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Abstract

Aguaculture's rapid expansion raises significant concerns regarding antibiotic
resistance, particularly in freshwater systems where Escherichia coli (E. coli)
serve as a key indicator of fecal contamination. This study investigates
mutation frequencies of E. coli strains from aquatic environments under
selective pressure from oxytetracycline and chloramphenicol. Given that E.
coli's antibiotic resistance is a growing public health issue, understanding
mutation dynamics is crucial. We evaluated mutation frequencies in five E.
coli strains isolated from fish, water, and sediment samples. These strains
were initially sensitive to chloramphenicol and oxytetracycline. The mutation
rates for oxytetracycline ranged between 4.12 x10® and 5.52 x 10®, while
chloramphenicol exposure led to mutation frequencies from 1.19 x 10™ to 9.62
x 10™. Cluster analysis using hierarchical methods revealed distinct patterns:
E. coli strains exposed to oxytetracycline exhibited more uniform mutation
frequencies compared to those exposed to chloramphenicol. The proximity
matrix and dendrogram analysis demonstrated that oxytetracycline-treated
strains clustered closely together, indicating similar mutational responses.
Conversely, chloramphenicol-treated strains displayed greater variability,
suggesting that chloramphenicol causes more diverse genetic changes in E.
coli. The findings highlight an alarming increase in mutation rates, especially
under chloramphenicol exposure, which significantly exceeds typical
environmental bacterial mutation rates. These findings indicate a significant
risk of antibiotic resistance and underscore the need for strict regulations and
regular monitoring in aquaculture to manage it. Future research should
investigate the specific mutations, strain genomics, and environmental factors
contributing to resistance to address public health concerns related to
antibiotic-resistant bacteria.

Keywords antibiotic resistance, aquaculture, bacteria, cluster analysis,
mutation

Introduction

Agquaculture is the fastest-growing animal production sector, contributing
significantly to global fish production and providing essential proteins for
human consumption [1-2]. Over 80% of aquaculture is from small-scale
producers, mainly in developing countries, predominantly in freshwater
systems [3]. Indian aquaculture, primarily freshwater, contributes over 95% of
the global annual production, with China leading in total harvested fish [2].
West Bengal ranks second in India's fishery production, with significant
contributions to inland production [4-5]. Quality assurance in fish
consumption addresses risks like disease agents, contaminants, and pollutants
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[6]. Escherichia coli (E. coli) indicates fecal contamination in water, affecting fish and shrimp
safety [7]. While most strains are harmless, virulent types can cause severe illness [8-9]. Fish with fecal
contamination pose greater health risks, potentially harboring human-specific pathogens [10]. E. coli thrives
in moist areas like soil and water [11-12]. Human pathogens, including Salmonella spp., E. coli, and others,
have been linked to fish [13]. Fish in polluted water may carry bacteria, leading to common infections [14-
15]. Certain E. coli strains pose emerging zoonotic threats [16]. Though not native to fish microbiota, E.
coli can be present due to contaminated environments, posing public health risks in fish farming [17].
Agquaculture's rapid growth prompts concerns over excessive antibiotic use, fostering resistance in fish and
gene transfer risks to humans [18]. Global antibiotic usage in food-animal production surpasses human
consumption [19], with regulations differing widely [20-21]. Antibiotic resistance undermines aquaculture
efficacy, with potential transmission to humans and terrestrial animals [22]. India, a major veterinary drug
producer, lacks proper antibiotic regulation [23], fostering bacterial resistance and gene transfer [24].
Antibiotic-resistant E. coli in fish is a global concern [25], driven by irrational animal antibiotic use [26]
and human treatments, leading to multidrug-resistant bacteria contamination [27]. Europe reports varying
chloramphenicol resistance in fish E. coli [28], while fluoroquinolone use correlates with ciprofloxacin
resistance [29]. Escherichia coli serve as reservoirs for resistance genes, reflecting antibiotic selection
pressure and predicting resistance issues in pathogens [30]. Transmission of resistance, especially through
food, is significant, with emerging resistant pathogens like extended beta-lactamase and transmissible
quinolone-resistant E. coli posing infection risks [19, 31-32]. The emergence of hybrid plasmids raises
additional concerns regarding both resistance and virulence. Multi-drug resistant (MDR) E. coli is the most
significant in the food animal industry, acting as reservoirs for resistance spread through contaminated food
to humans [33]. Given the evolving nature of resistance, monitoring E. coli's antimicrobial attributes in
farmed fish and their environment is essential. While previous studies have examined antibiotic resistance
in aquaculture, comparative mutation dynamics between chloramphenicol and oxytetracycline have not
been thoroughly evaluated. Thus, this study aims to determine mutation frequency of E. coli against
oxytetracycline (OTC) and chloramphenicol.

Methodology

Bacterial strains

A total of 5 chloramphenicol and oxytetracycline-sensitive E. coli strains from the collections of the
Department of Aquatic Animal Health, Faculty of Fishery Sciences, Kolkata, were subjected for mutation
frequency estimation. These strains were already profiled for their resistance against twelve potentially
valuable antibiotics, viz., amoxyclav (A), azithromycin (Az), cephalexin (Cn), chloramphenicol (C),
ciprofloxacin (Ci), co-trimoxazole (Co), enrofloxacin (E), gentamycin (G), nitrofurantoin (Ni),
oxytetracycline (O), sulfafurazole (S) and trimethoprim (T) were determined from the antibiogram data.
Multiple antibiotic resistance (MAR) or multiple drug resistance (MDR) is defined as resistant to three or
more classes of antimicrobial [18, 34]. The Details about the source and antibiotype of each bacterial strain
has been given in Table 1.

Estimation of mutants sensitive to oxytetracycline and chloramphenicol

Five chloramphenicol and oxytetracycline sensitive strains of E. coli isolated from fish, water and sediment
samples were used for determining the frequency of mutation against the antibiotics, viz., chloramphenicol
and oxytetracycline. Young cultures of these bacterial strains grown in 300 ml nutrient broth (NB) were
were harvested and washed twice with sterile saline (0.85 % (w/v) NaCl) by centrifugation at 6000 rpm for
10 min each. The deposits were then re-suspended in 5 ml sterile saline to a concentration of about 10*°
cells/ml. Cell suspensions were freshly prepared as and when required and used immediately. Before use,
the cell suspensions were vigorously shaken in a vortex mixer to break the bacterial aggregates. Stock
solutions of oxytetracycline and chloramphenicol, each at a concentration of 1000 pg/ml, were freshly
prepared. Oxytetracycline dihydrate (0.02 g) was aseptically dissolved in 20 ml of sterile distilled water.
Chloramphenicol powder (0.02 g) was aseptically dissolved in a 1:10 ethanol solution, consisting of 2 ml of
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Table 1. Details of source, sample and antibiotype of bacterial strain

Bacterial strain Source Sample Antibiotype

E. coli JCC2 Buderhat bhery Catla catla AS AZ'.CnR C° CiR,Co° E°,G'N',05,S°T°
E. coli JGC2 Garia market Catla catla Al AzR cnR,C®,Cik,Co® ER,GR,N°,0°,S° T°
E. coli QBFR2 Barrackpore market Labeo rohita AR AZR CnR C° Ci°,Co® EF,GR N°,0°,5° T°
E. coli BEM2 Barrackpore market Cirrhinus mrigala AS AZR CnR CR Ci°,Co° E5,GR N°,0°,5° T°
E. coli BFW1A Barrackpore farm Water AS AzR cnR,CS,CiR,CoR ES,GR,N',0°,S° TR

A: Amoxyclav (30 pg), Az: Azithromycin (15 pg), Cn: Cefalexin (30 pg), C: Chloramphenicol (30 pg), Ci: Ciprofloxacin (5 pg),
Co: Co- trimoxazole (25 ug), E: Enrofloxacin (10 pg), G: Gentamycin (10 pg), Ni: Nitrofurantoin (300 pg), O: Oxytetracycline (30 pg),
S: Sulfafurazole (300 ug), T: Trimethoprim (10 pg); R: Resistant; I: Intermediate; S: Sensitive

absolute ethanol and 18 ml of sterile distilled water. Both stock solutions were stored in a cool, dark
place until use. A concentration of 25 pg/ml for OTC and chloramphenicol was chosen to reflect realistic
levels of antibiotics found in aquatic environments contaminated by agricultural runoff, aquaculture or
pharmaceutical effluents. This concentration effectively simulates environmentally relevant conditions
while providing sufficient selective pressure to study mutation frequency in E. coli. It is high enough to
challenge bacterial populations without inhibiting growth and aligns with concentrations used in previous
studies, ensuring comparability and reproducibility [24, 35-37]. Plates of desired concentration of both
chloramphenicol and OTC (25 pg/ml each) were prepared by mixing calculated volumes of the antibiotic
stock solutions with tempered Mueller-Hinton agar (MHA) before pouring. The prepared plates of desired
antibiotic concentrations were stored in a refrigerator for at least 3 days. Prior to use, the plates were
removed from the refrigerator and thawed to room temperature.

Mutation frequency was estimated by the method of Barnes et al., [38] with little modifications. In
brief, freshly prepared bacterial cell suspension was serially diluted up to 10°® level in saline. Aliquots (0.1
ml) of cell suspension from undiluted, 10", 10, 10 10* and 10” dilutions were then spread on to the
MHA plates containing chloramphenicol and/or OTC at 25 pg/ml. Simultaneously about 0.1 ml each of 10”7
and 10°® dilutions of cell suspension was spread plated on to the antibiotic-free MHA plates. The seeded
agar plates were incubated at 35 + 2°C for 5-7 days and the number of growing colonies on the plates was
counted. Mutation frequency was calculated as given below:

Mutation frequency of chloramphenicol sensitive E. coli = Nac /Nc, where,
Na°“ = Number of colonies on MHA plates containing chloramphenicol

¢ = Number of colonies on antibiotic-free MHA plates
and,
Mutation frequency of oxytetracycline sensitive E. coli = Na® /N°, where,
Na° = Number of colonies on MHA plates containing oxytetracycline
N° = Number of colonies on antibiotic-free MHA plates

Cluster analysis

The mutation frequency values for each E. coli strain under oxytetracycline and chloramphenicol exposure
were analyzed using hierarchical cluster analysis. The optimal number of clusters (k) was determined using
the elbow method in DATAtab software. Hierarchical clustering was performed in IBM SPSS software
version 25.0, employing the between-group linkage method with squared. Euclidean distance as the interval
measure. The analysis included the estimation of the proximity matrix, agglomeration schedule, and case-
wise determination of clusters based on average linkage between groups. Cluster membership was assigned
by inputting the optimal number of clusters from the elbow method into the "single solution” option in the
"Save" tab, with clustering based on the average linkage method. A dendrogram illustrating the clustering
structure was also generated. To validate the classification, cluster means were compared using one-way
analysis of variance (ANOVA), and silhouette coefficients were calculated to assess the robustness of the
clustering results.
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Results and Discussion

The frequency of mutation among the E. coli strains against oxytetracycline and chloramphenicol are shown
in Table 2. The mutation frequency to OTC (25 pg/ml) was in the range of 4.12 x 10 in E. coli BFW1A -
5.52 x 10°® in E. coli QBFR2. The mutation frequency to chloramphenicol (25 pg/ml) was in the range of
1.19x 10 in E. coli JGC2 - 9.62 x 10® in E. coli JCC2.

Table 2. Frequency of mutation among Escherichia coli strains against
oxytetracycline (OTC) and chloramphenicol (C)

Bacterial strain Antibiotic tested Mutation frequency
E. coli JCC2 OTC 512 x 10°
C 9.62 x 10°
E. coli JGC2 OTC 4.05x 10°®
C 1.19x10*
E. coli QBFR2 OTC 5.52 x 10
C 3.75x 10
E. coli BFM2 OTC 494 x10°®
C 3.61x10*
E. coli BFW1A oTC 412x10°
C 3.28 x 10°

The cluster analysis was performed on a complete dataset of five E. coli strains tested under two
different antibiotics (OTC: Oxytetracycline treatment, C: Chloramphenicol treatment) with no missing data,
using the average linkage method. The optimal number of clusters for the dataset of E. coli strains was
determined using the elbow method. An elbow graph, generated using DATAtab software, plotted the sum
of squared distance values (y-axis) against the number of clusters (k) on the x-axis (Figure 1). The "elbow"
point of the graph, corresponding to k = 3, was identified as the optimal number of clusters for the analysis.
Thus, during hierarchical cluster analysis in SPSS, the number of clusters was set to three while assigning
cluster membership in the "single solution” option of the "Save" tab.

0.001

0.0008

o
(=]
=3
(=]
(3

Sum of squared distance
o
(=]
[=]
o
o

0.0002

2 3 4 5 6 7 8 9 10
Number of clusters k
Figure 1. Elbow graph depicting the sum of squared distance values (y-axis) against the number of clusters
(k) on the x-axis. The optimal number of clusters (k) is indicated at the point where the graph forms an "‘elbow,"
corresponding to k =3

The proximity matrix in Table 3 reveals important insights into the relationships between the
strains. Each value represents the squared Euclidean distance between pairs of E. coli strains. Cases with a
squared Euclidean distance of 0.000 are identical or highly similar; for instance, Case 1 (E. coli JCC2
(OTCQ)) is identical to Cases 3, 5, 7, and 9, which are also OTC-treated E. coli strains, and case 3 (E. coli
JGC2 (OTQ)) is likewise identical to these cases. Larger distances indicate greater dissimilarity, such as
Case 6 (E. coli QBFR2 (C)), which shows high dissimilarity (distance values of 14.059) from several OTC-
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treated strains. Intermediate distances suggest partial similarity, with Case 2 (E. coli JCC2 (C))
showing moderate similarity to other OTC-treated strains (distance of 0.924). The OTC-treated strains
(Cases 1, 3, 5, 7, and 9) are mostly identical or nearly so, implying that the OTC treatment has a consistent
effect on these strains. In contrast, chloramphenicol-treated strains (Cases 2, 4, 6, 8, and 10) show varying
degrees of similarity among themselves but are generally dissimilar to the OTC-treated strains. Case 6 is
particularly distinct, highlighting a significant difference in its response to chloramphenicol compared to
OTC treatment.

Table 3. Proximity matrix of squared Euclidean distances among E. coli strains treated with oxytetracycline (OTC) and
chloramphenicol (C)

Squared Euclidean Distance
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1: E. coli JCC2 (OTC) 0.000 0.924 0.000 1.415 0.000 14.059 | 0.000 13.028 | 0.000 0.107
2: E. coli JCC2 (C) 0.924 0.000 0.925 0.052 0.924 7.773 0.924 7.012 0.925 0.402
3: E. coli JGC2 (OTC) 0.000 0.925 0.000 1.415 0.000 14.059 | 0.000 13.029 | 0.000 0.107
4: E. coli JGC2 (C) 1.415 0.052 1.415 0.000 1.415 6.554 1.415 5.856 1.415 0.743
5: E. coli QBFR2 (OTC) | 0.000 0.924 0.000 1.415 0.000 14.058 | 0.000 13.028 | 0.000 0.107
6: E. coli QBFR2 (C) 14.059 | 7.773 14.059 | 6.554 14.058 | 0.000 14.059 0.020 14.059 | 11.710
7: E. coli BFM2 (OTC) 0.000 0.924 0.000 1.415 0.000 14.059 | 0.000 13.029 | 0.000 0.107
8: E. coli BEM2 (C) 13.028 | 7.012 13.029 | 5.856 13.028 | 0.020 13.029 | 0.000 | 13.029 | 10.772
9: E. coli BFW1A (OTC) | 0.000 0.925 0.000 1.415 0.000 14.059 | 0.000 13.029 | 0.000 0.107
10: E. coli BFW1A (C) 0.107 0.402 0.107 0.743 0.107 11.710 | 0.107 10.772 0.107 0.000

Overall, the matrix shows a clear separation between the highly similar OTC-treated E. coli strains
and the more varied chloramphenicol-treated strains, suggesting that OTC has a strong, consistent effect on
these bacteria. The Agglomeration Schedule in Table 4 from the hierarchical cluster analysis of E. coli
strains treated with Oxytetracycline (OTC) and Chloramphenicol (C) details the steps in which clusters
were combined during the analysis. The "Stage" column represents the step number in the agglomeration
process, with each step involving the merging of two clusters. The "Cluster Combined” column indicates
the clusters that were combined at each stage, with clusters named after the specific E. coli strain and
treatment. The "Coefficients" column shows the distance (or similarity) at which the clusters were
combined, where lower coefficients indicate higher similarity. The "Stage Cluster First Appears" column
notes the stage at which each cluster first appeared, with a value of 0 indicating an original cluster, and the
"Next Stage" column indicates the next stage in which the newly formed cluster will participate.

The clustering process begins by combining highly similar OTC-treated E. coli strains, showing
minimal variation among them under OTC treatment. As the process continues, chloramphenicol treated
strains start to cluster together, demonstrating moderate similarity. The final stages involve merging the
large OTC cluster with Chloramphenicol-treated strains, but the higher coefficients indicate that these two
groups are quite distinct. In the early stages (1-4), the clusters combined are all OTC-treated strains with
coefficients of 0.000, indicating identical or extremely similar clusters, resulting in a large cluster forming
early in the process. In the middle stages (5-7), Chloramphenicol-treated strains begin to cluster, with stage
7 showing the large OTC-treated cluster merging with Cluster 10 (E. coli BFW1A (C)) at a coefficient of
0.107, indicating the start of merging between OTC-treated and Chloramphenicol-treated strains, though
with a small distance. By stage 8, Cluster 1 (OTC-treated strains) merges with Cluster 2 (E. coli JCC2 (C)),
a Chloramphenicol-treated strain, but the coefficient jumps to 1.070, showing lower similarity between
these clusters. In stage 9, the final merge occurs between Cluster 1 (a combination of both OTC and
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Table 4. Agglomeration schedule from hierarchical cluster analysis of mutation frequencies of
E. coli strains under oxytetracycline (OTC) and chloramphenicol (C) treatments

Stage | Cluster Combined Coefficients Stage Cluster First Appears Next Stage
Cluster 1 Cluster 2 Cluster 1 Cluster 2

1 3: E. coli 9: E. coli 0.000 0 0 4
JGC2 (OTC) BFW1A

(OTC)

2 1: E. coli 7: E. coli 0.000 0 0 3
JCC2 (OTC) BFM2 (OTC)

3 1: E. coli 5: E. coli 0.000 2 0 4
JCC2 (OTC) QBFR2

(OTC)

4 1: E. coli 3: E. coli 0.000 3 1 7
JCC2 (OTC) JGC2 (OTC)

5 6: E. coli 8: E. coli 0.020 0 0 9
QBFR2 (C) BFM2 (C)

6 2: E. coli 4: E. coli 0.052 0 0 8
JCC2 (C) JGC2 (C)

7 1: E. coli 10: E. coli 0.107 4 0 8
JCC2 (OTC) BFW1A (C)

8 1: E. coli 2: E. coli 1.070 7 6 9
JCC2 (OTC) JCC2 (C)

9 1: E. coli 6: E. coli 11.570 8 5 0
JCC2 (OTC) QBFR2 (C)

Chloramphenicol-treated strains) and Cluster 6 (E. coli QBFR2 (C)) at a much larger coefficient of
11.570, indicating significant dissimilarity between these groups. This pattern suggests that treatment type
strongly influences the similarity of E. coli strains, with OTC-treated strains being more homogeneous
compared to those treated with Chloramphenicol. The hierarchical cluster analysis provided a visual
representation of the similarity in mutation frequencies among different E. coli strains when exposed to
oxytetracycline (OTC) and chloramphenicol (C), helping to identify which strains share similar mutational
responses and which ones are more distinct, thereby offering insights into potential resistance mechanisms.
Icicle plot in Figure 2 illustrates the results of hierarchical cluster analysis of E. coli strains, highlighting
their mutation frequency under exposure to oxytetracycline (OTC) and chloramphenicol (C). The X-axis
represents the number of clusters formed, while the Y-axis lists the different E. coli strains along with their
respective treatments. Each bar's length corresponds to the degree of similarity a strain shares with others in
its cluster, with longer bars indicating closer relationships. The graph demonstrates that E. coli strains
treated with Oxytetracycline (OTC) consistently exhibit a high number of clusters, with strains 1 (E. coli
JCC2), 7 (E. coli BFM2), 5 (E. coli QBFR2), 3 (E. coli JGC2), and 9 (E. coli BFW1A) showing similar
cluster numbers, indicating a strong similarity in mutation frequency under OTC treatment. This consistent
clustering suggests that OTC treatment leads to similar mutation patterns across these strains. In contrast, E.
coli strains treated with Chloramphenicol (C) display more varied clustering, with strain 10 (E. coli BFW1A
(C)) forming a high number of clusters comparable to the OTC-treated strains, while strains 2 (E. coli JCC2
(C)) and 4 (E. coli JGC2 (C)) have slightly fewer clusters, and strains 6 (E. coli QBFR2 (C)) and 8 (E. coli
BFM2 (C)) show even fewer clusters, indicating greater dissimilarity or less frequent mutations under
Chloramphenicol treatment. Overall, the OTC-treated strains demonstrate higher and more consistent
clustering, reflecting the strong and uniform impact of OTC, whereas the Chloramphenicol-treated strains
exhibit greater variability, suggesting a more diverse response to the treatment. The dendrogram in Figure
3, created using the average linkage method, calculates the distance between clusters as the average distance
between all pairs of data points within them, which typically produces more balanced clusters. The rescaled
distance cluster combine, used for better visualization, prevents the dendrogram from becoming too wide or
narrow. The horizontal axis in the dendrogram shows the rescaled distance at which clusters merge,
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Figure 2. Icicle plot of hierarchical clustering of mutation frequencies of
Escherichia coli strains exposed to oxytetracycline (OTC) and chloramphenicol (C)
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Figure 3. Dendrogram-based on average linkage between mutation frequency of
Escherichia coli strains exposed to oxytetracycline (OTC) and chloramphenicol (C)
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while the vertical lines represent the clusters formed at varying levels of similarity or distance. E.
coli strains treated with Oxytetracycline (E. coli JGC2 (OTC), E. coli BFW1A (OTC), E. coli JCC2 (OTC),
E. coli BFM2 (OTC), and E. coli QBFR2 (OTC)) cluster closely at a low rescaled distance, indicating a
high similarity in mutation frequencies among these strains and suggesting that OTC treatment leads to
similar genetic outcomes across these strains. In contrast, E. coli BFW1A (C), treated with
Chloramphenicol, joins the OTC cluster at a moderate distance, showing some similarity to the OTC strains
but not as closely as those within the OTC group. The remaining Chloramphenicol-treated strains (E. coli
JCC2 (C), E. coli JGC2 (C) and E. coli QBFR2 (C), E. coli BFM2 (C), respectively) form two separate
clusters at a higher rescaled distance, indicating that they are more similar to each other within their clusters
than to the OTC-treated strains but still distinct from the OTC cluster.

This dendrogram reveals a clear separation between OTC and Chloramphenicol treatments, with
OTC-treated strains forming a tight cluster early in the hierarchical process and Chloramphenicol-treated
strains showing greater variability and clustering later at a higher distance. This structure highlights the
significant role of antibiotic type in determining mutation frequency patterns, with OTC resulting in more
uniform effects compared to the more variable effects of Chloramphenicol, thus providing insights into the
adaptive responses of E. coli to different antimicrobial treatments. At the end of the hierarchical cluster
analysis, with the optimal number of clusters set to three (k=3) by assigning the number of clusters as three
during cluster membership, it was observed that the chloramphenicol treated strains E. coli QBFR2 and E.
coli BFM2, exhibiting mutation frequencies of 3.75 x 10 * and 3.61 x 10*, respectively, were grouped
together in Cluster 3. Similarly, the chloramphenicol-treated strains E. coli JCC2 and E. coli JGC2, with
mutation frequencies of 9.62 x 10~ and 1.19 x 10°*, were clustered together in Cluster 2. Meanwhile, E.
coli BFW1A, the only chloramphenicol-treated strain, was grouped with all the oxytetracycline-treated E.
coli strains in Cluster 1. Similar clustering pattern could also be seen in the cluster dendrogram, which
showed three distinct clusters (Figure 3). The results were further validated by comparing the means of the
three clusters using one-way ANOVA, and the robustness of the clustering was assessed by silhouette
values. Table 5 summarizes the results of the one-way ANOVA, which revealed highly significant
differences (p < 0.001) among all three clusters, confirming the accurate classification of E. coli strains into
three distinct clusters. Additionally, Table 6 presents the silhouette values for each cluster, which assess the
quality of the clustering in terms of cohesion and separation. The mean silhouette values were 0.897, 0.887,
and 0.973 for Cluster 1, Cluster 2, and Cluster 3, respectively, indicating that, on average, the cases within
all three clusters were well-separated from each other, with strong cohesion observed for most cases. The
overall mean silhouette value across all clusters was 0.910, with a minimum of 0.635 and a maximum of
0.974, suggesting that the clustering

Table 5. Least square analysis of variance of mutation frequency of bacterial strains across the clusters

Sum of Squares Mean Square
Variable Between Within Between Within F - value P - value
clusters (2) clusters (7) clusters (2) clusters (7)
Mutation 1.97 x 10-7 1.25 x 10-9 9.87 x 10-8 1.79 x 10-10 | 551.656 <0.001
frequency

Figure in the parenthesis is degree of freedom

Table 6. Silhouette values for all the clusters using Euclidean distance as the dissimilarity measure

Cluster Silhou_et_tes values _
Mean Minimum Maximum
1(6) 0.897 0.635 0.949
2(2) 0.887 0.874 0.900
3(2) 0.973 0.972 0.974
Total 0.910 0.635 0.974

Figure in parentheses represent the number of cases within each cluster
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was of high quality with generally good cohesion within clusters and separation between clusters,
although some variability in cohesion was noted. Overall, the silhouette values demonstrated that the
clustering was robust, with Cluster 3 exhibiting the highest consistency and quality. Bacterial DNA
mutations normally occur at the rate of 1 in 10° cells [39]. Mutation frequency of the E. coli strains of the
present study against OTC (25 pg/ml) was in the range of 4.05 x 10® and 552 x 10® were for
chloramphenicol (25 pg/ml), it was found to be in the range of 1.19 x 10 and 9.62 x 10”°. The frequency of
mutation against chloramphenicol among the tested E. coli strains showed alarming levels when compared
to the environmental bacterial mutation rates. Contrarily, George and Levy [40] demonstrated mutation
frequencies for E. coli strains in the range of 2.1 x 10" — 3.1 x 10 against tetracycline and 1.0 x 10® — 5.3
x 10® against chloramphenicol. In their study, the concentration of tetracycline varied from 2.0 to 5.0
pg/ml, while the concentration of chloramphenicol was fixed at 5.0 pug/ml, which might have influenced the
mutation rates. The results of the present study showed E. coli susceptible to OTC mutating at a rate of 4.05
—5.52 in 10° cells. In case of chloramphenicol, the mutation occurred at a rate of 1.19 — 96.2 in 104 cells
which is quite high among the E. coli of the aquatic environment. Escherichia coli being endemic to the
aquatic environment, the alarming mutation rates substantiate the high antibiotic-resistance observed in this
study. As pathogens are exposed to changing stressful environments like increased antibiotic treatments,
mutators are undoubtedly to increase [41]. It is plausible that resistance mechanisms arose through a series
of mutations. A positive correlation between MAR and high mutation rates is expected to be frequent in
natural populations of bacterial pathogens [42]. Experimental studies showed that mutators may be enriched
when bacteria are exposed to a changing environment especially while repeated challenges of antibiotics are
performed [43].

Cluster analysis can be performed using various statistical techniques, including connectivity-based
methods like hierarchical clustering [44], centroid-based approaches such as k-means clustering [45], and
density-based techniques like DBSCAN [46-48]. Despite differences in their algorithms, all these methods
aim to uncover previously unknown patterns in a dataset. Each approach has its strengths and limitations,
but in this research, agglomerative hierarchical clustering (AHC) was preferred, a widely used method
known for its simplicity and transparency. Although there is little literature on the factors influencing the
choice of clustering techniques, AHC is advantageous because it does not require prior knowledge of the
optimal number of clusters, unlike k-means clustering. A key feature of AHC is the dendrogram, which
visually represents clustering results and enhances interpretability. Applying AHC involves three key
decisions: selecting a distance metric, choosing a linkage method, and determining the number of clusters
[49]. This research employs Euclidean distance, the average linkage method, and dendrogram analysis to
address these aspects. However, multiple tools exist to validate or challenge these choices, making cluster
validation crucial, especially given the wide range of distance metrics, linkage methods, and techniques for
determining the optimal number of clusters.

Distance metrics determine the pairwise distances between objects), with common options like
Euclidean, Chebyshev (Maximum), and Manhattan (city-block) distance frequently included in clustering
software [50]. This research employed squared Euclidean distance, a widely used metric known for its
sensitivity to differently scaled variables but well-suited for low-dimensional datasets like the one analyzed
here. Another critical aspect is the choice of a linkage method, which determines how clusters are merged.
While a variety of linkage methods exist, most distance metrics can be combined with them, resulting in
numerous possible clustering configurations, e.g., Ward’s method, single linkage, complete linkage, and
average linkage. These methods differ in how they compute distances between clusters: single linkage
connects clusters based on the minimum distance between points, complete linkage uses the maximum
distance, and average linkage merges clusters based on the lowest average pairwise distance [51]. This
study adopted the average linkage method, as it provides a balanced approach to clustering. Since visual
information is processed rapidly, dendrograms facilitate quick interpretation and pattern recognition. The
number of clusters can be determined by identifying the largest fusion steps between branches and cutting
the dendrogram accordingly. While this can sometimes be straightforward, in cases where fusion heights
are similar, additional validation methods may be necessary [52]. In this research, the dendrogram based on
the average linkage method clearly delineated the dataset into three distinct clusters (Figure 3).
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Validation of clustering can be achieved using cluster validity indices, with the Silhouette index and
Rand index being among the most widely used. The Silhouette index evaluates how well an object fits
within its assigned cluster compared to others [53], ranging from —1 to 1, where a value of 1 indicates well-
clustered data. The Rand index, on the other hand, measures the similarity between two clustering results,
with values ranging from 0 to 1, where 1 signifies identical clustering [54]. In this study, the number of
clusters was first validated using one-way ANOVA after determining the optimal cluster count through the
elbow method, followed by an assessment with Silhouette values (Table 5 and 6). The ANOVA results
indicated highly significant differences among clusters, while the Silhouette values demonstrated strong
cohesion within clusters and clear separation between them, confirming the effectiveness of the clustering
approach.

The findings suggest that oxytetracycline treatment results in more homogeneous groupings among
E. coli strains, while chloramphenicol-treated strains exhibit greater variability. This variability indicates
that oxytetracycline may reduce differences due to selective pressure or other antibiotic effects, leading to
more consistent mutation patterns. Understanding these differences sheds light on the distinct impacts of
these antibiotics on E. coli's genetic behavior, with oxytetracycline causing more uniform mutation patterns
compared to the diverse effects of chloramphenicol. For a deeper understanding, future analysis could focus
on comparing specific mutations across strains to identify common patterns or unique features linked to
antibiotic resistance, examining the genetic background of the strains to see how genomic variations affect
mutation patterns, and investigating the environmental conditions of the strains' isolation to assess their role
in the observed mutation patterns.

Conclusion

This study highlights significant concerns regarding mutation frequency in E. coli strains from aquatic
environments, particularly in response to oxytetracycline and chloramphenicol. The findings show
alarmingly high mutation rates under chloramphenicol exposure, far exceeding typical environmental
levels. These rapid mutation rates, especially with chloramphenicol, emphasize the risk of developing
antibiotic resistance in E. coli strains within aquaculture settings, potentially worsened by widespread and
unregulated antibiotic use. This poses a risk of transferring resistant bacteria to humans via the food chain.
Cluster analysis shows that while some strains exhibit similar mutational responses to the antibiotics, others
display distinct patterns, indicating varied genetic or environmental influences. Specifically, oxytetracycline
treatment leads to more uniform mutation patterns, whereas chloramphenicol causes greater variability,
suggesting that oxytetracycline might reduce differences caused by selective pressure or other antibiotic
effects. Understanding these variations is essential for clarifying the distinct impacts of these antibiotics on
E. coli's genetic behavior. Strains with similar mutation frequencies likely share resistance mechanisms,
while those with different patterns may follow diverse evolutionary pathways or possess unique genetic
factors. Given the importance of aquaculture in global food security and the increasing threat of antibiotic
resistance, these findings underscore the need for stringent antibiotic regulations, regular monitoring of
resistance patterns, and further research into the genetic drivers of these mutations.
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