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An attempt was made to isolate Escherichia coli strains from a polluted environment to explore the potentiality
of the production of bioethanol. The whole genome sequencing (WGS) confirmed the strain as £. coli. The whole
genome provided insight into structural and function annotations and mined into their potent enzymes for ethanol
production. The WGS of the E. coli strain contributed nearly 23% of total genes involved in carbohydrate metabolism,
and the highest Clusters of Orthologous Genes (COGs) were recorded around 447 Carbohydrate transport and
metabolism genes. Additionally, E. coli enzymes, namely protease, alcohol dehydrogenase, and lyase enzymes, were
observed, and each could potentially play a crucial role in ethanol production. Despite their importance in ethanol
production, structural information for these enzymes from the microorganism remains unavailable. In the current
investigation, genomic data of E. coli genome from three sequences were selected. Subsequently, the 3D structure
of protease, alcohol dehydrogenase, and lyase enzymes were modeled and validated using structural bioinformatics
methodologies. The gas chromatography of the fermented byproducts using this strain was analyzed, and it was seen
that 2-butanol had the highest quantification of 31.055%, while ethanol resulted in 7.907%. This study provides the
real-world applicability of the wild E. coli strain in bioethanol production.

1. INTRODUCTION

Fossil fuels are the backbone of the global energy system; they
play a crucial role in the world’s economic growth and prosperity;
however, due to high consumption, the reservoirs of fossil fuels are
continuously depleted. It is predicted that fossil fuel reserves will
almost run off at the beginning of the 22™ century [1]. Future energy
requirements need a promising and sustainable solution to tackle this
global issue. In this context, there is an urgent need for sustainable
energy solutions that have driven significant interest in bioethanol
production [2,3]. Bioethanol can act as a renewable alternative to
fossil fuels. This sustainable solution can counter air pollution and be
a sustainable energy source. Recently, Escherichia coli have emerged
as a promising candidate for various industrial biotechnological
applications, including bioethanol production [4]. Due to their rapid
growth rate, genetic tractability, and metabolic versatility, E. coli can
be a potential candidate for biofuel production [5,6]. Escherichia coli
is traditionally used on laboratory strains and genetic engineering
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most favorable model [7]. Moreover, the wild strain E. coli potentially
codes the vast arsenals of enzymes and metabolic diversity they may
have inherited.

The wild E. coli strains, which have adapted to diverse environmental
conditions over millions of years, possess unique enzymes and
regulatory networks that can be harnessed in bioethanol production
[8]. These strains may offer enhanced activity under industrial
conditions due to their ability to sustain high temperatures, low pH,
presence of heavy metals, and the presence of toxic compounds,
which are often encountered during biomass conversion processes
[9,10]. The Saccharomyces cerevisiae is widely used for bioethanol
production. However, recent studies have shown that £. coli can be
substituted where it can tolerate high glycerol concentrations (up
to 10 g/l), high salt concentrations [11], and low concentrations
of heavy metals (<0.1 mM) [12]. Atsumi et al. [13] have explored
a metabolic engineering approach using E. coli for the high-yield
production of isobutanol in the fermentation process. Generally,
most of the E. coli strains cannot be able to convert biomass into
bioethanol. However, wild-type strains of E. coli may contain various
biomass-degrading enzymes. This is due to their enhancement by
the genetic transformation that aids them in their natural or artificial
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competence to enhance their capacity in utilizing other hydrocarbons
or cellulose-based materials [14].

In the present study, whole genome sequencing (WGS) and the
functional annotation approach were used to explore the entire genetic
repertoire of wild E. coli strains for bioethanol production. This
approach helps to identify novel enzymes, which may be an essential
consideration, as the genes can help degrade complex plant biomass
efficiently and further convert sugars to ethanol with improved yields
[9,15]. In addition, validating the structure of enzymes identified from
wild E. coli strains is crucial. These enzymes are used to understand
their functional capabilities. Therefore, in this study, AlphaFold,
an advanced tool, was used to predict protein structures as the tool
helps to predict accurate models and validate the three-dimensional
structures of enzymes. Also, this tool reveals critical insights into
enzyme functionality, substrate interactions, and catalytic mechanisms,
enhancing the understanding of how these enzymes contribute to
bioethanol production. Structural validation ensures that the identified
enzymes have the desired properties and supports the development of
more effective biocatalysts [16].

Furthermore, the integration of antibiotic-resistance genes into
E. coli strains used for bioethanol production presents additional
opportunities and challenges. These genes can enhance the robustness
of E. coli under harsh industrial conditions, providing resistance
to stresses such as high temperatures and toxic inhibitors. Some
antibiotic resistance genes encode enzymes with unique catalytic
properties, including the ability to degrade complex substrates or
detoxify inhibitory compounds, thereby supporting the efficient
conversion of biomass to ethanol. Additionally, incorporating these
genes can facilitate metabolic engineering efforts, optimizing E.
coli strains for specific bioethanol production [5,7,8]. However, the
application of antibiotic-resistance genes in bioethanol production
must be cautiously approached due to the potential risks associated
with their spread to pathogenic bacteria. The inadvertent transfer of
these genes could contribute to the growing public health threat of
antibiotic resistance [17,18]. Therefore, strict containment measures,
such as secure laboratory environments and the use of genetically
engineered organisms incapable of surviving outside controlled
settings, are critical to prevent accidental release [19].

Generally, the E. coli strain is not able to convert biomass into
bioethanol. Moreover, previous studies showed that E. coli and S.
cerevisiae strains convert biomass into isobutanol [5,12,13]. The wild
strains of the E. coli strains have the unique enzymes and metabolic
potentials to convert biomass into bioethanol. Therefore, the present
study aims to explore the potential of wild E. coli strains in bioethanol
production by integrating WGS and functional annotations to uncover
novel enzymes and pathways that enhance biomass degradation and
bioethanol yield. By tapping into the natural enzymatic repertoire and
metabolic diversity of wild E. coli and utilizing AlphaFold for enzyme
structure validation, this research seeks to advance the development
of more efficient and sustainable bioethanol production processes.
The findings of this study could potentially address key challenges
associated with large-scale biofuel production, broadening the goal
of a sustainable energy future and sparking further research and
development in this field.

2. MATERIALS AND METHODS

2.1. Sample Collection and Isolation of Bacteria

The soil samples were collected from the bank of the Cooum River
in Chennai (13°05'52.6"N; 80°17'23.78"E). The isolation of bacteria

was performed using a serial dilution technique, briefly, soil samples
were diluted in MilliQ water, and the resulting dilutions were plated
onto MacConkey agar. Individual bacterial colonies were isolated
and grown separately to obtain pure cultures. After which the isolates
were screened in an enriched lauryl sulphate-aniline blue MacConkey
agar medium for coliform bacteria namely E. coli.

2.2. Biomass Utilization

Wet biomass (Plant litter) was collected from the Western Ghats
(10°10'00.1"N; 77°04'00.1"E). The biomass was tested for its
suitability as a growth substrate for the isolated bacteria. The growth
was monitored at multiple time points: 3, 6, 9, 12, 18, 24, 32, 48, 56,
and 64 hours.

2.3. Whole Genome Sequencing

The bacterial strain that showed the best growth was selected for
further study. The Genomic DNA of this strain was isolated and
sequenced to obtain 1 gigabyte (Gb) of data using the Illumina
NovaSeq 6000 platform using 150 x 2 base pairs (bp) paired-end
sequencing chemistry.

2.4. Assembly and Functional Analysis

Genome assembly was performed using the Spades tool v4.0. The
annotated assembly was further used for functional analysis using the
Prokka tool. This tool facilitated the assembly of the sequencing data
and allowed for detailed analysis of the genomic content of the isolated
strain. The genome's circular visualization and functional results were
visualized using the GenoVi tool.

2.5. Protein Modelling

The Chimera X version 1.4 software package [20,21] utilized the
AlphaFold2 tool for 3D structure prediction based on the amino acid
sequences. The prediction process involved selecting the AlphaFold2
option within the Tools section of the Structure Prediction tab.
Subsequently, the amino acid sequence was entered into the query box
and submitted with default parameters. The resulting predicted tertiary
structure was then input into the PROCHECK tool [22] to generate
the Ramachandran plot, assessing the stereochemical quality of the
protein structure for validation. The PrankWeb server, available online
at https://prankweb.cz/, was utilized to identify the target proteins'
active sites. Subsequently, the topmost binding pocket was chosen for
the subsequent docking analysis [23].

2.6. Fermentation

Escherichia coli cultures were aerated using the shake-flask technique.
In this experiment, we used a minimal medium containing biomass as
substrate. One milliliter of cultures was inoculated on the grown in
conical flasks (500 cm?®) on a shaker within a controlled environment
chamber. To optimize oxygenation, larger surface areas were employed
using T-flasks and roller bottles. After sterilizing the lab-scale fermenter,
E. coli was inoculated into the sterile culture medium in a batch
fermentation process with 25 g of biomass. During fermentation, cell
concentrations were monitored by measuring optical density (OD) at
600 nm using ultraviolet-visible spectrophotometer. The concentration
of minerals and salts was measured using Inductively Coupled
Plasma Optical Emission Spectrometry (ICPOES). Byproducts were
monitored using the gas chromatography-mass spectrometry (GC-
MS) analysis; a detailed method is described in “Gas Chromatography
(GC)” section. The bioethanol was collected after the fermentation
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Table 1. Brief information related of alcohols standard used in the present
study.

SI. No. Name of the compounds Batch number Purity (%)
1 Ethanol F204325 99.9
2 Methanol 3085112913 99.9
3 1-Butanol FPC/LM/1008 99.8
4 2-Butanol B0705 99.0
5 1-Propanol 279544 97.8
6 2-Propanol GUUOM 99.8

process. Continuous aeration was maintained to support aerobic
culture and facilitate the removal of gaseous byproducts such as CO,
[24,25]. The entire fermentation process was run for 82 hours at a
constant 35°C temperature.

2.7. Gas Chromatography

The fermented byproducts were analyzed using GC (Shimadzu GC-
2014). The analysis was performed with the following conditions: a
DB624 column (60 m x 0.32 mm ID 1.8 um film Capillary column)
was used, with a flow rate of 1 ml/min (constant flow) and a total
run time of 30 min, hydrogen flow 45 ml/min and air flow 450 ml/
min [26,27]. The temperature program settings were as follows; the
column was initially held at 40°C for 15 min, then increased to 220°C
at the rate of 15°C per min and maintained at 220°C for 3 min. The
detector temperature was set at 260°C. The injection mode was split
and the injection time was 0.1 min.

The peaks of alcohols were identified by comparing retention time to
those of standard reference compounds. The brief information related
to the preparation of standards is mentioned in Table 1.

3. RESULTS
3.1. Isolation of Bacteria and WGS

The colony confirmed that coliforms appeared smooth, circular, white,
or greyish colonies, primarily confirming the typical characteristic of
E. coli in the selective medium. The sequencing result confirmed the
E. coli, which resembled a genome size of around 4.6 million bp. The
genome comprised 9,375,256 bp and 102 contigs. In the assembly, the
GC content was 51%, the n50 value was 110 kilobase pairs (Kbp), and
the genome completeness was 93%. The Genomic map included the
number and functions of genes (Fig. 1A). The genes were plotted in
the circular genome along with many genes like arcB and evgS. The
CDS/open reading frame (ORF), tRNA, rRNA, GC content, and GC
skew were analyzed (Fig. 1A).

3.2. Functional Annotations

The functional annotations were performed for the E. coli genome
by two approaches. The first approach was performed by matching
the annotations with the KEGG (Kyoto Encyclopaedia of Genes and
Genomes) database. In the second approach to predict the functions
of the genes, we used Clusters of Orthologous Groups database to
classify the genes based on clusters of orthologous genes (COGs) id of
proteins (Fig. 1B and D). The COGs recorded 41.4% for metabolism-
related genes, followed by Cellular Processes and Signalling, which
recorded 28.2%. Upon further classification into the clusters, the G:
carbohydrate transport and metabolism showed the highest classified
genes of 447, followed by E: amino acid transport and metabolism
genes of 385 genes. Under information, storage, and processing, K:

transcription showed the highest orthologous of 373 genes. Nearly
10.6%, i.e., R: general function prediction only; S: function unknown,
recorded 297 and 218 genes, respectively (Fig. 1D).

The metabolic pathways and associated gene counts from the KEGG
database for E. coli showed that Carbohydrate metabolism had the
highest number of genes (334), followed by environmental information
processing (328) and Genetic information processing (170) genes,
and amino acid metabolism (146) genes were recorded (Fig. 1C).
The genes of the E. coli involved in pathways, namely pyruvate, and
glycolysis, and further glyconeogenesis were also plotted and, their
contribution to the enzymes in green color was shown (Fig. 1E and
F). The E. coli genes with their enzyme ID were plotted in both the
pathways involved in ethanol biosynthesis.

3.3. Structure Predictions

Utilizing the amino acid sequence with default parameters, the
AlphaFold2 tool successfully predicted the protein structure (Fig. 2).
For the protease model, the predicted local distance difference test
calculated a mean confidence value of 92.4%, while the alcohol
dehydrogenase and lyase models exhibited values of 90.8% and
91.5%, respectively. A mean confidence value of 90 and above is
consistent with an experimental structure [16]. The protease-active-
site residues are THR-184, TYR-208, LYS-209, SER-210, ALA-211,
ASP-228, TRP-231, ALA-336, MET-338, PRO-375, GLY-376, GLY-
377, SER-378, VAL-379, MET-406, ALA-408, SER-409, GLY-410,
LEU-428, SER-431, GLY-433, ILE-434, PHE-435, PHE-488, and
VAL-511. Similarly, the alcohol dehydrogenase -active-site residues
comprise CYS-40, HIS-41, SER-42, HIS-45, GLN-46, TRP-51,
HIS-62, CYS-88, MET-110, GLY-112, THR-113, TYR-114, ASN-
115, SER-116, CYS-158, THR-162, VAL-181, GLY-182, ILE-183,
GLY-184, GLY-185, LEU-186, PHE-204, THR-205, THR-206, LY S-
210, SER-225, THR-244, VAL-245, ALA-246, VAL-267, GLY-268,
ALA-269, MET-293, ILE-294, MET-331, GLY-334, VAL-336,
TYR-338, and ARG-339. Additionally, the lyase-active-site residues
include SER-71, MET-72, ARG-114, ILE-116, LEU-118, LEU-126,
GLY-128, THR-130, PRO-151, LEU-152, LEU-191, and GLU-193
(Fig. 2A-F).

3.4. Structure Validation

The evaluation of the modeled protein structure was done using
the Ramachandran plot in the PROCHECK tool (Fig. 2G-I). In the
protease model, 92.8% of residues were situated in the most favored
regions (A, B, and L), 7.2% in the additional allowed regions (a, b,
1, and p), and 0% in the generously allowed regions (~a, ~b, ~I, and
~p), with no residues in the disallowed regions (Fig. 2G). Similarly,
the alcohol dehydrogenase model exhibited 92.9% of residues in the
most favored regions, 7.1% in the additional allowed regions, 0% in
the generously allowed regions, and 0.7% in the disallowed regions
(Fig. 2H). The lyase model displayed 89.7% of residues in the most
favored regions, 8.9% in the additional allowed regions, 0.7% in
the generously allowed regions, and no residues in the disallowed
regions (Fig. 2I). Consequently, the distribution of amino acid
residues indicates that the predicted cellulase structure possesses
high-quality characteristics.

3.5. Fermentation and GC Chromatogram Estimation of
Bioethanol
Using GC, the byproducts of fermentation were analyzed, with each

chromatogram representing a different compound. Ethanol production
was 7.9%, and 2-butanol was the highest byproduct, at nearly 31.055%
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Figure 1. Escherichia coli (A): Whole genome assembly and the gene annotations representation and (B): annotations of cluster of orthologues groups; (C): Pie
chart representing KEGG pathway enrichment analysis and (D): COG functional distributions of genes :-A: RNA processing and modifications, B: Chromatin
structure and dynamics; C: Energy production and conversion; D: Cell cycle control, cell division, and chromosome partitioning; E: Amino acid transport and

metabolism; F: Nucleotide transport and metabolism; G: Carbohydrate transport and metabolism; H: Coenzyme transport and metabolism; I: Lipid transport and
metabolism; J: Translation, ribosomal structure, and biogenesis; K: Transcription; L: Replication, recombination, and repair; M: Cell wall/membrane/envelope

biogenesis; N: Cell motility; O: Posttranslational modification, protein turnover, chaperones; P: Inorganic ion transport and metabolism; Q: Secondary metabolites
biosynthesis, transport, and catabolism; R: General function prediction only; S: Function unknown; T: Signal transduction mechanisms; U: Intracellular trafficking,
secretion, and vesicular transport; V: Defense mechanisms; W: Extracellular structures; X: Mobilome: prophages, transposons; Z: Cytoskeleton). KEGG Pathway
contribution of genes by E. coli. (E): Pathway for Pyruvate metabolism. (F): Glycolysis and gluconeogenesis. The green boxes are the genes present in the E. coli

genome contributing in the pathways.
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Table 2. Peak table of fermented byproducts from GC.

Peak Retention Area Area% Name of
time byproduct
1 4.646 126,045 4.445 Methanol
2 6.262 224,229 7.907 Ethanol
3 7.766 484,997 17.102 2-Propanol
4 11.964 423,721 14.941 1-Propanol
5 15.535 880,708 31.055 2-Butanol
6 19.189 696,257 24.551 1-Butanol
Total 2,835,956 100.00 --

(Fig. 3; Table 2). The other products are also mentioned in Table 2,
with their retention time and area percentage.

4. DISCUSSION

This study aimed to isolate an E. coli bacterium using a selective medium
from a harshly polluted area. Escherichia coli may have a more natural
transformation of various genes for survival. Natural transformation
allows for the integration of extra-chromosomal DNA, which can enter
the cell through membrane pores and is influenced by environmental
factors such as heat shock. Usually, E. coli does not utilize cellulose, as
it primarily originates from human environments. However, wild-type
E. coli can utilize cellulose and other sugars from wet plant biomass
when adapted to become competent for various substrates [14]. These
isolates are tolerant and capable of utilizing different sugars and can
convert renewable biomass into biofuel by degrading the plant litter.
Therefore, a WGS of E. coli was performed, and its structural and
function genes were studied. The protein structure of these genes into
enzymes and evaluating their active site and completeness were studied.
After confirmation, we fermented plant litter using E. coli for bioethanol
production, and the quantity was calculated using GC.

It was seen that E. coli K-12 reported a genome consisting of 4,639,221
bases of circular duplex DNA [28]. While in the present study reported
E. coli strain also reported 4,658,037 bases represented in circular
duplex DNA with positive and negative ORF. The previous study
based on the functional potential of E. coli K-12 strain identified genes
related to transport and binding proteins (6.55%) and energy synthesis
(5.67%) [28]. In the present investigation, it was carbohydrate
metabolism (23%) and environmental information processing (22%).
This proves that our E. coli strain is different from E. coli K1, which
involves the degradation of various sugars and has a wide range of
adaptation capabilities in harsh environments. The COGs namely,
carbohydrate transport and metabolism, recorded the highest group
of proteins with 447 genes. The organism possesses a range of
enzymes, including alcohol dehydrogenase, protease, and lyase, that
are essential for ethanol production. However, these enzymes’ lack
of structural information has impeded a comprehensive understanding
of their metabolic functions. To address this, computational tools and
comparative genomics can be employed to elucidate genome structure
and identify protein isoforms at the gene level, providing a more
complete depiction of the organism’s metabolic machinery. Moreover,
some of the mutants of E. coli strains produce higher amounts of
alcohol dehydrogenase enzyme, allowing them to use ethanol as a
carbon source or to meet acetate needs [14,29]. The active sites of
the protease, alcohol dehydrogenase, and lyase enzymes play an
important role in the various enzymatic processes such as catalytic
cleavage of peptide bonds, cleavage, and formation of chemical bonds
without hydrolysis or oxidation. These processes are directly involved
in biomass conversion [30]. In the present study, several active sites of

the three enzymes were recorded in wild E. coli strains genome further
confirms the applicability of this strain in bioethanol production.

Several studies have reported to utilizing E. coli [4] and S. cerevisiae
[31] for bioethanol production using various lignocellulosic feedstocks
for partial degradation substrate degradation. For example, E. coli
B pLOI297 was used to ferment aspen, which was reported to have
undergone a pretreatment process with SO, [32]. This fermentation
method resulted in an ethanol concentration of 31 g/l, yielding of
0.26 g of ethanol per gram of sugar consumed [33]. In another study,
E. coli KO11 fermented maple biomass, pretreated with 1% sulfuric
acid at 160°C for 10 min. After the pretreatment, over liming was
used, resulting in an ethanol concentration of 84 g/l and a yield of
0.4 g ethanol per gram sugar [34]. In the present study, the strain has
produced 7.9% (equal to 291 g/1) of ethanol and confirmed the ability
to produce bioethanol from 1 kg of biomass (calculated).

In addition, S. cerevisiae strains have been applied to similar processes.
Saccharomyces cerevisiae MTCC-36, together with Pichia stipitis
NCIM-3498, fermented Shorea robusta (sal) biomass, pretreated with
1% hydrochloric acid at 121°C for 30 min. This fermentation yielded
19.1 g/l of ethanol, with a high yield of 0.39 g ethanol per gram of
sugar [35]. Another study that involved S. cerevisiae MEC1133 has
fermented paulownia wood. It was treated through autohydrolysis and
subsequent sulfuric acid pretreatment and resulted in 47.6 g/1 of ethanol
with a yield of 0.26 g ethanol per g sugar [36]. Though S. cerevisiae is
wildly used for bioethanol production, recent studies have shown that
E. coli may be more suitable in conditions where it can tolerate high
glycerol concentrations (up to 10 g/1), high salt concentrations [11],
and low concentrations of heavy metals (<0.1 mM) [12,37].

The present study is based on the WGS of the E. coli strain, regarding
its functional potential to convert plant biomass to bioethanol. The
computational and bioinformatic analysis were used to find the
functional applicability of this strain in bioethanol production. Despite
the high-end bioinformatic analysis used in the present study, the
work has certain limitations. Notably, the structural prediction of the
proteins and the enzymes was entirely based on bioinformatic analysis,
with no validation of wet lab conditions. However, the GC-MS-based
experiment, which was based on the wet lab work, showed that the
byproducts of the fermentation were several alcohols, including butanol,
ethanol, methanol, and propanol. Although the study focused on the
ethanol production, we found that butanol was the main byproduct. The
conversion of the ethanol to butanol is easier; however, the conversion
of butanol to bioethanol is a complex process, and there are no known
industrial-scale processes currently for the conversion of butanol to
ethanol. Therefore, future studies should be directed to find out the
pathways to convert butanol to ethanol at a larger industrial scale. The
present work has its own limitations related to the proper correlation
between enzymes and protein data with GC-MS data, specifically based
on wet laboratory work. Therefore, future work should incorporate
experimental validation with proper correlation for the real-world
application of this strain in bioethanol production.

5. CONCLUSION

An attempt was made to isolate E. coli strains from the natural
environment to explore the potentiality of the production of bioethanol.
It was also evident from the WGS that the E. coli strain contributes
nearly 23% of the total genes involved in carbohydrate metabolism.
Therefore, they can metabolize sugars from biomass and contribute to
bioethanol production. The GC (Shimadzu GC-2014) of the fermented
byproducts was analyzed, and it was seen that ethanol resulted in
7.907% on the pilot scale for initial confirmation. Further, this strain
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can be used for gene knockout studies to enhance the robustness of
bioethanol productivity.
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