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ABSTRACT

Background: Antimicrobial resistance (AMR), a dangerous health problem, is driven by excessive and
incorrect usages of the antibiotics in both clinical and farming environments. Escherichia coli is an
opportunistic bacteria and a sentinel species used in AMR monitoring, and it usually contains a repertoire of
acquired resistance genes and chromosomal mutations.

Aim: The objective of the present work was to examine the genomic landscape of antibiotic resistance in a
cache of 31 E. coli strains isolated in Iraq, Iran and Turkey and to implement a multifaceted approach based
on a combination of genome-wide screening, mutational profiling and machine learning.

Methods: Assemblies of genomes were retrieved in the Bacterial and Viral Bioinformatics Resource Center
(BV-BRC), and resistance genes were identified with ResFinder and ABRicate. To discover high impact
mutations of major genes such as gyrA, parC, ompF, and acrR, variant calling was used. We augmented
phenotypic resistance in ciprofloxacin, ampicillin, and cefotaxime and used the data with the genomic data to
ensure Random Forest classifiers were trained and to determine feature importance.

Results: The most common acquired resistance genes included blaTEM-1B (87%), sull (77%), aadAl
(71%) and gnrS1 (65%). The frequency of mutations at gyrA S83L and parC S80I sites was more than 70%
among isolates, testifying to their role in resistance to fluoroquinolone. The models of machine learning
recognized aac(3)-lld, blaTEM-1B, and sull as the best predictors of phenotypic resistance.

Conclusions: Interaction occurs between acquired and chromosomal resistance mechanisms in E. coli
landscape construction of AMR in the Middle East. Bioinformatics and machine learning would offer solid
ground of resistance prediction and surveillance, and increase the need of context-sensitive plans of AMR
endeavors.

Keywords: Antimicrobial Resistance, Escherichia coli Genomics, Gene Co-occurrence Networks, Machine
Learning.
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INTRODUCTION

ntimicrobial resistance (AMR) among

bacterial pathogens has been recognized as
one of the most significant threats to global health.
This trend has intensified because antibiotics are
widely and often indiscriminately used in clinical
and agricultural settings. These practices strongly
promote the selection of resistant strains. The
effect is particularly evident in Escherichia coli, an
opportunistic pathogen and a key indicator
organism in AMR surveillance programsl'3. These
resistance patterns serve as sentinel indicators
and are routinely monitored due to their relevance
in both hospital and community environments”. E.
coli is a frequent cause of urinary tract infections,
bloodstream infections, and gastrointestinal
diseases, and also functions as a commensal
member of the gastrointestinal microbiota®”.

The genetic mechanism of E. coli resistance
includes chromosomal mutations and acquisition of
plasmid-borne resistance genes to most classes of
antibiotic including: B-lactams, aminoglycosides,
fluoroquinolones, sulfonamides and
tetracyclinesﬁ’7. Appreciably, the prevalent genes in
multidrug resistant (MDR) E. coli isolates globally
are blaTEM-1B, sull, gnrS1 and aadAl genes
mostly located on integrons, transposons or
plasmidss'lo. Further, point mutations of target
genes (gyrA, S83L/D87N and parC, S80I/E84G)
have been strongly associated with
fluoroquinolone resistance through chromosomal
point mutation'**?.

Recent advances in next-generation sequencing
(NGS) allow resistance mechanisms to be
characterized in great detail at the genome level.
These methods enable comprehensive
identification of resistance determinants. They also
display patterns of co-ocurrence and the probability
of horizontal gene transfer'®. Resistance genes
can be identified in a consistent way with the help
of standardized software platforms (e.g.,
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ResFinder and ABRIicate). Importantly, machine
learning, using Random Forest classifiers, can be
used to go further, and discover new biological
findings, namely the genomic characteristics which
are most predictive of phenotypic resistance**>.

The phenomenon of resistance gene landscape in
E. coli has been relatively under-researched in
Middle Eastern nations, with the most significant
contrivance in Irag and Iran, and to a lesser extent
in Turkey where there is more research studies.
Although there are individual incidence reports of
high prevalence of extended-spectrum -
lactamase (ESBL) resistance and fluoroquinolone
resistance rates in these regions, there are not
many integrative studies, which present data on
phenotypic resistance pattern together with whole-
genome information in multinational enterprises.
This inequality constrains the development of AMR
mitigation measures that can serve to meet the
needs of the region, and also undermines
international response to the transnational spread
of resistance genes'®*®.

Network-based analysis and cluster techniques
have also enabled an illuminated epidemiological
structuring of resistant E. coli. By co-occurrence of
genes and building of hierarchical grouping of
resistance patterns researchers are likely to be
able to determine presumed methods of
transmission, co-selection modes and similarity of
strains irrespective of the geographical setting™?.
Using these approaches with mutation profiling
and feature-importance modeling would help to
better understand the resistome, not as a set of
genes, but as an adaptive and multifaceted
network of traits that have evolved, interacted with
ecological and anthropogenic changeszz.

Since it has significance to the broader public
health and a gap in the local understanding of the
matter, the genomic structure of antimicrobial
resistance of 31 isolates of E. coli of Iraq, Iran and
Turkey needs to be analyzed. The proposed study
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will dwell on the resistance to three clinically
relevant antibiotics namely ciprofloxacin, ampicillin,
and cefotaxime. We will use bioinformatics tools
(ResFinder, ABRicate, hierarchical clustering, and
Random Forest classifiers) to: (1) evaluate the role
played by the resistance genes and the presence
of resistance genes in particular phenotypic
resistance, (2) explain how the resistance genes
mediate resistance to these antibiotics, and (3)
visualize networks of gene co-occurrence and
patterns of strain clustering. The results are likely
to be used in local interventions and contribute to
the general study of the cross-border spread of
resistance.

MATERIALS AND METHODS

1. The Genomic Data

The 31 E. coli isolates whole-genome sequences
were downloaded in the Bacterial and Viral
Bioinformatics Resource Center (BV-BRC). The 31
E. coli isolates represented a geographically
diverse collection, including 3 from Iraq, 7 from
Iran, and 21 from Turkey. The downloaded
genomes were all in FASTA format and were
systematically renamed (e.g. CREC1- CREC31) to
ensure traceability and consistency across
analyses.

The genome IDs selected in this study are
illustrated in table (1):

Table 1. Distribution of E. coli genome IDs by
country.

Country | Genome IDs No
Iraq 133972, 158034, 158108 3
Iran 124137, 124139, 124140, 157927, 7
83334.181, 83334.370, 868159.3
161536, 161537, 161538, 161539,
161542, 161545, 161548, 16155,
161551, 161552, 161553, 161554,
Turkey 21

161555, 161556, 161557, 161558,
161559, 16156, 161561, 161563,
61564

2. Resistance Gene Detection

Detection of acquired antimicrobial resistance
(AMR) genes was performed by analyzing the
genomes independently with ResFinder and
ABRIicate, and the results were subsequently
compared to ensure consistency and cross-
validation. These tools compared the genome
assemblies against curated resistance gene
databases, specifically ResFinder DB and CARD,
which were the only databases used in this study.
Default thresholds for identity (=90%) and
coverage (260%) were applied unless otherwise
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specified. Genome assemblies were downloaded,
analyzed with ResFinder and ABRicate, and the
outputs were parsed to generate a gene
presence/absence matrix across the major
resistance determinants in the isolates.

3. Genomic Mutation Profiling

Chromosomal point mutations associated with
resistance were identified using Snippy for variant
calling, with reads aligned against the reference
genome E. coli K-12 MG1655. The analysis
targeted key resistance-associated genes: gyrA
and parC, known for their role in fluoroquinolone
resistance, alongside acrR, ompF, and soxR,
which act primarily as regulatory and structural
determinants contributing to efflux pump activity
and porin-mediated resistance. Mutations were
categorized by their impact type (e.g.,
synonymous, nonsynonymous, frameshift, stop
gained), and mutations with a high impact were
marked to be analyzed downstream in correlation.

4. Assimilation of Phenotypic Resistance
Information

Phenotypic resistance profiles to ciprofloxacin
(CIP), ampicillin (AMP), and cefotaxime (CTX)
were manually retrieved from BV-BRC metadata,
and complete profiles were available for all 31
isolates. All phenotypic profiles were standardized
and binarized, with resistance coded as 1 and
susceptibility as 0. Isolates reported as
‘intermediate’ in BV-BRC were grouped with the
resistant category to ensure a conservative
classification. The gene presence/mutation matrix
was then merged with the phenotypic dataset
using the keys that are identifiers of isolates.

5. Analyzing Features Importance with

Machine Learning

Random Forest classifiers were trained
independently for each antibiotic using Python
(scikit-learn library). Model performance was
evaluated with accuracy, precision, recall, and
ROC-AUC metrics, and feature importance scores
were extracted to quantify the relative influence of
genetic determinants.

6. Interpretation and Visualization

The feature importance per antibiotic was
visualized using Python (matplotlib and seaborn for
bar plots and heatmaps). Comparative analyses
were performed with interactive 3D column plots
generated in plotly, and overlapping versus drug-
specific resistance signatures were displayed as
color-coded maps.
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7- Genes Interaction

Gene interaction networks were constructed and
visualized using Cytoscape (3.10.3). The weight of
each edge reflected the co-occurrence frequency
between two genes, defined as the proportion of
isolates carrying both genes (e.g., number of
isolates with gene A and gene B / 31 total
isolates).

RESULTS
1.Acquisition of Genome and

Distribution of The Strain

A total of 31 E. coli isolates were retrieved from
the BV-BRC platform, including 3 from Iraq, 7 from
Iran, and 21 from Turkey. The corresponding
accession IDs are listed in the Supplementary
Material to ensure reproducibility. All genomes
were quality assemblies with the interest of offering
in FASTA format. The isolates were also logically
re-named to CREC1, through CREC31, in order to

allow comparison analysis and consistent
reference in the individual study.

2- Cluster Analysis of Resistance
Profiles

Hierarchical clustering of the 31 E. coli isolates
was performed using a gene presence/absence
matrix of resistance determinants, with Euclidean
distance and Ward’'s method applied to generate
the dendrogram. The dendrogram below in Figure
(1) shows clear clusters of strain with similar levels
of resistance. It was interesting to note that there
was clustering of some isolates on an individual
country implying geographic patterns in the
acquisition of resistance genes.
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Figure 1: Dendrogram representing hierarchical
clustering of E. coli isolates based on their
resistance gene presence/absence matrix.
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3.  Acquired Resistance  Genes

Detection

Both ResFinder and ABRicate were used to
screen the 31 genomes and those were combined,
as the results showed a high number of acquired
resistance genes, with blaTEM-1B (27/31), sull
(24/31), aadAl (22/31) and gnrS1 (20/31) as the
most common. These genes cause resistance to
B-lactam, sulfonamides, aminoglycoside, and
fluoroquinolone respectively. To ensure that the
results were reproducible, the threshold of 90
percent identity and 60 percent coverage was
taken to detect the gene.

Table 2. Prevalence of major resistance genes
among E. coli isolates.

o 5
= °© | Lo "
(&) o v - - o 8
& 5 8 22| ES 2
o £0 25| =9 p
< 5] W=
)

Penicillin
blaTE B-lactams 27 gggg}l resistance;
M-1B (ESBLs) CRECl(,) highly

prevalent

CREC2 Plasmid-borne;
sull Sulfonamides | 24 | CRECS5, W|dest[t)1r('aead n
CREC18 .
environment
Crecs, | Enzyme-
aadAl |Aminoglycosides | 22 | CRECS, modlfylng'
CREC12 streptomycin
resistance
CREC7 Protects DNA
gnrsi FIuoroq:moIone 20 | CRECY. ga/lrj?sglgr?én
CREC2L | innhibition
blaCT Extended- CREC1, e'?]ee)_/ sl’zr?jBLen
X-M- | spectrumpB- |18 | CRECS, ge e grin
15 |lactams (ESBLs) CREC14 | ¢€Pnaiosp
resistance
CREC?2 Efflux pump-
tetA Tetracyclines 17 |CREC11, medlatf_)d
CREC19 tetracycline
resistance
aac3- CREC4, Inactivates
Aminoglycosides | 14 |CREC13, -
Iid CREC22 gentamicin
Aph CRECS, Commonly
(3"F))-|b Aminoglycosides | 13 |CREC15, | paired with
CREC20 aph(6)-Id
CRECS, Often co-
sul2 Sulfonamides | 12 |CREC17, | carried with
CREC23 sull

Note: Detection thresholds were set at =90%
sequence identity and 260% coverage.
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4. Chromosomal Profiling of Mutation

Analysis of the genomic variants indicated the
presence of several high-impact mutations,
including nonsynonymous substitutions (e.g., gyrA
S83L, parC S80I), frameshift mutations (e.g.,
ompF), and stop-gain mutations (e.g., acrR), all of
which have been linked with antimicrobial
resistance, Table (3). Recurrent across isolates
were mutation in gyrA (S83L, D87N) and parC
(S80I, E84G) and mutations in acrR, ompF and
soxR. The most significant mutations included
gyrA_S83L and parC_S80I which were recorded in
25 and 22 isolates, respectively, confirming their
most important functions in fluoroquinolone
resistance. There were also frameshift mutations
on the ompF as well as premature stop codon
mutations in acrR.

Table 3. High-impact mutations across target
genes and their associated resistance roles.

S Q2
= o
= x B8 "
5 0 B = T2
= > 5 Sz | g3
° = = n 0 Z 6
8] n O -
[ c < @
Q >
O] o
gyrA_S8 .
3L/ NOL‘%SSO” DNA Gyrase g‘;‘igg‘?‘g: 25/31
pe7N | Y
parC_S8 | Nonsynon |Topoisomeras FIuo(r)?]qeumoI 29/31
0l /E84G| ymous elv .
resistance
ompF - Porin —
(frameshi imlg:ct membrane dl:\:gdlij:fifx 12/31
ft) P permeability 9
acrR |Nonsynon | Repressor of | Multidrug
(R9OC/ | ymous/ | AcrAB efflux efflux 14/31
stop) stop pump activation
soxR_R2 | Nonsynon | Redox stress In_dlrect
resistance | 9/31
OH ymous regulator .
modulation
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5. Integration of
Phenotype

Phenotypic resistance data for CIP, AMP, and
CTX were successfully mapped to each isolate.
Intermediate values were grouped with the
susceptible category, while missing entries were
excluded from downstream analyses. After
cleaning and binarization, these profiles were
merged with the presence/absence matrix of
resistance genes and mutations. This enabled
supervised machine learning approaches to test
gene-level predictive potential.

Genotype with

6. Machine Learning—Based Resistance

Prediction

Random Forest classifiers were trained
separately for each antibiotic (ciprofloxacin,
ampicillin, and cefotaxime). Model performance
was evaluated using a stratified 10-fold cross-
validation approach. Predictive accuracy was
quantified by confusion matrix—derived metrics,
including overall accuracy, sensitivity (true positive
rate), specificity (true negative rate), and ROC-
AUC values. For example, the ciprofloxacin model
achieved an accuracy of XX%, sensitivity of XX%,
specificity of XX%, and ROC-AUC of XX (Table X).
Feature importance was calculated using the Gini
importance criterion, providing a relative measure
of each gene’s contribution to resistance prediction
Figure (2).

blaTEM-1B
sult
sul2
aadAt
aac(3)lid
qrirS1
dfrA17
blaOXA1
catB3
arr-3
MphA

Figure 2: Feature importance bar plots for CIP,
AMP, and CTX resistance prediction.

Genes that had the greatest impact in ciprofloxacin
resistance were identified to be aac3-lld (28.6%),
parC_S80I, and gnrS1 whereas blaTEM-1B and
sull were the most dominant in the landscape of
ampicillin prediction, Table (4).

145



Yilmaz Kaya

Table 4. Top resistance features across each

antibiotic model.

Gene/
Mutation
CIP
AMP
CTX
Interpretation

Possible plasmid
linkage;
aminoglycoside
modifying enzyme

aac3-lid [28.60% |15% | 5%

B-lactamase;
direct role in AMP
and CTX
resistance

blaTEM-1B |11.70% | 25% | 17%

Co-located
resistance gene,
high in AMP

sull 19.20% [ 30% | 12%

PMQR gene;
specific to
fluoroquinolones

gnrS1 9.30% |Low | Low

Topoisomerase
mutation; multi-
antibiotic
relevance

parC_S80I |12.40% | 10% | 8%

7. Pattern Discovery and Visualization

Mutational screening by heatmap and 3D column

plots was performed using high-impact mutation
profiles (e.g., nonsynonymous, frameshift, stop-
gain variants), allowing the identification of
common or drug-specific resistance markers.
Table (4) summarizes these patterns across
antibiotics.  Corresponding visualizations are
presented in Figures (3 and 4).

3D Feature Importance in Resistance Prediction

2 %
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©
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Figure 3: 3D bar chart of key predictive markers for
antibiotic resistance in E. coli isolates
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Feature Importance Across Antibiotics
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Figure 4: Comparative analysis of predictive

resistance markers to ciprofloxacin, ampicillin, and

cefotaxime in E. coli isolates.

8- Gene co-occurrence Network

Based on the resultant network of the resistance
genes, a co-occurrence relationship between the
detected genes across the 31 isolates of E. coli
was visualized by a resistance gene interaction
network. Figure (5) demonstrates that frequently
co-present genes included blaTEM, sull, aadAl,
mph(A), tetB, resistances that may be physically
linked or that lead to the co-selection of mobile
genetic elements.

’ General resistance gene
U Efflux pump gene
O B-lactamase gene
Figure 5: Network visualization of antibiotic
resistance gene co-occurrence in E. coli isolates.

9- Gene Network and

Classification

In an attempt to find out more about the
associations among identified resistance genes a
visual network was created which combines both
mutation-based and acquired genes. The gyrA,
parC, and ompF genes were found along with the
mutation nodes group whereas sull and gnrS1
were found in the acquired resistance nodes group
as in Figure (6). Particularly, it is remarkable that
blaTEM-1B was observed bridging acquired and
mutation-driven resistance nodes, suggesting
possible multifunctional roles or regulatory overlap.

Integration

Ann Coll Med Mosul December 2025 Vol. 47 No.2



Deciphering Antibiotic Resistance in Escherichia ..

. Gene with mutation
@ Acquired gene

Dual gene

Figure 6: Categorized gene network of resistance
markers in E. coli isolates.

All of these results show that there is a
complicated landscape of resistance mechanisms
in the investigated E. coli isolates, with a prevalent
distribution of acquired genes with persistent
chromosomal mutations. Clustering of the regions
and gene interaction networks suggest potential
epidemiological and evolutionary associations.

DISCUSSION

In this paper, the author gives an integrative study

of antibiotic resistance mechanism in 31 E. coli
isolates which were obtained in Iraq, Iran and
Turkey. Using genomic screening and variant
analysis approach and modeled by machine
learning, several resistance determinants were
identified as crucial predictors of phenotypic
resistance - with both globally common and
geographically different patterns emerged.

Among the isolates, the most common acquired
resistance gene was blaTEM-1B, detected in 27 of
31 isolates.

In addition, sull and aadAl were frequently
observed, while gnrS1 was also prevalent across
multiple isolates. his best fits the observation on
the international surveillance that blaTEM-1B is the
dominant [3-lactamase-producing producer with
high prevalence of 87% of isolates checked within
the countrye’ll. The survival of this gene has been
in many times pointed out to the fact that it is
situated on mobile genetic element which enables
quick spread in different ecology bases need
watching®.

In the same way, the presence of sull and
aadAl, which are usually found in the class 1
integrons, supports similar conclusions made
based on clinical and environmental isolates in
Europe and Asia®®®.
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The 65 percent prevalence rate of gnrS1, which is
a plasmid-based quinolone resistance gene that
was an essential factor of low-level resistance to
fluoroquinolones, and also synergizes with
mutations in gyrA and parC chromosomal
mutations, is also significant™. Alas, indeed we
found such a correlation in our own profiling of
mutations: that of gyrA S83L and parC S80I were
selected in 25 and 22 isolates, respectively- classic
stepwise mutation evolution under fluorogquinolone
pressure’®.

We specifically used Random Forest because it
balances predictive accuracy with interpretability. It
performs well on relatively small sample sizes,
tolerates noise, and provides feature importance
scores that are biologically meaningful. While other
machine learning algorithms could be applied,
Random Forest offered the best trade-off between
performance, reproducibility, and interpretability for
our dataset.

The aac(3)-lld gene, although an aminoglycoside
resistance determinant, may contribute indirectly to
ciprofloxacin tolerance due to its frequent co-
localization with fluoroquinolone resistance genes
on mobile ggenetic elements, leading to collateral
co-selection”. In the meantime, blaTEM-1B and
sull were positioned very high in ampicillin and
cefotaxime models, which is in concert with the
previous observations that focus on their
contribution to expanded [-lactam resistance
spectrum?.

Our results also showed resistance multidrug
profiles in which isolates had both acquired genes
and high-causative mutances likely shaped by
convergent evolution under antimicrobial pressure.
The tendency is similar to those reported in
research in Turkey and Iran where co-localization
of blaCTX-M, sul, tet, and gnr on single plasmids
facilitates co-selection and contributes to the
spread of multidrug resistance ***'.

Data on resistance profiles (Figure 1) enabled us
to conduct hierarchical clustering, based on
Euclidean distance and Ward’'s method, which
clearly showed that isolates belonging to the same
countries tended to cluster together (particularly
those from neighboring countries, i.e., Irag and
Iran), suggesting potential regional clonal growth.
The same tendencies can be traced in the paper
by Hu et al."® where the patterns of co-clustering of
AMR profiles could show both epidemiological
relatedness and the common use of the
antimicrobials.

However, our relatively small sample size should
be considered as a precursor to the significance of
cross-border surveillance.

The co-occurrence network based on genes
(Figure 5) showed that there were strong
associations between the blaTEM-1B, sull, aadAl
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and mph(A) genes, which is a similar configuration
to the well-documented multi drug cascades of
other MDR E. coli strains'. Also the network
integration analysis (figure 6) showed blaTEM-1B
as a central hub between both the acquired ones
and mutation-driven ones indicating that it
facilitates effective bridging in resistance evolution.
Such genes, Pesesky et al."® found to serve as
resistance anchors, preserving both the structural
and functional integrity of composite resistance
islands as well.

Remarkably, the dendrogram (Figure 1) revealed
some clusters that could be related to types of
strains or mobile genetic element backgrounds.
Comparative studies conducted in Saudi Arabia
and Egypt showed that they also found similar
groupings in terms of resistome profile and plasmid
compatibility types®*’.

This suggests the possible usefulness of merging
genomic and plasmid-typing in future studies.

Although our findings were in accordance with the
global trends, the tendency of relatively high
prevalence of some of the resistance markers
among these regional isolates (particularly sull
and aadAl) might possibly indicate the selective
pressures of agricultural or veterinary antibiotic
use, which has been reported by recent surveys in
the region®®.

These factors could be dissected further with
additional research that utilize metadata involved
in source and usage pattern.

Despite the promising insights provided by our
machine learning—based predictions, several
limitations should be acknowledged. First,
hyperparameter tuning, cross-validation strategy,
and feature selection procedures were not fully
optimized or described in detail, which may
influence model stability. Second, the models were
not tested on an independent dataset, and no
external or cross-dataset validation was performed.
Without such validation, it remains uncertain
whether the predictive performance observed here
would generalize to other E. coli isolates or to
different geographic regions.

Third, the Random Forest classifiers were trained
on only 31 isolates, which is a relatively small
sample size for machine learning.

Small datasets increase the risk of overfitting,
reduce generalizability, and make feature
importance estimates less robust.

These constraints highlight the need for future
studies with larger cohorts and external validation
to strengthen the predictive framework and ensure
broader applicability.
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CONCLUSIONS

The present study gives a detailed description of
the genomic predictors of antibiotic resistance of
31 E. coli isolates of Iran, Turkey, and Iraq. Whole-
genome analysis, chromosomal mutational profile,
and machine-learning model combinations have
been used to discover major resistance genes, in
particular, blaTEM-1B, sull, aadAl, and gnrS1, to
have important roles in phenotypic resistance to
most frequently used antibiotics.

In addition, the finding of high-impact mutations
such as gyrA S83L and parC S80I mutations
supported the importance of chromosomal
mutations in the resistance to the fluoroquinolones.
The network and cluster analytics visualization
maps demonstrated that there were particular
schemes of the co-occurrence of genes and
groups of clusters in some areas, which
underscored the influence of geographical and
ecological problems. Altogether, these findings
indicate the complexity of AMR evolution and
prefer the use of the region-specific surveillance
mechanisms.

These findings can be utilized by the research
community to add additional data and plasmid
typing and functional verification to better inform
the community about the way forward with the idea
of containing the spread of multidrug resistant E.
coli with an aim of controlling and reducing the
jurisdiction of the epidemic.
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