). This highlighted the ANN model’s robustness in modeling complex nonlinear relationships 
and optimizing the bioprocess parameters with higher fidelity. Therefore, the results from the study 
conclude the potential of the designated bacterial strain (ABSKSLAB04) to produce NPs with enhanced 
antimicrobial and antineoplastic characteristics. The strain can further be utilized in biotechnological 
paradigms by scaling up in the pharmaceutical and industrial sectors for therapeutic applications.

Keywords  Natural therapeutic products, 16S rRNA gene sequencing, Plackett – Burman design, Box 
Behnken design, Artificial neural network

All living organisms undergo cellular processes to maintain a healthy life. These cellular processes are 
categorized into primary and secondary metabolism, and their difference lies in their biological effects1. Primary 
metabolites, including nucleotides, carbohydrates, and amino acids, are vital for growth, cellular maintenance, 
and the development of microorganisms. The secondary metabolites, also known as natural products (NPs), are 
not directly involved in growth or reproduction and the above-mentioned basic cellular functions. They play a 
chief role in ecological interactions, such as communication, defense mechanisms, and competition with other 
organisms2. Studies have revealed that more than 300,000 natural products are derived from diverse biological 
sources, such as marine organisms, plants, and microorganisms. These bioactive compounds have revolutionized 
the therapeutic industry, with approximately 50% of all marketed drugs originating from natural products. The 
remarkable structural diversity and therapeutic potential of NPs serve as a foundation for developing novel 
immunosuppressants, antineoplastic, and antibiotic agents3–5.
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The historic discovery of the natural product penicillin, derived from Penicillium notatum, a filamentous 
fungus, by Sir Alexander Fleming in 1929, defined the therapeutic use of this compound in the 1940s. This 
event marked the onset of the usage of microorganisms instead of plants as vital sources of natural therapeutic 
products6,7. Microorganisms are a significant source of structurally diverse bioactive metabolites that have 
yielded some predominant products for the pharmaceutical industry. Among the microbiota, bacteria have 
proven to be the most extensive microbial producers of bioactive natural products. They are considered living 
bio-factories due to their versatile biocatalytic activity, allowing them to interact with various substrates and 
undergo rapid evolutionary change8,9.

Novel natural therapeutic products can be obtained by applying advanced applications, such as genetic 
engineering of microorganisms, animal models, genome sequencing, and high-throughput analysis (Fig. 1)10,11. 
NPs like antibiotics, such as penicillin (from Penicillium notatum and Penicillium chrysogenum), cephalosporins 
(from Cephalosporium acremonium), aminoglycosides (from Streptomyces griseus and Micromonospora 
purpurea), tetracyclines (from Streptomyces aureofaciens and Streptomyces rimosus), and other polyketides 
of many structural types have their different modes of action12–14. This is due to the difference in chemical 
and biological properties of the microorganisms from which they are derived, allowing them to act differently 
on pathogens. NPs such as immunosuppressive agents, cholesterol-lowering agents, anti-helminthic agents, 
antidiabetic agents, antineoplastic agents, etc., also act as per their source microorganisms15,16.

Bacteria exhibit a method for exchanging genetic information, enabling them to modify chemical production 
for various applications. It is mainly due to a group of co-localized genes known as biosynthetic gene clusters 
(BGCs). BGCs perform their functions by encoding ‘core biosynthetic and tailoring enzymes’ and providing 
resistance to ‘small molecular compounds’. The genetic packages coded by BGCs, also known as “Selfish Operons”, 
are highly evolved for horizontal gene transfer17. They are considered independent evolutionary entities due to 
their mobile genetic elements. This exchange of genetic elements is highly favored among closely related strains 
due to the mechanism of DNA mismatch, repair, and maintenance. These genomic clusters mainly work via 
two major biosynthetic pathways: Polyketide Synthases (PKSs), type 1 and type 2, and Non-Ribosomal Peptide 
Synthases (NRPSs)18,19. PKS and NRPS are renowned targets in genome mining for producing natural therapeutic 
products. PKSs have a large multifunctional enzyme that acts successively in an assembly line fashion by adding 
acyl units onto the growing polyketide chain20. Consequently, non-ribosomal peptide synthetases function by 
adding an extended unit of amino acids. They perform post-translational modifications of ribosome-synthesized 
precursors. Numerous prominent peptide-derived metabolites, such as penicillin, cephalosporin, glycopeptide, 
and cyclosporin, are assembled in both bacteria and fungi by the NRPS21,22.

Fig. 1.  Schematic Representation of the production and processing of NPs.
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Different investigations have shown that bacteria constitute several ‘Orphan BGCs’, which do not encode for 
natural products. ‘Genome Mining’ has enabled easier isolation and taxonomical analysis for myriad compounds. 
However, most of these compounds are not linked to their respective BGCs. It is difficult to decipher the number 
of ‘Orphan Clusters’ that encode for novel or known compounds whose biosynthetic machinery has not been 
identified yet23,24. The current study exhibits the isolation, identification, and analysis of four novel bacterial 
isolates: Klebsiella pneumoniae, Klebsiella quasi-pneumoniae, Streptomyces minutiscleroticus, and Streptomyces 
peucetius. It highlights their antagonistic activity and potential to produce natural therapeutic products by 
studying the optimization of media conditions and establishing a statistical and neural network regression 
model. Further research could lead to the development of novel medications that can contribute to expanding 
the understanding of microbial biochemistry and pave the way for the progress of innovative pharmaceuticals 
that could play a crucial role in addressing current challenges in healthcare and transforming the landscape of 
natural therapeutic products.

Materials and methods
Sample collection
The bacterial samples were collected from agricultural fields near the Ranga Reddy district, Telangana, India 
(“17.3891 N 77.8367 E”). The sampling site was rich in flora and consisted of diverse agricultural plant species. 
A soil probe or trowel was utilized to collect the rhizosphere soil samples at varying depths. Subsequently, 
numerous soil sub-samples were prepared, added to a larger container, and mixed thoroughly to make a 
homogenous mixture. After mixing, a small amount (~ 300  mg) of the prepared homogenous mixture was 
added to 50 mL sterilized, self-sealed, and labeled Falcon tubes. The sterilized Falcon tubes were initially kept 
at ambient temperature and then at 4 °C. The temperature was maintained until the next step of analysis25,26.

Isolation of the microbial consortia
After field sampling, the collected bacterial consortia were isolated, 90 mL of peptone saline solution (0.1% 
peptone (w/v), 0.85% NaCl) and 10 g of the homogenized soil sample were suspended, incubated in an orbital 
shaker for 1 h at 30 °C at 150 rpm, and then allowed to stand for 30 min. After incubation, 1mL of the aliquot 
was taken and added to 99 mL of nutrient broth (g/L): 5U supplemented with 5 U of peptone, 1 U of beef/yeast 
extract, 15 U of agar, 5 U of NaCl and distilled water (HiMedia, India). 4 U of nystatin antifungal agent was 
added to prevent fungal growth and the solution was then re-incubated for 3–4 days at 30 °C at 150 rpm. After 
incubation, suspensions were serially diluted (10−1 to 10−8). 100 µL from each dilution was spread plated onto 
the nutrient agar plates using a L-shaped sterilized spreader. The plates were re-incubated at 30 °C for 48 h. 
Distinct bacterial colonies were chosen and subjected to subculturing in fresh nutrient media. Pure cultures were 
stored at 4 °C. The concentration of the bacterial consortia was obtained using a UV/Vis spectrophotometer 
(Optical Density (OD) at A600) (Thermo Fisher Scientific)6,27,28.

Standardization and preparation of the inoculum to produce NPs
For the standardization procedure, a 0.5 McFarland solution was prepared by mixing 99.5 mL of 0.18 mol/L 
(1% v/v) of sulfuric acid (H2SO4) and 0.5 mL of 0.048 mol/L (1.1750% w/v) of dehydrated barium chloride 
(BaCl2) solution. Subsequently, the turbidity of the standardized solution was calculated in different test tubes. 
The absorbance of 0.5 McFarland solution was computed at OD – 600  nm (A600) (0.8–1.0) (Thermo Fisher 
Scientific). To prevent evaporation and concentration loss due to light, the standardized solution was kept in an 
airtight container at room temperature (RT). Before comparing the bacterial suspension, the turbidity standard 
tube was thoroughly mixed using a vortex to obtain a consistent turbid appearance. After overnight incubation, 
a 5 mL (0.5 McFarland) bacterial culture was suspended in a nutrient broth and incubated for 4 h at 37 °C. The 
turbidity was regulated by employing a sterile cotton swab. The inoculum was distributed uniformly in the entire 
agar medium by swirling the plate at an angle of 60°28,29.

Screening of the bacterial isolates to produce NPs
Primary screening
The production of NPs was assessed by determining the potential antagonistic activity of the selected isolates. 
The primary screening was conducted against the test bacterial strains by employing a transverse pattern on 
nutrient agar plates. The selected bacterial strains were streaked horizontally and incubated for 24–36 h at 30 °C. 
After incubation, the test microorganisms (Escherichia coli (MTCC 739) and Bacillus subtilis (MTCC 121)) were 
streaked perpendicularly (at 90 °) to the screened isolates. The plates were re-incubated for 24–48 h at 30 °C. The 
antagonistic activity was determined by observing the inhibitory or lytic activity at the intersecting regions. The 
bacterial isolates that gave affirmative results were selected for secondary screening to validate their bioactivity. 
All the experiments were conducted in triplicate. Their outcomes were assessed in the form of mean ± standard 
error mean (SEM)30,31.

Seed overlay method/crowd plate technique
The bacterial isolates displaying antagonistic activity in primary screening were subjected to the seed overlay 
assay. The isolates were spot-inoculated using a sterile metal needle onto a rich nutrient agar plate and incubated 
for 48 h at 30 °C. After incubation, 2 mL of chloroform was added to each plate to stop the bacterial growth 
and allow production of secondary metabolites only. The plates were re-incubated for 1 h at RT. 100 µL of test 
pathogenic bacteria (Bacillus subtilis (MTCC 121)) was mixed thoroughly with 2 mL of chilled nutrient broth 
containing 0.6% agar and spread uniformly over treated plates and incubated for 24 h. The antagonistic activity 
was determined by calculating the zone of inhibition (ZOI), suggesting the effective production of bioactive 
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compounds. All the experiments were conducted in triplicate. Their outcomes were assessed in the form of 
mean ± standard error mean (SEM)31,32.

Secondary screening
The bacterial strains that demonstrated positive results in the preceding assays were further selected for 
secondary screening by using the agar well diffusion method. All the active bacterial strains were cultured in 
the nutrient broth at 30 °C and 150 rpm for 24 h. After incubation, the cultures were adjusted to procure an 
OD-600 nm (A600) ~ 0.8 using a UV/Visible Spectrophotometer (Thermo Fisher Scientific). The cultures were 
centrifuged for 10 min at 5000 x g to obtain a cell-free crude extract, then stored at 4 °C.

The test pathogen (Staphylococcus aureus (MTCC 96)) was swabbed onto Muller Hinton (MH) agar 
(HiMedia, India) plates to generate a carpet texture using a sterile cotton swab. After swabbing, five wells (6 mm 
diameter and 10 mm deep) were constructed on the agar plate using a sterile cork borer. Each well was loaded 
with 100 µL of the crude extract at different concentrations: C1–100%, C2–50%, and C3–25%. An antibiotic disc 
(ciprofloxacin) at 100 ppm was used as the positive control, while distilled water was used as the negative control. 
The plates were allowed to rest for 1–2 h and incubated for 24 h at 37 °C, and then their ZOIs were measured. 
All the experiments were conducted in triplicate. Their outcomes were assessed in the form of mean ± standard 
error mean (SEM)24,24.

Determination of MBC and MIC
The Minimum Bacterial Concentration (MBC) and Minimum Inhibitory Concentration (MIC) of the subsequent 
bacterial strains were determined from the cell-free crude extract against the test pathogen (Staphylococcus aureus 
(MTCC 96)). The secondary metabolites obtained from secondary screening were extracted and concentrated in 
a dissolved nutrient broth. A two-fold serial dilution of the extract was made at varying concentrations (100%, 
50%, 25%, 12.5%, 6.25%, 3.125%, and 1.562%). 0.1 mL of the standardized test inoculum and 0.1 mL of cell 
extract were added to all eight test tubes. Additionally, 0.1 mL of distilled water was added as a negative control 
in the remaining test tube. All the test tubes were incubated for 18–24 h at 37 °C. After incubation, the MIC 
was determined by observing the test tubes with no visible turbidity. 0.1 mL solution was taken from these test 
tubes and plated onto MH agar (HiMedia, India) and incubated for 24 h at 37 °C. Following incubation, MBC 
was assessed by studying the presence or absence of bacterial colonies. All the experiments were conducted in 
triplicate. Their outcomes were assessed in the form of mean ± standard error mean (SEM)24,33.

Antibiotic susceptibility testing (AST)
Antibiotic Susceptibility Testing (AST) was conducted, employing the disk diffusion method. The selected 
bacterial cultures were swabbed onto MH agar plates (HiMedia, India) using a sterile cotton swab to make 
a carpet texture. The plates were then incubated for 10 min. After equal spreading, the selected isolates were 
tested for their activity against six antimicrobial agents at various concentrations: amoxicillin (10 µg), cefotaxime 
(30 µg), ampicillin (10 µg), ciprofloxacin (5 µg), amikacin (30 µg), and erythromycin (15 µg). The plates were 
then sealed and incubated for 24 h at 37 °C. Antagonistic behavior was determined by measuring the ZOI. All 
the experiments were conducted in triplicate. Their outcomes were assessed in the form of mean ± standard error 
mean (SEM)33,34.

Biochemical and morphological screening
The examined bacterial isolates were stored in nutrient slants at 4  °C. Primary identification was done by 
determining the cell morphology characteristics, colony formation, and Gram staining. A series of biochemical 
tests were conducted to identify secondary identification of bacterial strains. The observed bacterial characteristics 
were compared with Bergey’s Manual of Determinative Bacteriology as a reference. A temperature of 37 °C was 
maintained for all the biochemical tests35.

gDNA isolation, purification, and PCR amplification
After a series of screening procedures, the genomic DNA (gDNA) was extracted, employing the phenol/
chloroform method. For verifying the purity and integrity of the bacterial strains, the extracted gDNA was run 
on 1% agarose gels in 1x TAE buffer (Tris-acetate-EDTA: pH 8.3, 89 mM Tris base, 89 mM boric acid, and 2 mM 
EDTA in 1 L of water) at 10 V mm-1 for 90 min. The results were inspected under a UV transilluminator and 
recorded using Bio-Rad’s Gel Doc XR. The samples were amplified using GeneJET PCR Purification and Gel 
Extraction Kit (Thermo Fisher Scientific), which contained a master mix of 50 µL: 1 µL of Taq DNA polymerase 
enzyme (3U/mL), 1 µL of gDNA template, 10X Polymerase assay buffer, 4 µL of deoxy-nucleoside triphosphates 
dNTPs (2.5mM each), 2 µL of universal forward and reverse universal primers (each), 1X of gel loading buffer, 
and 30 µL of water. The amplified products were run for 30 cycles. The gDNA was stored at 4 °C. PCR product 
was obtained and reloaded onto the 1% agarose gels against the 500 bp ladder for gDNA detection32,36–39.

16S rRNA sequencing
The amplified and eluted gene products were further subjected to chain termination sequencing (16S rRNA 
sequencing; ribotyping) to identify the specific bacterial 16S rRNA gene products. After obtaining the necessary 
partial sequences, raw data files (trace files exhibiting forward and reverse sequence information) were procured 
from each sequenced sample. DNA Baser software version 5.15 was used to assemble the trace files (.ABI files) 
that were obtained from the sequencer to create the contigs. The contigs were stored in fasta format for further 
bioinformatic analysis40–45. The bacterial source of the sequence was identified by aligning it against sequences 
exhibiting the maximum identity score from the NCBI-GenBank Database46. For comparative analysis, the 
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BLASTn47 was used. BLASTn-generated hits of the recorded sequences exhibiting < 95% similarity were 
considered poor quality and were excluded from the study48.

Molecular identification and phylogenetic analysis
Phylogenetic analysis plays a chief role in revealing the systematic relationships among diacritic species, 
especially those that fall within novel microcosm lineages. The topological similarities among phylogenetic 
trees can be projected by employing specific algorithms that incorporate the nodal structures of a tree and 
construct a multidimensional model. These algorithms are further applied to quantify the discrepancies 
between subtrees49,50. The phylogenetic trees were constructed by formulating a taxonomic list that included 
the information on the procured 16S rRNA sequences and similarity search-driven sequences via BLASTn. The 
highly similar sequences were subsequently aligned with each other in multiple sequence alignment (MSA) 
format by utilizing the Muscle algorithm51–53. The Neighbor-Joining (NJ) method was used for the database set, 
which included the unweighted pair-group method with arithmetic averaging (UPGMA) and the maximum 
likelihood model for tree construction. The bootstrap test results were aggregated after 1000 replicates for all 
taxa. Molecular Evolutionary Genetics Analysis version XI (MEGA-XI) software was used for conducting the 
evolutionary analysis54,55.

Optimization of media components to produce NPs
The media optimization was performed by preparing the inoculum as mentioned above. The antagonistic activity 
was calibrated by the agar well diffusion method. The different parameters were optimized using a one-variable-
at-a-time (OVAT) approach to obtain a substantial result56.

Effect of different media
To enhance the yield of the NPs and analyze their antagonistic activity, different liquid media cultures were used, 
such as, Starch Inorganic Salt broth (SIS), Yeast Malt Dextrose extract broth (YMD), Starch Casein broth (SC), 
Tryptone Yeast extract broth (TYE), Glycerol-Asparagine broth (GA), Glucose Soybean Meal broth (GSB), Oat-
Meal broth (OM) and Tyrosine broth (TB). The initial pH of all the cultures was adjusted to 7.0. Each culture 
medium was incubated at 37 °C for 7 days at 150 rpm with 1% (v/v) inoculum56,57.

Effect of incubation pH
To determine the optimal pH for maximum antagonistic activity, a 5 mL aliquot of spore suspension of the 
Streptomyces peucetius strain was inoculated into a 250 mL flask containing 100 mL of SC medium at different 
pH values (3–11). Each culture medium was incubated at 37 °C for 7 days at 150 rpm36,57,58.

Effect of the incubation temperature
To determine the optimal incubation temperature for maximum antagonistic activity, a 5 mL aliquot of spore 
suspension of the Streptomyces peucetius strain was inoculated into a 250 mL flask containing 100 mL of SC 
medium at various temperatures (28–51 °C). Each culture medium was incubated at 37 °C for 7 days at 150 
rpm36,57,58.

Effect of the incubation period
To determine the optimal incubation period for maximum antagonistic activity, a 5 mL aliquot of spore 
suspension of the Streptomyces peucetius strain was inoculated into a 250 mL flask containing 100 mL of SC 
medium and incubated for 1–14 days under constant conditions (pH 7, 150 rpm, 37 °C). 5 mL of culture was 
taken aseptically at 24-hour intervals over the stipulated period36,57,58.

Effect of carbon and nitrogen source and their concentrations
To determine the optimal carbon source for maximum antagonistic activity, a 5 mL aliquot of spore suspension 
of the Streptomyces peucetius strain was inoculated into a 250 mL flask containing 100 mL of SC medium. 
The cultures were supplemented with 1% (w/v) of different carbon sources: rhamnose, sucrose, D-glucose, 
maltose, inositol, starch, lactose, mannitol, xylose, D-fructose, or D-galactose. Consecutively, the cultures were 
supplemented with 0.4% (w/v) of different nitrogen sources: ammonium sulfate, casein, sodium nitrate, peptone, 
L-asparagine, yeast extract, potassium nitrate, urea, beef extract, and tryptone. Subsequently, the best carbon and 
nitrogen supplies were regulated independently at different concentrations to yield the maximum antagonistic 
activity. Each culture medium was incubated at 37 °C for 7 days at 150 rpm36,57,58.

Analysis and extraction of the optimized NPs
At the end of each optimization step, 5 mL of the culture was taken aseptically. Each culture broth was 
centrifuged at 5000 rpm for 10 min to separate the biomass. The supernatants were filtered via Millipore filter, 
then transferred aseptically into a conical flask and stored at 4 °C. Consequently, solvent extraction of secondary 
metabolites was conducted using ethyl acetate59.

Dry weight of NPs
Extracts were utilized to analyze NP’s dry weight, purity, and concentration. The initial wet weight of the extract 
was determined by meticulously weighing the designated sample with an analytical balance. The extract was 
dried in an oven at 80 °C to evaporate the moisture in a 24-hour cycle. After drying, the samples were re-weighed 
to calculate the final dry weight60,61. The following calculations (Eq. i and Eq. ii) were conducted to evaluate the 
amount of water removed during the process:
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F inal dry weight of NP = initial wet weight of petri plate −
weight with water removed

� (i)

	
Dry weight of NP (%) = F inal dry weight

Initital wet weight
X 100 � (ii)

Statistical optimization to produce NPs
Statistical optimization of the medium components was performed to obtain the maximum yield of NPs from 
the bacterial strains. The study was conducted in three phases: Plackett–Burman (PB) design, followed by a 
response surface methodology (RSM) method in conjunction with a Box–Behnken design (BBD), and lastly 
an artificial neural network design (ANN). The responses were expressed as their ZOI. The investigation was 
carried out in triplicate. The findings were expressed as mean ± standard error mean (SEM).

Plackett–Burman design (PBD)
Plackett–Burman design (PBD), a two-level factorial design method, was used to identify the optimum medium 
components that significantly affect the production of natural therapeutic products62. The Plackett–Burman 
experimental design is formally based on a first-order regression model that employs the following formula (Eq. 
iii):

	
Y = β0 +

∑k

βiχi� (iii)

where Y is the response variable, β0 denotes the model intercept, β denotes the linear coefficient, χi denotes the 
independent variables in the coded format, and k denotes the number of variables involved.

The model designates no integration among factors. It was primarily utilized for screening and evaluating the 
factors that strongly influence the production of NPs from a pool of available candidates63. Using the deductions 
of OVAT, Inositol and L-asparagine were found to be excellent carbon and nitrogen sources, respectively, to 
produce NPs64–66. The screened carbon and nitrogen sources were evaluated along with other aggregates for PBD 
optimization experiments. In total, ten independent variables were used: three physical — pH, temperature, and 
inoculum period, and seven nutritional — inositol, starch, L-asparagine, yeast extract, K2HPO4, FeSO4.7H2O, and 
ZnSO4.7H20 (Table 1). The experiments were designed using R programming version 4.3.167. The investigations 
were determined at two different levels: low (−1) and high (+ 1)64,68–71.

Box‒Behnken design (BBD)
The investigations from the PBD were utilized for executing the response surface methodology (RSM) 
experimental model. The RSM model is a compilation of mathematical and statistical techniques that revolve 
around fitting the polynomial equation of the experimental data. Following the preliminary range of the 
extraction variables, a three-level, three-full-factor design (TFFD) Box‒Behnken design (BBD) experimental 
model was devised for determining the finest combination of extraction variables72,73.

Sixteen experimental runs of the BBD were performed to assess the three independent variables - pH (4, 
7, and 10), temperature (10, 30, and 60), and inositol concentration (2, 4, and 6) at three distinct coded levels; 
low (−1), medium (0) and high (+ 1). The significance level of each variable was established based on data from 
preliminary studies (Table 2).

To predict the optimal point, a second-order polynomial equation was fitted, determining the correlation 
between the independent variables and the NPs by the bacterial isolates (Eq. iv):

	
Y = β0 +

∑
i=1

βiiX
2
i +

∑n

i=1

∑n

j=i+1
βijXiXj + ε � (iv)

Independent Variables Media Components (g/L)

Levels

−1 + 1

A Inositol 5 20

B Starch 5 20

C L-asparagine 2 8

D K2HPO4 1 3

E Yeast Extract 2 8

F FeSO40.7 H2O 0.0002 0.003

F ZnSO40.7 H20 0.0002 0.003

H pH 3 12

I Temperature°C 25 45

J Incubation Period (Days) 3 14

Table 1.  Plackett–Burman design for screening culture conditions for variables. χ1– χ11 represent various 
impact factors (−1 and + 1 designate two different levels).
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where Y is the response variable; β0, βi, βii, and βij denote the regression coefficients for the intercept, linear, 
quadratic, and interaction terms, respectively; Xi and Xj denote the independent variables (i ≠ j). ε signifies the 
random error or discrepancies between the predicted and measured values. R programming version 4.3.1 was 
used for conducting the regression analysis of the experimental model74–77.

Statistical analysis of the data
The data regarding the production of NPs by the bacterial isolates were subjected to evaluate the t-value, p-value, 
and other statistical determinants (Eqs. v-vii). An analysis of variance (ANOVA) was conducted to evaluate the 
model’s statistical significance, impact, and interactions of the independent variables. The goodness and lack 
of fit of all the model equations were expressed by the coefficient of determination R2 and Adjusted-R2. The 
statistical and regression coefficient significance were determined by employing Fisher’s test at a probability 
value (p) ≤ 0.05. The optimal extraction conditions were assessed via linear and multiple regression model 
analysis using graphical presentations: pareto (2D), response surface (3D), and cube (3D) plots by employing 
the R programming version 4.3.164,66–77. Additionally, statistical heatmaps were constructed using Python 
programming version 3.12.478.

	
MSE = 1

n

∑n

i=1
(y − ŷ)2� (v)

	
RMSE =

√
1
n

∑n

i=1
(y − ŷ)2 � (vi)

	
MAE = 1

n

∑n

i=1
|ŷ − y| � (vii)

where Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE). n 
denotes the number of samples, y signifies the anticipated values of the response variable, and ŷ signifies the 
predicted values of the response variable.

Artificial neural network (ANN)
An Artificial Neural Network (ANN) configuration was employed for optimizing and predicting the target 
variables based on the input features. Python version 3.12.478 and PyTorch version 2.6.079 were employed for 
constructing the neural network model. The ANN model was trained by utilizing the independent variables 
from the RSM model80,81. To enhance the prediction capability, the dataset was pre-processed before conducting 
the model training. The Standard-Scaler module from scikit-learn82 was employed for normalizing and 
standardizing the input features (pH, temperature, and inositol concentration) and target variables (ZOI). 
Equitable assessment of the model was facilitated by classifying the dataset: training (70%), testing (15%), and 
validation (15%)83.

The ANN model skeleton constituted a three-layer feedforward neural network framework. The model 
topology exhibited an input layer with three neurons, the hidden layer with adaptive neurons (between three to 
seven), and the output layer with one neuron. The hidden layer deployed a hyperbolic tangent (Tansig) activation 
function, while the output layer incorporated a pure linear activation function (Purelin). The graphical working 
representation of the ANN model has been illustrated in Fig. 2. The predicted values of the ANN model were 
determined by calculating the output from each neuron in the hidden layer and by summing each neuron and 
its weight (Eqs. viii-ix)84,85:

	
Hi = tanh (0.5(

∑Ni

m=1
(wi.mxm) + bi ))� (viii)

	
YANN =

∑Nh

i=1
w2,iHi + bh� (ix)

where Hi is the hidden layer, Xm, is the value for the input variable, bi and bh are the biases in the input and 
hidden layers, respectively.

The model training was executed by the implementation of the Levenberg-Marquardt (LM) algorithm, using 
the Limited-memory Broyden-Fletcher-Goldfarb-Shanno (LBFGS) optimizer. L2 regularization was used to 
improve the model’s generalizability and mitigate the model’s overfitting capability. The MSE loss function was 
applied as the parameter for evaluating the performance of the model and calculating the difference between 

Independent Variables Symbols

Levels

Low Medium High

−1 0 + 1

pH x1 4 7 10

Temperature x2 10 30 60

Inositol Conc. x3 2 4 6

Table 2.  The experimental design’s levels for the independent variables.
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the experimental and predicted values. The training of the model effectively terminated when the generalization 
procedure ceased to improve due to a rise in the validation MSE values. Sensitivity analysis was conducted based 
on the Garson equation86 (Eq. x). The final model was subjected to numerous statistical measures87,88.

	

Ij =

∑ m=Nh
m=1 { (

∣∣W
jh
jm

∣∣∑
Ni
k=1|W ih

km|
) × |W ho

mn |}

∑ k=Ni
k=1 {

∑ m=Ni
m=1 (

∣∣W
jh
km

∣∣∑
Ni
k=1|W h

km|
) × |W ho

mn |}
× 100� (x)

where Ij is the relative importance (%) for jth parameter of model output. Ni and Nh are the input and hidden 
layer neurons, respectively. W is the connection weight, while i, h, and o are the input, hidden, and output 
layers, respectively. The variables k, m, and n are the neuron numbers in the input, hidden, and output layers, 
respectively.

Validation of the ANN models
The validation analysis of the ANN model is a crucial step in evaluating the model’s robustness, generalization, 
and reliability for varied datasets. The focus was to assess the ANN model’s performance with the concealed 
data. It further inhibited the underfitting or overfitting process. Therefore, k-fold Cross-Validation (CV) 
was employed to determine the model’s performance. Python version 3.12.4 and PyTorch version 2.6.0 were 
employed to conduct the validation analysis54,89.

Determination of the 16S rRNA structure
The secondary structures of 16S rRNA were constructed by applying free energy minimization techniques. 
These free energies were procured from experimental measurements of RNA structural element stability25,90–95. 
The secondary structure determination of the 16S rRNA was performed by utilizing the Unified Nucleic Acid 
Folding and Hybridization Package (UNAfold) with the MFold server. This server implements the Zuker-
Stiegler algorithm for calibrating the minimum free-energy structure depending on the nearest neighbor model. 
The empirical estimates of the thermodynamic properties and the sub-optimal structures having a certain degree 
of free energy were determined for the rRNA structures. The mole fractions of the structures as a function of 
UV absorbance (A260), heat capacity (Cp), temperature, and complete melting profiles for melting simulations 
were also calculated96–100.

Results
Sample collection, isolation, and biochemical characterization of bacteria to produce NPs
The collected microbial consortia were grown on a nutrient agar medium. The pure bacterial colonies were 
obtained, in which one hundred and seventy-two different colonies from bacterial genera were isolated and 

Fig. 2.  Schematic representation of the ANN model.
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characterized (Fig. 3 (a)). Among the total bacterial samples, four gave positive and affirmative results for the 
antagonistic activity. The screened cultures belonged to different bacterial species: Klebsiella pneumoniae (Isolate 
1–5.37  108 CFU/mL), Klebsiella quasipneumoniae (Isolate 2–5.05  108 CFU/mL), Streptomyces minutiscleroticus 
(Isolate 3–5.32  108 CFU/mL), and Streptomyces peucetius (Isolate 4–5.6  108 CFU/mL). A comprehensive list 
and analysis of the biochemical test results are provided in [Supplementary Material 1, Table S1, and Figures 
S1-S9] and Fig. 3 (b).

Fig. 3.  a) Distribution of bacteria in the microbial consortia, b) Biochemical tests for Streptomyces peucetius 
(Isolate 4); A: Pure culture of the isolate, B: Gram staining, C: Citrate utilization test, and D: Urease test.
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Quantitative screening of soil samples to produce NPs
Primary screening
The antagonistic potential of the selected bacterial isolates was determined via transverse streaking. The four 
bacterial strains (Isolate 1 – Isolate 4) were streaked horizontally on nutrient agar plates and incubated for 24–
36 h at 30 °C. After incubation, the test bacteria (Escherichia coli (MTCC 739) and Bacillus subtilis (MTCC 121)) 
were vertically streaked on the nutrient plates. Table 3 portrays the results for all the isolates’ transverse streaking 
patterns, suggesting that the bacterial strains (Isolate 1 – Isolate 4) were more sensitive against the gram-positive 
test organisms. The result for Streptomyces peucetius has been illustrated in [Supplementary Material 1, Figure 
S10 (a)].

Seed Overlay – Crowd plate technique
The seed overlay method was applied to ensure the production of NPs in the nutrient agar culture containing the 
isolates. It was revealed that all the isolates exhibited antagonistic behavior against B. subtilis. The antagonistic 
activity was demonstrated by calculating the occurrence of halo zones in the plates (Table 4). The result for 
Streptomyces peucetius has been illustrated in Fig. 4 (a) and [Supplementary Material 1, Figure S10 (b)].

Secondary screening and determination of MIC and MBC
The antagonistic activity of the isolates was determined by secondary screening via the agar disc diffusion 
method. S. aureus was swabbed onto MH agar plates. The crude extracts of the isolates were added at various 
concentrations: C1, C2, and C3, at 100%, 50%, and 25%, respectively. The well denoted as the positive control 
contained the antibiotic ciprofloxacin (100 ppm), while the well for the negative control contained 100 µL of 
distilled water. The results of the agar well diffusion method for all the bacterial isolates are depicted in Table 5. 
The result for Streptomyces peucetius has been illustrated in Fig. 4 (b) and [Supplementary Material 1, Figure 
S10 (c)].

The MIC and MBC were also calibrated from the test tubes (Table 6). Additionally, it was revealed that test 
tubes with higher concentrations of crude extract exhibited little to mild turbidity, in contrast to those with lower 
concentrations.

Antibiotic susceptibility testing
The antibiotic susceptibility testing was conducted using the disk diffusion method on an MH agar medium. The 
susceptibility profiles of all the bacterial strains are described in Table 7. The results revealed that Streptomyces 
peucetius displayed the highest susceptibility towards cefotaxime and ciprofloxacin and the least susceptibility 
to amoxicillin and erythromycin. Notably, although ciprofloxacin was administered at the lowest concentration 
(5 µg), it exhibited enhanced sensitivity as compared to other antimicrobial agents, including amikacin, which 
was tested at a greater concentration (30 µg). This determined the augmented intrinsic potency of ciprofloxacin 
against Streptomyces peucetius. The representative antibiotic susceptibility results for Streptomyces peucetius are 
displayed in Fig. 4 (c) and [Supplementary Material 1, Figure S10 (d)].

Identification of the bacterial isolates
The gDNA was isolated from all designated samples by the phenol/chloroform extraction method. The 
samples were subjected to gene amplification in a thermal cycler using PCR. Four sets of PCR cocktail mixes 
were prepared, and different molecular characteristics were confirmed. Taxonomic tests revealed familiar and 
distinctive traits for Klebsiella and Streptomyces species. For PCR gene amplification, genus-specific universal 

Selected Isolates Test Organism Halo Zones

Isolate 1

B. subtilis

+

Isolate 2 +

Isolate 3 ++

Isolate 4 ++

Table 4.  Seed overlay assay results. where “+++” signifies a large halo zone, “++” signifies a moderate halo 
zone, and “+” signifies a miniscule halo zone.

 

Selected 
Isolates

Test bacterial 
strains

B. subtilis E. coli

Isolate 1 ++ +

Isolate 2 ++ +

Isolate 3 ++ Nil

Isolate 4 ++ Nil

Table 3.  Primary screening against the test pathogens. where “+++” indicates a high level of inhibition, “++” 
indicates a moderate level of inhibition, and “+” indicates mild level of inhibition.
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primers were used: (forward) 5’-​G​G​A​T​G​A​G​C​C​C​G​C​G​G​C​C​T​A-3’ and (reverse) 5’-​C​G​G​T​G​T​G​T​A​C​A​A​G​G​C​C​C​
G​G-3’ for Isolates 1 – Isolates 2, while (forward) 5’-​A​T​G​T​G​C​A​A​G​G​C​C​G​G​T​T​T​C​G​C-3’ and (reverse) 5’-​T​A​C​G​
A​G​T​C​C​T​T​C​T​G​G​C​C​C​A​T-3’ for Isolates 3 – Isolates 4. After amplification, the proteins were quantified with a 
NanoDrop and Qubit fluorometer. The DNA yield was in the range of (1279.3 µgL−1 – 1281.6 µgL−1) for all the 
isolates via Qubit fluorometer, which was of suboptimal quality and purity.

Fig. 4.  Visual representation of the antagonistic activity of Streptomyces peucetius: a) Seed Overlay Assay, b) 
Agar Diffusion Assay, and c) Antibiotic Susceptibility Testing.
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The ribotyping results were further used to study the taxonomic and molecular characteristics of the isolated 
bacterial strains, in which both the forward and reverse template strands were sequenced. The trace files (.ABI 
files) obtained from the sequencer were further assembled using DNA Baser software to produce the contigs, 
which were then saved in fasta format. The procured sequences were aligned against the BLASTn software. 
This approach yielded an array of myriad taxonomic sequences exhibiting high grades of homology, but 
none demonstrated a 100% similarity match, suggesting their novel identity. The partial 16S rRNA sequences 
were deposited in the GenBank database and named Klebsiella pneumoniae strain ABSKSLAB01, Klebsiella 
quasipneumoniae strain ABSKSLAB02, Streptomyces minutiscleroticus strain ABSKSLAB03 and Streptomyces 
peucetius strain ABSKSLAB04, with accession numbers ‘OP597532’, ‘OP597545’, ‘OQ061473’ and ‘PP086938’,  
exhibiting 1396  bp, 1284  bp, 1025  bp and 908  bp respectively. The GC% for the strains ABSKSLAB01 - 
ABSKSLAB04 was 54.94%, 54.6%, 59.32%, and 58.37%, while AT% was 45.06%, 45.4%, 40.68%, and 41.63%, 
respectively.

Molecular phylogenetic analysis
The comparative rRNA/ITS database BLASTn analysis generated a 1200-hit taxonomic list for the sample input 
sequences. Twenty sequences that exhibited > 95% similarity were selected. The generated BLASTn hits pertained 
to query coverage, percentage identity score, E-value, and other edifying details.

The phylogenetic assessment was performed by multiple sequence alignment using the Muscle algorithm in 
MEGA-XI software. The algorithm calculated a complex matrix that was manually aligned. Species-specific trees 
were constructed by employing the NJ method. The coding gaps were signified in binary format. The branch 
support and the subsequent topology were unaffected by the missing data. A phylogram was devised by taking 
twenty nucleotide sequences in total. All the ambiguous positions were removed from every sequence pair using 
the pairwise deletion position method. All the trees were inferred from 1000 replicates of the bootstrap consensus 
algorithm. The branches reproducing partitions in < 50% bootstrap replicates were collapsed. The trees devised 
for strains ABSKSLAB01 - ABSKSLAB04 had the Sum of Branched Length (SBL) values of 0.056, 0.045, 0.018, and 
0.043, respectively. The designated positions for the final dataset entry for evolutionary analysis were 1397, 1285, 
1025, and 913, respectively. The phylogenetic tree and evolutionary heatmap for Streptomyces peucetius strain 

Crude Extract
 of Isolate

Antagonistic Agents and their ZOI 
(mm)

Amx Ctx Amp Cipro Amk Ery

Isolate 1 -- ++ -- + ++ +

Isolate 2 -- ++ -- + ++ +

Isolate 3 + +++ ++ +++ ++ +

Isolate 4 + +++ ++ +++ ++ +

Table 7.  Antibiotic susceptibility testing Results. where Amx = amoxicillin, Ctx = Cefotaxime, 
Amp = ampicillin, Cipro = ciprofloxacin, Amk = amikacin, and Ery = erythromycin. “+++” signifies substantial 
ZOI, “++” signifies moderate ZOI, “+” signifies minuscule ZOI, and “--” signifies petite or nonsignificant ZOI.

 

Crude Extract of Isolates Test Organism MIC (µg/mL) MBC (µg/mL)

Isolate 1

S. aureus

++ ++

Isolate 2 ++ ++

Isolate 3 +++ +++

Isolate 4 +++ +++

Table 6.  MIC and MBC of the crude extracts. where “+++” indicates the MIC > 220, “++” indicates the MIC 
between 150–220, and “+” indicates the MIC between 100–140.

 

Crude Extract of Isolates Test Organism

Concentrations (%) and their 
subsequent ZOI (mm)

C1 C2 C3
Cipro
(100 ppm) DW

Isolate 1

S. aureus

+++ + + ++ --

Isolate 2 +++ + + ++ --

Isolate 3 +++ ++ ++ +++ --

Isolate 4 +++ ++ ++ +++ --

Table 5.  Agar diffusion assay Results. where “+++” signifies a substantial ZOI, “++” signifies a moderate ZOI 
and “+” signifies a miniscule ZOI, and “--” signifies a petite or non-significant ZOI.
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ABSKSLAB04 have been illustrated in Fig. 5; for all the other species, the trees and their subsequent heatmaps 
have been demonstrated in [Supplementary Material 2, Figures S11–S13]. The evolutionary heatmaps were 
constructed using R programming version 4.3.1 by employing ggplot2101, ggtree102, and phylogram103 libraries.

Among the identified strains, the top three strains with the highest identity to the query sequence for 
ABSKSLAB01 were Klebsiella pneumoniae strain DSM 30,104 (99.50%), Klebsiella pneumoniae subsp. ozaenae 
strain ATCC 11,296 (99.28%), and Klebsiella quasipneumoniae subsp. quasipneumoniae strain 01A030 (99.28%). 

Fig. 5.  Phylogenetic analysis of the Streptomyces peucetius strain ABSKSLAB04; a) Phylogenetic tree and b) 
Phylogenetic heatmap.
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Similarly, for ABSKSLAB02 were Klebsiella quasipneumoniae subsp. similipneumoniae strain 07A044 (99.45%), 
Klebsiella pneumoniae subsp. rhinoscleromatis strain R-70 (99.45%), and Klebsiella africana strain SB5857 
(99.30%). For ABSKSLAB03, the primary hits were Streptomyces minutiscleroticus strain NLR2A3 (99.51%), 
Streptomyces minutiscleroticus strain NBRC 13,000 (99.51%), and Streptomyces carpiniensis strain NRRL 
B-16,921 (98.41%). For ABSKSLAB04 were Streptomyces peucetius strain NBRC 100,596 (99.27%), Streptomyces 
peucetius strain 0 M-30-152 (98.88%), and Streptomyces peucetius strain JCM 9920 (98.18%).

The phylogenetic assessment of all the novel isolates indicated the total number of sites in each alignment 
with the total number of conserved, variable, singleton, and parsimonious-info sites. A gamma distribution 
(0.0500) was employed for determining the evolutionary rate differences among these diacritic sites. The 
substitution patterns and rates were assessed by using the Tamura–Nei model. The mean evolutionary rates in 
these cadres were 0.00, 0.00, 0.00, 0.03, and 4.97 substitutions per site, for which the tree topology was computed 
for maximum log-likelihood [Supplementary Material 2, Table S2]. It was calculated using the substitution 
matrix rules [Supplementary Material 2, Tables S3, S5, S7, and S9] that estimated the transition/transformation 
bias (R): 1.73, 1.46, 0.9, and 1.04 of samples via the Kimura 2-parameter model.

The maximum composite likelihood and UPGMA models were used for calibrating the evolutionary 
distances. The results were devised in units of the number of base substitutions per site. The sum of substitution 
(r) was set equal to 100. All the ambiguous positions were removed using pairwise deletion [Supplementary 
Material 2, Tables S4, S6, S8, and S10]. Distance metric and statistical analysis via Tajima’s neutrality test were 
conducted, which removed all the ambiguous positions from each sequence pair. It revealed that the selected 
novel isolates did not evolve neutrally, confirming their conserved nature [Supplementary Material 2, Tables 
S11-S12].

Optimization of Streptomyces peucetius to produce NPs
The ability of the Streptomyces peucetius to produce NPs was influenced by the selective medium, nutrients, and 
growth conditions. The maximum antagonistic activity was obtained in the SC medium, followed by the GSB 
medium. The modified starch casein medium was composed of 1 g/L carbon and a nitrogen source, 0.3 g/L 
casein, 2 g/L K2HPO4, 0.10 g/L CaCO3, 2 g/L KNO3, 2 g/L NaCl, 2 g/L K2HPO4, 0.01 g/L ZnSO4, 0.1 g/L 
MgSO4, 0.01 g/L ZnSO4, 0.01 g/L FeSO4, and distilled water (1 L). This composition showed the highest activity 
and was selected as the production medium for further experiments. The other media displayed mitigated 
growth and decreased bioactivity (Fig. 6 (i)).

The optimal nutritional and culture parameters strongly influenced the growth of Streptomyces peucetius to 
produce NPs. The bioactivity was estimated at various pH values, in which the maximum value was obtained 
at pH 7.0 (ZOI = 26 mm), suggesting its stability at neutral pH. The activity was also determined at varying 
temperatures, in which the temperature range between 30 and 40 °C gave the maximum value (ZOI = 27 mm), 
suggesting its mesophilic growth. Moreover, this also suggests that this is an ideal temperature for the chaperone 
development that may influence the formation of various therapeutic products (Fig. 6 (ii-iii)). The incubation 
period was adjusted within a fixed range (1–14 days) by cultivating the culture in the production medium that 
revealed maximum bioactivity on the 8th day. The bioactivity remained stable between the 7th and 9th day, after 
which it started to decrease (Fig. 6 (iv)).

Furthermore, optimal nutritional conditions were employed to increase the yield of NPs. Different carbon 
and nitrogen sources were investigated in the production medium. The antagonistic activity was obtained from 
all the carbon sources, in which the maximum value was obtained by inositol (ZOI = 29 mm), followed by starch 
(ZOI = 27  mm). The least activity was by rhamnose (ZOI = 5  mm). Studies have revealed that the digestion 
of complex carbon sources (polysaccharides) is a slow process and thus induces the synthesis of therapeutic 
products. This can mainly be explained by glucose catabolic repression, which causes the inhibition of essential 
enzymes to produce NPs. Subsequently, among the nitrogen sources, L-asparagine had the maximum activity 
(ZOI = 26 mm), followed by potassium nitrate (ZOI = 24 mm), and tryptone had the least activity (ZOI = 9 mm) 
(Fig. 6 (v-vi)). The best carbon and nitrogen sources were also assessed at various independent concentrations, 
which revealed maximum activity at 4% (carbon) and 0.3% (nitrogen) (Fig. 6 (vii-viii)). Thus, explaining the 
importance of amino acids and nitrogen sources as the direct precursor of NPs.

Statistical optimization of the media components to produce NPs by Streptomyces peucetius
The statistical optimization of medium components for maximum antagonistic activity was implemented in 
three steps: Plackett–Burman design, RSM employing Box–Behnken design, and Artificial Neural Network.

Screening of potent factors via Plackett–Burman design
The Plackett–Burman design was used to investigate the influence of different variables on determining the 
efficiency of Streptomyces peucetius to produce NPs. In total, ten independent variables that varied in their media 
components were screened. Each variable was examined in twelve trials, with high levels denoted as + 1 and 
lower levels denoted as −1.

The PDB matrix determined the outcome of the experimental design and the predicted values of the 
response variable as represented by (Y). The results determined that the highest value of the response variable 
was represented by 26.2742  mm – 12th run, and the lowest value was represented by 9.2792  mm – 6th run. 
Consequently, for the predicted values, the highest value was represented by 26.2993 mm – 12th run, and the 
lowest was represented by 9.3043 mm – 6th run. The large variation in these values indicated the importance of 
medium optimization for augmenting the production of NPs. The experimental data was then fitted into a 1 st 
-order linear polynomial equation that numerically explained the statistical significance of each variable with 
their anticipated and experimental values [Supplementary Material 3, Table S13] and graphically represented 
as a heatmap (Fig. 7 (a)) with the equation below (Eq. xi):

Scientific Reports |        (2025) 15:25681 14| https://doi.org/10.1038/s41598-025-11615-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


	

NP = 20.77828 + 2.33984∗A − 2.25225∗B + 0.884218∗C
− 0.04588∗D − 1.35969∗E + 0.754922∗F + 1.810143∗G

+ 2.94044∗H + 4.525359∗I − 0.75075∗J
� (xi)

The statistical analysis revealed that the coefficient R2, which reflected the model’s goodness of fit, was 1.0, and 
the adjusted R2 (adj– R2) was 99%. A higher score suggests a more favorable match between the experimental 
and predicted values. The values of the adj–R2 need to be high and relatively close to the normal R2, confirming 
the numerical explanation by the regression model. The significance of the model was further confirmed by 
employing Fisher’s test of F-model = 7459 on 10 and 1 DF, with a p-value of 0.00901, which indicated 99.01% 
confidence.

The factors examined in this study contributed differently to produce NPs by Streptomyces peucetius, which 
corresponds to the following factors; positive outcome: inositol, L-asparagine, FeSO4.7H2O, and ZnSO4.7H20, 
pH, and temperature. In addition, some factors had negative outcomes: starch, K2HPO4, yeast extract, and 
incubation period (Fig. 7 (b)). Other parameters of the regression model, such as the main effect and t-value, were 
also calibrated, along with the normal plot of the standardized effect designating the significance of the model 

Fig. 6.  (i) different media, (ii) pH, (iii) temperature, (iv) incubation period, (v) carbon source, (vi) nitrogen 
source, (vii) carbon concentration, and (viii) nitrogen source concentration for procuring maximum 
antagonistic activity for Streptomyces peucetius.
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[Supplementary Material 3, Figures S14–S16]. The results of the statistical coefficients (Table 8) and ANOVA 
analysis with the lack of fit (Table 9) reflected a clear fit. All the plots were constructed using R programming 
version 4.3.1, while statistical heatmap was constructed using Python programming version 3.12.4 by employing 
Matplotlib and Seaborn libraries104 for enhanced clarity.

Optimization of Streptomyces peucetius via Box–Behnken design
Response Surface Methodology (RSM) is a key technique for modeling and analyzing engineering queries. 
The RSM model was conjugated with the Box–Behnken model design. The BBD model exhibited sixteen 
experimental runs with three replicates of the central point for attaining the statistical data. [Supplementary 
Material 3, Table S14] denotes the BBD design matrix, which shows the outcomes of the experimental design 
and the predicted values of the response variable. The antagonistic activity’s mean diameter was calculated, in 
which the highest value was represented by the 12th run (29.8197 mm), and the lowest value was represented 
by the 5th run (4.1627 mm). Conversely, for the predicted values, the highest value was denoted by the 2nd run 
(27.9418  mm), while the lowest value was denoted by the 3rd run (5.7571  mm). The results are graphically 
represented as a heatmap (Fig. 8 (a)). The experimental data were then fitted into a three-factor interaction, 2nd 
-order quadratic polynomial equation, in which the model numerically explained the substantial correlation 
between the anticipated and experimental values, as depicted below (Eq. xii):

Fig. 6.  (continued)
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Fig. 7.  PBD Plots; a) PBD Result Matrix, and b) Pareto Chart of Coefficient Estimates.
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NP = 5.757196 + 1.423655ph − 1.53755 temp − 6.37797 inositol
− 6.39424 ph∗temp + 0.357947 ph∗inositol + 0.227785 temp∗inositol

+ 7.248436 ph2 + 4.531289 temp2 + 7.492491 inositol2
� (xii)

 

The regression model was further examined by assessing the coefficients. The student’s t-test was employed 
to establish the significance of each coefficient (Table 10). The ANOVA results demonstrated that the model 
adequately represented the data. It had coefficients of multiple determinations, with Fisher’s test value of 11.798 
for the F-model and 0.00355 for DF 3 and 9. It had a p-value of 0.00355 with 99.64% confidence (Table 11). 
Furthermore, multiple R2 and Adjusted R2 (adj-R2) values were evaluated, corresponding to 91.65% and 86.63%, 
respectively, suggesting higher accuracy. The MSE (3.6785) and RMSE (1.918) displayed the least amount of 
difference between the actual and expected values. The model’s accuracy was also supported by the MAE (1.698), 
suggesting a low average prediction error.

Two-dimensional contour plots, three-dimensional response plots, and three-dimensional cube plots were 
generated to test the stability of producing NPs by Streptomyces peucetius against the dependent variables (pH, 
temperature, and inositol concentration) (Fig.  8 (b-d)). Moreover, the model diagnostics were performed in 
which, the power transformation of the response variables was calibrated via box – cox plot suggesting its stability 
within 95% confidence range [Supplementary Material 3, Figure S17], the quality of the regression model was 
determined using residual v/s run plot, indicating the acceptable range of the residuals [Supplementary Material 
3, Figure S18]. The normal probability plot for residuals and standardized effect also confirmed the significance 
of the regression model [Supplementary Material 3, Figures S19-S20]. The plot [Supplementary Material 3, 
Figure S21] defined the actual and predicted values, revealing that they are close to each other. All the plots 
were constructed using R programming version 4.3.1, while statistical heatmap was constructed using Python 
programming version 3.12.4 for enhanced clarity.

Optimization of Streptomyces peucetius via artificial neural network
Artificial Neural Networks (ANN) have been established as an alternative for modeling complex and non-linear 
relationships in various scientific fields. The performance of the ANN model was systematically determined by 
calculating the statistical metrics of the training, test, and validation datasets, which revealed an average MSE 
(0.0277), an average R² value (92.23%), an average adjacent-R² (90.83%), an average RMSE (0.1477), and an 
average MAE (0.0968). The augmented value of R² indicated the exceptional predictive capacity of the model. 
The statistical significance was further calculated by a p-value (7.63e-19), suggesting a highly robust correlation 
between the predicted and experimental values. The highest and lowest ANN-predicted values follow the same 

Terms Df Sum Sq Mean Sq F value P value

First Order 10 560.585 56.0585 7459.391 0.00901 **

Residuals 1 0.007515 0.007515 NA NA

Lack of fit 1 0.007515 0.007515 NA NA

Pure error 0 0 NA NA NA

Table 9.  ANOVA and lack of fit of the PBD regression model. The p-value determines the significance of the 
model values; ‘***’ denotes p-value < 0.001, ‘**’ denotes p-value < 0.01, ‘*’ denotes p-value < 0.05, and ‘. ‘.’denotes 
p-value < 0.1.

 

Coefficients Estimate Main Effect Std. Error Student’s t-test P- value

(Intercept) 20.77828 −71.9781 0.025025 830.2925 0.000767 ***

A 2.33984 8.105443 0.025025 93.49916 0.006809 **

B −2.25225 −7.80203 0.025025 −89.9992 0.007073 **

C 0.884218 −3.06302 0.025025 35.33302 0.018013 *

D −0.04588 0.15893 0.025025 −1.83332 0.317896

E −1.35969 4.710115 0.025025 −54.3328 0.011716 *

F 0.754922 −2.61513 0.025025 30.1664 0.021096 *

G 1.810143 6.270521 0.025025 72.33268 0.008801 **

H 2.94044 −10.186 0.025025 117.4989 0.005418 **

I 4.525359 15.6763 0.025025 180.8317 0.00352 **

J −0.75075 2.600677 0.025025 −29.9997 0.021213 *

Table 8.  Statistical coefficients and their significance values in the PBD model. The p-value determines the 
significance of the model values; ‘***’ denotes a p-value < 0.001, ‘**’ denotes a p-value < 0.01, ‘*’ denotes a 
p-value < 0.05, and ‘.’ denotes a p-value < 0.1.
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trend as the experimental values. The results are graphically represented as a heatmap (Fig. 9 (a)), and the result 
matrix is situated in [Supplementary Material 3, Table S15].

The model exhibited a network topology of three neurons in the input layer, varying hidden neurons (five 
models; neurons between three and seven), and a single neuron in the output layer. The model exhibited an 
iteration count of 112, 1000 epochs per model, and a learning rate of 0.01 for the LBFGS optimizer. These 
parameters allowed a suitable trade-off between stability and training speed. The connection weight analysis 
suggested that pH is a key parameter, followed by inositol concentration and temperature [Supplementary 
Material 3, Table S16].

Furthermore, the model’s performances were examined with key visualizations. The loss curve illustrated the 
progressive iterations in the model training method with a gradual decline in the MSE values. It had minimal 
fluctuations followed by stabilization over successive training epochs, suggesting high efficacy of the model to 
generalize beyond training data (Fig. 9 (b)). The model’s assessment was further determined with the help of 

Fig. 8.  RSM plots; a) RSM Result Matrix, b) 2D surface plots, c) 3D response plots, and d) 3D cube plots.
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Fig. 8.  (continued)

Coefficients Estimate Std. Error Student t-test P value

(Intercept) 5.757196 1.566001 3.676369 0.010375 *

ph 1.423655 1.10733 1.285665 0.245948

temp −1.53755 1.10733 −1.38852 0.214333

inositol −6.37797 1.10733 −5.75978 0.001194 **

ph*temp −6.39424 1.566001 −4.08317 0.006479 **

ph* inositol 0.357947 1.566001 0.228574 0.826791

temp* inositol 0.227785 1.566001 0.145456 0.889114

ph^2 7.248436 1.566001 4.628629 0.003583 **

temp^2 4.531289 1.566001 2.893542 0.027566 *

inositol^2 7.492491 1.566001 4.784475 0.003049 **

Table 10.  Statistical coefficients and their significance values in the BBD model. The p-value determines the 
significance of the model values; ‘***’ denotes a p-value < 0.001, ‘**’ denotes a p-value < 0.01, ‘*’ denotes a 
p-value < 0.05, and ‘.’ denotes a p-value < 0.1.
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regression analysis (Fig. 9 (c)) and parity plot [Supplementary Material 3, Figure S22]. This provided an in-
depth insight into the model’s reliability, predictiveness, and accuracy. The data points from all the datasets 
were plotted with their experimental and predicted values. It showed that maximum predictions were clustered 
around the reference line of Y = X, with a small number of deviations, indicating a negligible systematic bias for 
the calibrated model. Despite a few tolerable deviations in the datasets, the model confirmed its fitness since most 
data points existed near the centered zero line [Supplementary Material 3, Figure S23]. The error distribution 
plot demonstrated an error density spread near the centered zero line, indicating a normal distribution and 
confirming the absence of significant bias in the model [Supplementary Material 3, Figure S24]. All the plots 
were constructed using Python programming version 3.12.4.

Validation of RSM-governed ANN model
The cross-validation results demonstrated that the ANN model attained a mean MSE value of 0.0533, which is 
very close to the constructed ANN mean MSE value of 0.027. Hence, this suggests the model sustains a lower 
error rate amongst different validation folds. The fluctuations in the MSE values remained in the tolerable range. 
The final iterations were in the stabilized category [Supplementary Material 3, Figure S25]. Subsequently, the 
validatory model had a mean R² of 97.71%, as compared to the constructed ANN R² value of 92.23%, suggesting 
a good fit. These results imply that the constructed ANN model generalizes well across different datasets, 
with no significant overfitting or bias. Moreover, it can also be seen that the predicted values are very close 
to the experimental values. Thus, optimal values for three independent variables were measured: pH 7 ± 1.2, 
temperature 40 ± 5 °C, and inositol concentration 5.5 ± 1.5, to produce maximum natural therapeutic product.

Additionally, the production yield of NPs was evaluated under both pre- and post-optimized conditions. 
Under the pre-optimized conditions, the crude extract yield was measured at 370 mg/L. Optimization through 
RSM enhanced the yield to 450 mg/L, resulting in a 1.22-fold increase. Consequently, the yield content was 
evaluated at 580  mg/L under ANN optimization, resulting in a 1.57-fold increase from the pre-optimized 
conditions, and a 1.29-fold enhancement over the RSM model. These outcomes highlighted the importance of 
ANN models and their superior nature over other models. All the plots were constructed using Python version 
3.12.4.

Comparison of RSM and ANN models
ANN has proven to be a chief paradigm in computational modeling, having higher efficiency in analyzing 
intricate data, multidimensional affairs, and optimizing complex progressions. It works as an adaptive data-
driven structure exhibiting hidden patterns and non-linear associations with high fidelity. Other statistical 
approaches, such as RSM, operate with a parametric architecture by analyzing quadratic and linear problems. 
This mitigates its applicability in systems that have intricate dependencies. In the current study, the performance 
of the constructed ANN model was systematically determined by taking the inputs from the RSM experimental 
design, consisting of three variables at three distinct levels. The predictions from both models were compared as 
previously shown in Fig. 9 (a).

The results demonstrated that ANN predictions are much closer to the experimental values, signifying the 
high efficiency in predictiveness. Furthermore, the predictability of the models was chiefly governed by the 
statistical evaluations [Supplementary Material 3, Table S17]. The results revealed that the ANN model was 
superior to the RSM model, due to higher values of R2 and Adj- R2 and mitigated values of MSE, RMSE, and 
MAE. This determined a higher generalization capacity of the constructed ANN model for different datasets 
[Supplementary Material 3, Figure S26]. The performance can also be understood by comparing the residual and 
parity plots, which show that the datapoints of the ANN model are closer to the central zero line, as compared 
to the datapoints of the RSM model [Supplementary Material 3, Figures S27 and S28, respectively]. All the plots 
were constructed using Python version 3.12.4.

Elucidation of 16S rRNA secondary structure
The 16S rRNA secondary structure was determined by employing RNA-UNAFOLD software, which revealed 
helical regions exhibiting an interior hairpin, bulged regions, and multi-branched loops that might bind with 
23S rRNA, as illustrated in [Supplementary Material 4, Figures S29-S31 (a)] and Fig. 10 (a) for ABSKSLAB04. 
The ABSKSLAB01 - ABSKSLAB04 strains exhibited free energies (∆G) of −552.40 kcal/mol, −513.10 kcal/mol, 
−452.10 kcal/mol, and − 381.20 kcal/mol, respectively. The thermodynamic results from the dataset were also 

Terms Df Sum Sq Mean Sq F - Value P - Value

First Order 3 360.555 120.185 12.25198 0.005718 **

Two Way Interaction 3 164.2654 54.75514 5.581887 0.035944 *

Pure Quadratic 3 516.8393 172.2798 17.56266 0.002246 **

Residuals 6 58.85659 9.809432

Lack of fit 3 47.87585 15.95862 4.359981 0.128873

Pure error 3 10.98075 3.660249

Table 11.  ANOVA and lack of fit of the BBD model. The p-value determines the significance of the model 
values; ‘***’ denotes a p-value < 0.001, ‘**’ denotes a p-value < 0.01, ‘*’ denotes a p-value < 0.05, and ‘.’ denotes a 
p-value < 0.1.
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obtained (Table 12). Moreover, the entropy of the RNA structures was estimated using the Vienna RNA-fold 
server that generated an energy hill plot, as illustrated in [Supplementary Material 4, Figures S29-S31 (b)] and 
Fig. 10 (b) for ABSKSLAB04. The results suggested that the isolates have a stable secondary structure that can 
be used for further studies.

Fig. 9.  a) ANN Result Matrix Heatmap, b) ANN MSE loss curve, and c) ANN Regression Analysis.
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Discussion
Microorganisms are notable sources of structurally diverse bioactive metabolites and have produced myriad 
important compounds in the therapeutic sector. Natural products (NPs) are secondary metabolites that 
indirectly affect these microbes. Bacteria are vital producers of bioactive natural compounds. They have 
adaptable biocatalytic activity that allows them to interact with a wide range of substrates, which controls their 
unique ability to transform swiftly. The development of high-throughput analysis and genetic engineering has 

Fig. 10.  a) 16S rRNA 2° structure and b) Hill plot representing the sequence-wise energy and entropy 
distributions.

 

Scientific Reports |        (2025) 15:25681 23| https://doi.org/10.1038/s41598-025-11615-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


made it simpler to investigate the pathways for novel secondary metabolites. The studies have provided insight 
into the principles underlying their biosynthesis, which involve a collection of co-localized genes known as 
biosynthesis gene clusters (BGCs).

The present study aims to isolate, identify, and analyze four novel bacterial strains from Ranga-Reddy district, 
Telangana, that exhibit the potential to produce NPs, namely, Klebsiella pneumoniae strain ABSKSLAB01, 
Klebsiella quasipneumoniae strain ABSKSLAB02, Streptomyces minutiscleroticus strain ABSKSLAB03, and 
Streptomyces peucetius strain ABSKSLAB04.

Klebsiella species are traditionally nosocomial pathogens. They can survive in immune-compromised 
situations in varied hosts and acquire multidrug resistance. However, recent studies have highlighted that these 
facultative anaerobes have the potential as biotechnological commodities due to their diverse metabolic systems 
to produce numerous NPs, such as capsular polysaccharides, bacteriocins, lipopolysaccharides, and siderophores. 
These metabolites have acquired importance in pharmaceuticals, immunotherapy, and antimicrobial drug 
development applications. Despite numerous advantages, the industrial and clinical exploitation of Klebsiella 
species remains a huge burden due to the biosafety concerns. Studies have shown that these limitations can be 
overcome by the usage of advanced CRISPR-based genome editing and synthetic biology, causing deactivation 
of virulence-causing factors in the biosynthetic pathways. These genetically engineered Klebsiella strains can be 
analyzed in sealed bioreactor systems for ensuring safety and scalability105–107. Furthermore, studies have shown 
that genus Streptomyces has the capability to produce numerous NPs, due to their diverse metabolomes and 
higher genetic amenability108,109. The strain Streptomyces peucetius is widely known as the potent producer of 
the anthracycline antibiotics: daunorubicin and its semi-synthetic derivative, doxorubicin. These drugs are the 
prime functional agents due to their broad-spectrum efficacy against hematological malignancies and are highly 
used in the oncological sector110,111.

In this study, the designated samples were subjected to biochemical and antagonistic screening. Among these, 
the most significant outcome was obtained by Streptomyces peucetius strain ABSKSLAB04 (Isolate 4). Previous 
studies have proven the therapeutic potential of S. peucetius by characterizing peucemycin, a novel macrolide 
exhibiting antitumor and antibacterial capabilities. Therefore, Streptomyces species are considered a paramount 
resource due to their high metabolic flexibility and versatility to govern the biosynthesis of pharmacologically 
robust and structurally diverse NPs112.

The primary screening by transverse streaking revealed moderate to strong inhibitory effects against B. subtilis 
and E. coli, with Streptomyces peucetius (Isolate 4) demonstrating the highest inhibition. The seed overlay assay 
was performed as a confirmatory test, and the results were analyzed by measuring the ZOI around the designated 
bacterial strains. The results revealed that the ZOI for the Streptomyces species was larger as compared to the 
Klebsiella species. The secondary screening via the agar well diffusion assay was used to validate the efficiency of 

Strain Structural Element ∆G (kcal/mol) Information

Klebsiella pneumoniae strain ABSKSLAB01

External loop −4.10 6 ss bases & 3 closing helices

Stack −3.30 External closing pair is C 1353-G 1396

Multiloop 1.50 External closing pair is C 1354-G 1395

Bulge loop 0.50 External closing pair is G 55-C 1342

Interior loop 2.40 External closing pair is G 1359-C 1390

Hairpin loop 5.20 Closing pair is C 1369-G 1381

Klebsiella quasi-pneumoniae strain ABSKSLAB02

External loop −0.50 2 ss bases & 1 closing helices

Stack −1.30 External closing pair is U 2-A 1283

Multiloop 0.70 External closing pair is G 23-C 1263

12 ss bases & 5 closing helices

Bulge loop 1.40 External closing pair is U 9-A 1276

Interior loop 3.30 External closing pair is G 1226-U 1256

Streptomyces minutiscleroticus strain ABSKSLAB03

External loop −0.30 7 ss bases & 2 closing helices.

Stack −2.10 External closing pair is U 1004-A 1025

Multiloop 1.90 External closing pair is C 10-G 986

9 ss bases & 3 closing helices.

Bulge loop 0.50 External closing pair is G 642-C 924

Interior loop 3.00 External closing pair is A 6-U 991

Hairpin loop 4.20 Closing pair is C 1010-G 1019

Streptomyces peucetius strain ABSKSLAB04

External loop −3.60 10 ss bases & 3 closing helices.

Stack −3.40 External closing pair is g 896-c 905

Multiloop 0.70 External closing pair is g 755-c 887

6 ss bases & 3 closing helices.

Bulge loop 3.30 External closing pair is c 841-g 861

Interior loop 1.70 External closing pair is u 833-a 869

Hairpin loop 1.70 Closing pair is g 898-c 903

Table 12.  Thermodynamic dataset of folding of 16S rRNA structures.
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bacterial strains against S. aureus. The crude extracts of Streptomyces peucetius exhibited a substantially larger 
ZOI, especially against the control antibiotic ciprofloxacin. This suggests that the strain has high bioactive 
effectiveness and can be an appropriate candidate for natural therapeutic applications. The antagonistic efficiency 
of Streptomyces peucetius was further evaluated, and it showed very low MIC and MBC values. This implies that 
it can cease bacterial growth at mitigated concentrations. The antibiotic susceptibility testing for Streptomyces 
peucetius determined diagnostic degrees of sensitivity and resistance against generic antibiotics. It showed 
resistance against amoxicillin and erythromycin but was highly susceptible to ciprofloxacin and cefotaxime. This 
differential susceptibility suggests that the produced bacterial metabolites could have a novel mode of action, 
distinct from commonly used antibiotics. Moreover, after attaining all the results from the quantitative screening, 
the results were compared with other strains of Streptomyces and Streptomyces peucetius. It showed that the 
designated isolate, Streptomyces peucetius strain ABSKSLAB04, demonstrated higher antagonistic bioactivity 
than the previously isolated strains, ascertaining a novel precision.

The growth of the selected bacterial strain, ABSKSLAB04, was further optimized by altering different 
environmental and nutritional parameters via the OVAT approach to obtain maximum antagonistic activity. 
The maximum bioactivity was obtained by SC medium, followed by GSB at pH 7.0 and temperature between 
30 and 40  °C. The optimum growth was between an incubation period of 7–10 days at 4% inositol (carbon 
source) and 0.3% L-asparagine (nitrogen source). The concentration and composition of the medium play a 
vital role. This is highly applicable for microbial secondary metabolite biosynthesis, where simple changes in 
the production medium can have large effects. The choice of carbon and nitrogen sources exerts a major impact 
on the biosynthesis of NPs and influences their antagonistic activity. A study implied that the production of 
cephamycin C, β-lactam antibiotic produced by Streptomyces clavuligerus, exhibited numerous challenges in 
the presence of glycerol as a carbon source due to the suppressive impact on the bioactivity of cephamycin C113. 
Similarly, another study dictated the production process of a macrolide antibiotic, spiramycin from Streptomyces 
ambofaciens, used for the treatment of toxoplasmosis. It showed that the presence of certain carbon sources, 
such as glucose and glycerol, apparently impacted the production of the subsequent antibiotic114. Thus, it is very 
important to use the right parameters and nutritional sources to produce NPs.

Additionally, the statistical optimization of the medium components was conducted in three phases, using the 
PBD, RSM-BBD, and ANN model. In the PBD, ten independent variables exhibiting different media components 
were screened and examined in twelve trials. Both the experimental and predicted values were determined by 
fitting the raw data into a first-order linear polynomial equation, with high levels denoted as + 1 and lower levels 
denoted as −1. The highest activity was represented by the 12th run − 26.27 mm, while the lowest activity was 
represented by the 6th run − 9.30 mm. Statistical analysis was conducted to determine the statistical coefficients, 
ANOVA analysis, and the lack of fit of the PBD model. The model had a higher level of goodness of fit with R2 
and adj-R2 of 0.99 (each), a p-value (0.00901), and an F-model (7459) on 10 and 1 DF. The investigations from 
the PBD were further applied to execute the RSM-BBD experimental model. It constituted sixteen experimental 
runs with three replicates of the central point for attaining the statistical results. The experimental raw data 
were fitted into a second-order quadratic polynomial equation, where the model numerically explained the 
substantial correlation between the anticipated and experimental values. The RSM model had a high level of 
goodness of fit with R2 and adj-R2 of 91.65% and 86.63%, respectively, with a p-value (0.00355) and an F-model 
(0.00355) on 3 and 9 DF. It was followed by statistical analysis: MSE (3.6785), RMSE (1.918), and MAE (1.698), 
suggesting the model’s high predictive capacity. Moreover, numerous visual plots were designed for both models, 
which ascertained the high predictiveness and efficiency.

ANN model was used to detect the intricate relationships between independent variables. The model was 
designed by utilizing the three key independent variables—pH, temperature, and inositol concentration from 
the RSM study. The entire dataset was standardized and split into training (70%), testing (15%), and validation 
(15%) to govern the reliability of the model. The model topology consisted of three neurons in the input layer, a 
variable number of neurons (three - seven) in the hidden layer, and a single neuron in the output layer. The results 
showed that the ANN model was of superior quality as it demonstrated high predictiveness and achieved lower 
mean values of the statistical results: MSE (0.0277), RMSE (0.1477), MAE (0.0967), and higher mean values of R2 
(92.23%) and adj-R2 (90.83%), suggesting the high generalization ability. Moreover, the model was also validated 
using the k-5-fold cross-validation method, which rendered the MSE value of 0.0533 with a 97.91% accuracy 
fit. The final optimal values for the three independent variables were determined to be pH 7 ± 1.2, temperature 
40 ± 5  °C, and inositol concentration of 5.5 ± 1.5, resulting in the antagonistic activity of 29.81  mm. The 
production yield of NPs was also calculated, in which the standard yield (370 mg/L) was obtained, as compared 
to 450 mg/L and 580 mg/L with 1.22-fold and 1.57-fold increase under RSM and ANN optimized conditions, 
respectively. There was a 1.29-fold enhancement by ANN model over the RSM model. A study conducted by 
Pathak et al.115 and Yu et al.116 also applied the optimization of Streptomyces species and documented that the 
ANN model is a better fit when compared to the RSM model. Despite ANN being a superior model, RSM is the 
chief tool due to its high interpretability. RSM governs unambiguous mathematical equations and parametric 
sensitivity analysis, which makes the system behave in a more accessible manner. Therefore, the hybrid modeling 
techniques that display both RSM and ANN have been devised, which would capitalize on the interpretability of 
the RSM model and the amplified predictiveness of the ANN model. This dual model technique has been highly 
successful in chemical engineering, bioprocess optimization, and environmental modeling, where it maintains 
an equilibrium between precision and interpretability.

To execute the molecular characterization, 16S rRNA chain termination sequencing was used to confirm the 
identity of the isolates, followed by myriad bioinformatic analyses. The novel partial sequences (ABSKSLAB01 
– ABSKSLAB04) were deposited in the GenBank database with accession numbers: ‘OP597532’, ‘OP597545’, 
‘OQ061473’, and ‘PP086938’, respectively, followed by phylogenetic assessment via MEGA-XI software. Species-
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specific trees were constructed, and evolutionary distances were calculated. Construction, thermodynamic 
evaluation, and secondary structural analysis of the 16S rRNA were performed with UNAFOLD software.

The novel isolates have the potential to produce antagonistic (antimicrobial and antineoplastic) natural 
therapeutic products that can further be amplified by utilizing industrial-driven applications within 
biotechnological processes. The study provides a unique insight into the underlying isolates in therapeutic 
applications for treating numerous ailments.

Conclusion
The present study isolated, identified, and analyzed four novel bacterial strains—Klebsiella pneumoniae 
strain ABSKSLAB01, Klebsiella quasipneumoniae strain ABSKSLAB02, Streptomyces minutiscleroticus strain 
ABSKSLAB03, and Streptomyces peucetius strain ABSKSLAB04. The potential of these strains to produce NPs was 
assessed with the aid of quantitative screening, molecular characterization, bioinformatic analysis, phylogenetic 
analysis, media optimization, and statistical optimization techniques. The study enunciated the capability of 
bacterial isolates, especially Streptomyces peucetius strain ABSKSLAB04, to produce natural compounds that fall 
under the antimicrobial and antineoplastic categories. The PBD acknowledged the chief features influencing the 
production of NPs, while eliminating less significant variables. RSM conjugated with BBD optimized the best 
culture conditions from the PBD and attained high and significant results (R2 − 91.65% and MSE − 3.6785). The 
ANN model established superior predictive capability, with a higher R² (92.23%) and a lower MSE (0.0277), with 
an enhanced crude extract yield of 580 mg/L (1.57-fold increase), as compared to the RSM model​ (450 mg/L 
− 1.22-fold) over preoptimized conditions (370 mg/L). There was a 1.29-fold enhancement by the ANN model 
over the RSM model. This signifies the ANN model’s effectiveness and augmented predictiveness in handling 
nonlinear biological interactions and complex variable dependencies, making it a more robust optimization 
approach. Therefore, the current research highlights the subsequent strains’ biotechnological potential to 
produce NPs and paves the way for scaling the production of natural bioactive compounds with advancements 
in the pharmaceutical and industrial sectors.

Data availability
Most of the data generated or analyzed during this study are included in this article. We have included addi-
tional data in the supplementary material. The 16S rRNA sequence data that support the findings of this study 
are available in GenBank database with following links. Moreover, queries can be directed to the corresponding 
author for any clarifications about the study if ​n​e​e​d​e​d​​​​.​h​​t​t​​p​​s​:​​/​​/​w​w​w​​.​n​c​b​i​.​​​​​n​l​​m​​.​​n​​i​h​​.​​​g​o​v​/​​n​​u​c​c​o​r​​​​​e​/​​O​P​​​5​​9​7​​5​​​3​2​h​t​​t​​p​s​:​/​
/​​​​​w​w​​w​.​​n​​c​b​​i​​.​n​l​m​​.​n​i​h​.​g​o​v​/​n​u​c​c​o​r​e​/​O​P​5​9​7​5​4​5​h​t​t​p​s​:​/​/​w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​n​u​c​c​o​r​e​/​O​Q​0​6​1​4​7​3​h​t​t​p​s​:​/​/​w​w​w​.​n​c​b​
i​.​n​l​m​.​n​i​h​.​g​o​v​/​n​u​c​c​o​r​e​/​P​P​0​8​6​9​3​8​.​​
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