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Abstract: Background: Antimicrobial resistance (AMR) poses an increasing threat to ani-
mal health and food safety. In the poultry sector, particularly in waterfowl farming, the
widespread use of antibiotics may contribute to the dissemination of resistant Escherichia coli
strains. This study aims to map the antibiotic resistance profiles of E. coli isolates from
geese in Hungary, determine the prevalence of multidrug-resistant (MDR) and extensively
drug-resistant (XDR) strains, and analyze resistance patterns and co-resistance relation-
ships. Methods: E. coli isolates from clinical cases between 2022 and 2023 were examined
using minimum inhibitory concentration (MIC) determination. Susceptibility results were
evaluated based on the Clinical Laboratory Standard Institute (CLSI) breakpoints. Clus-
ter analysis and principal component analysis (PCA) were applied to identify resistance
patterns. Co-resistance relationships were examined through network analysis, while
Monte Carlo simulations were used to estimate the expected prevalence of MDR strains.
Results: Among the examined isolates, neomycin resistance was particularly high (86.8%),
while florfenicol (73.6%) and amoxicillin (65.9%) resistance levels were also significant. The
prevalence of MDR strains was 86.8%, and XDR strains accounted for 38.5%. Co-resistance
analysis revealed a strong correlation between neomycin and spectinomycin resistance,
as well as amoxicillin and doxycycline resistance. Monte Carlo simulations estimated
that the expected range of MDR strain prevalence could vary between 80.2% and 92.3%.
Conclusions: The high prevalence of MDR and XDR strains highlights the urgent need
to reassess antibiotic usage strategies in goose farming. These findings underscore the
importance of targeted antibiotic use, continuous microbiological surveillance, and the
exploration of alternative therapeutic approaches to mitigate AMR.

Keywords: Escherichia coli; antimicrobial resistance; minimum inhibitory concentration;
MIC; waterfowl; geese

1. Introduction
Zoonotic infections have accompanied human history, with estimates suggesting that

nearly 60% of known human infections originate from animals. Zoonotic pathogens include
viruses, parasites, and fungi [1], but bacterial infections account for approximately 42% of
zoonotic cases [2]. Antimicrobial resistance (AMR), particularly the spread of multidrug-
resistant (MDR) pathogens, poses an increasing challenge to both human and veterinary
medicine worldwide [3].

Bacteria that are part of the gut microbiome are widespread in nature, with both
pathogenic and non-pathogenic strains present [4]. Escherichia coli is one of the most
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common and significant species, typically found as a commensal microorganism in the
intestines of humans and animals. However, some pathotypes can cause gastrointestinal
diseases, urinary tract infections, and bacteremia [5]. Beyond its pathogenic potential, E.
coli is also widely used as an indicator species for monitoring antibiotic resistance [6]. Over
the past years, MDR E. coli strains have increasingly posed a serious issue in both human
and veterinary medicine [3].

Among various environmental reservoirs, birds play a crucial role in the spread of
antibiotic resistance, acting as vectors between humans and other animal species [7]. Several
studies have demonstrated that poultry can serve as both reservoirs and disseminators of
resistant bacteria and antimicrobial resistance genes (ARGs), particularly in E. coli [8,9].
Domestic animals and poultry flocks have become significant sources of antibiotic-resistant
bacteria for human populations [2,10,11].

Excessive antibiotic use and the low absorption of orally administered drugs re-
sult in a substantial proportion of antibiotics being excreted into the environment, main-
taining a constant selection pressure on pathogenic bacteria such as E.coli [12,13]. As a
consequence, resistant bacteria and ARGs spread rapidly, posing a threat to both ecosys-
tems and human health [14]. To address this issue, alternative strategies are necessary
to partially or completely replace antibiotics [15], including plant-derived antibacterial
compounds [16–18], antimicrobial peptides [19], medium-chain fatty acids and nanomet-
als [20,21], and probiotics and prebiotics [22]. Additionally, biosecurity measures on
farms [23] and pre-treatment pharmacological evaluations of antibiotics are essential for
mitigating resistance development [24].

Geese are among the oldest domesticated poultry species, with two major centers of
domestication: the Chinese domestic goose over 7000 years ago [25], and the European
domestic goose approximately 5000 years ago [26]. Today, goose farming remains an
important industry, providing nutrient-rich meat. However, the presence of antibiotic
residues and resistant bacterial strains has raised increasing concerns in the industry.

The emergence of MDR E. coli strains complicates the treatment of bacterial infections
and poses a public health risk. The rapid spread of antibiotic resistance among bacte-
rial isolates has become a significant and growing concern, affecting both animal and
human health [27].

In this study, we examined the antibiotic resistance profiles of E. coli isolates from
clinical cases in geese to gain a better understanding of antimicrobial resistance in
goose farming and contribute to the development of veterinary strategies and antibiotic
usage guidelines.

2. Results
A total of 91 E. coli strains isolated from clinical cases were subjected to phenotypic

antimicrobial susceptibility testing, with minimum inhibitory concentration (MIC) determi-
nation. The majority of isolates originated from the Dél-Alföld region of Hungary (59.3%;
n = 54), followed by the Észak-Magyarország region (20.9%; n = 19), the Észak-Alföld region
(14.3%; n = 13), the Közép-Magyarország region (3.3%; n = 3), and the Közép-Dunántúl
region (2.2%; n = 2).

The isolates were obtained from various organ samples (Figure 1), with the liver being
the most frequent source (n = 31), followed by bone marrow (n = 30), lungs (n = 20), and
oviduct (n = 6). Additionally, single isolates were obtained from the brain ventricle, joint,
subcutaneous tissue, and air sacs.
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Figure 1. The anatomical distribution of Escherichia coli isolates (n = 91) and their percentage 
representation. 

Using clinical breakpoints, we determined the proportion of isolates classified as 
susceptible, intermediate, or resistant to each antibiotic (Figure 2). The majority of isolates 
(86.8%) were resistant to neomycin, while high resistance rates were also observed for 
florfenicol (73.6%), colistin (29.7%), and enrofloxacin (37.4%). The lowest resistance rate 
was recorded for imipenem (3.3%), with only 3.3% of isolates showing reduced 
susceptibility to this antibiotic. 

 

Figure 2. Antimicrobial susceptibility profile of Escherichia coli isolates (n = 91) from geese, tested 
against clinically and public health-relevant antibiotics. 

Figure 1. The anatomical distribution of Escherichia coli isolates (n = 91) and their percentage representation.

Using clinical breakpoints, we determined the proportion of isolates classified as
susceptible, intermediate, or resistant to each antibiotic (Figure 2). The majority of isolates
(86.8%) were resistant to neomycin, while high resistance rates were also observed for
florfenicol (73.6%), colistin (29.7%), and enrofloxacin (37.4%). The lowest resistance rate was
recorded for imipenem (3.3%), with only 3.3% of isolates showing reduced susceptibility to
this antibiotic.
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Based on the resistance profiles determined using clinical breakpoints, a correlation
analysis (Figure 3) was performed to identify potential associations between resistance pat-
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terns of different antibiotics. The analysis revealed strong positive correlations, particularly
between amoxicillin and doxycycline (0.53), amoxicillin and florfenicol (0.46), amoxicillin
and enrofloxacin (0.46), as well as colistin and ceftriaxone (0.46). These findings suggest
that co-resistance mechanisms may contribute to the co-selection of resistance among these
antibiotic classes, potentially affecting treatment efficacy and promoting the spread of
multidrug-resistant strains.
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Figure 3. Correlation analysis of antimicrobial resistance patterns in Escherichia coli isolates, visualized
as a heatmap.

The proportion of MDR strains was determined to be 86.8% (n = 79), meaning these
isolates showed resistance to at least three antibiotics. Additionally, 38.5% (n = 35) of
isolates were classified as extensively drug-resistant (XDR), indicating that these strains
were non-susceptible to at least one agent in all but two or fewer antimicrobial categories.
No pan-drug-resistant (PDR) strains were identified.

The MIC (Additional data) frequency distribution for each antibiotic is summarized in
Table 1, while MIC distributions for antibiotics without clinical breakpoints are detailed
in Supplementary Table S1. Our findings indicate that, based on clinical breakpoints, at
least 50% of the examined isolates remained susceptible to amoxicillin–clavulanic acid,
ceftriaxone, colistin, enrofloxacin, imipenem, and spectinomycin. However, 90% of isolates
were only susceptible to imipenem.
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Table 1. Minimum inhibitory concentration (MIC) frequency distribution of Escherichia coli isolates (n = 91) from geese for antibiotics with established clinical
breakpoints. The upper row shows the frequency count, while the lower row represents the percentage of isolates within each MIC category. Red vertical lines indicate
clinical breakpoints, while green vertical lines mark epidemiological cut-off values (ECOFF) as defined by European Committee on Antimicrobial Susceptibility
Testing (EUCAST).

Antibiotics
Break-
Point 0.001 0.002 0.004 0.008 0.016 0.031 0.063 0.125 0.25 0.5 1 2 4 8 16 32 64 128 256 512 1024 MIC50 MIC90 ECOFF 3

(µg/mL)

Amoxicillin 32
2 1 8 14 5 1 0 29 6 3 5 17

64 1024 8
2.2% 1.1% 8.8% 15.4% 5.5% 1.1% 0.0% 31.9% 6.6% 3.3% 5.5% 18.7%

Amoxicillin–
clavulanic acid 1 32

1 0 0 0 0 3 1 6 16 22 18 14 6 1 1 1 1
8 64 8

1.1% 0.0% 0.0% 0.0% 0.0% 3.3% 1.1% 6.6% 17.6% 24.2% 19.8% 15.4% 6.6% 1.1% 1.1% 1.1% 1.1%

Ceftriaxone 4
3 10 19 17 12 9 1 3 1 2 1 4 6 1 0 0 0 2

0.06 16 0.125
3.3% 11.0% 20.9% 18.7% 13.2% 9.9% 1.1% 3.3% 1.1% 2.2% 1.1% 4.4% 6.6% 1.1% 0.0% 0.0% 0.0% 2.2%

Colistin 2
9 1 7 10 11 16 10 2 2 1 2 15 0 0 0 1 4

0.5 32 2
9.9% 1.1% 7.7% 11.0% 12.1% 17.6% 11.0% 2.2% 2.2% 1.1% 2.2% 16.5% 0.0% 0.0% 0.0% 1.1% 4.4%

Doxycycline 16
1 3 0 3 16 12 8 16 20 9 3

16 64 8
1.1% 3.3% 0.0% 3.3% 17.6% 13.2% 8.8% 17.6% 22.0% 9.9% 3.3%

Enrofloxacin 2
1 1 0 0 4 12 4 2 4 11 18 9 4 4 3 7 4 2 0 0 1

1 32 0.125
1.1% 1.1% 0.0% 0.0% 4.4% 13.2% 4.4% 2.2% 4.4% 12.1% 19.8% 9.9% 4.4% 4.4% 3.3% 7.7% 4.4% 2.2% 0.0% 0.0% 1.1%

Florfenicol 16
1 3 20 24 8 3 13 10 9

16 256 16
1.1% 3.3% 22.0% 26.4% 8.8% 3.3% 14.3% 11.0% 9.9%

Imipenem 4
15 9 16 16 29 3 1 1 1

0.5 1 0.5
16.5% 9.9% 17.6% 17.6% 31.9% 3.3% 1.1% 1.1% 1.1%

Neomycin 32
1 1 0 10 31 41 4 3

64 64 8
1.1% 1.1% 0.0% 11.0% 34.1% 45.1% 4.4% 3.3%

Spectinomycin 128
1 0 0 1 11 59 10 2 4 3

64 128 64
1.1% 0.0% 0.0% 1.1% 12.1% 64.8% 11.0% 2.2% 4.4% 3.3%

Potentiated
sulphonamide 2 4

1 0 6 13 15 16 3 1 2 13 2 19
16 1024 0.5

1.1% 0.0% 6.6% 14.3% 16.5% 17.6% 3.3% 1.1% 2.2% 14.3% 2.2% 20.9%
1 Ratio 2:1; 2 trimethoprim and sulfamethoxazole in a 19:1 ratio, 3 epidemiological cut-off values (ECOFF) as defined by the European Committee on Antimicrobial Susceptibility
Testing (EUCAST).
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A cluster analysis was performed based on resistance patterns (Figure 4). Three
main clusters were identified. Cluster 1 (red) was characterized by high resistance to
amoxicillin (94.9%). Cluster 2 (blue) showed notable resistance to neomycin (82.1%)
and florfenicol (35.7%). Cluster 3 (green) consisted predominantly of strains resistant to
potentiated sulfonamides.
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When evaluated against epidemiological cut-off values (ECOFF) defined by the Euro-
pean Committee on Antimicrobial Susceptibility Testing (EUCAST), at least 50% of isolates
were classified as wild-type for ceftriaxone. The proportion of non-wild-type strains for
each antibiotic is presented in Supplementary Figure S1.

All exact MIC values and additional details on individual isolates are available in the
Supplementary Materials.

A network analysis was conducted to visualize resistance interactions (Figure 5). The
results revealed that neomycin and spectinomycin resistance frequently co-occurred at
high levels. Additionally, strong associations were observed between doxycycline and
amoxicillin, as well as florfenicol and colistin resistance. Imipenem-resistant strains formed
a distinct subgroup, suggesting unique resistance mechanisms. The strongest association
with other antibiotics was observed for potentiated sulfonamides.

A predictive model was applied to forecast the occurrence of MDR strains (Figure 6).
Florfenicol was selected as the primary variable, as it exhibited the strongest associations
with other antibiotics in the network analysis. The model achieved 100% accuracy (pre-
cision, recall, and F1-score) in classifying MDR strains. The key decision points in the
model indicate that florfenicol resistance strongly influences co-resistance to amoxicillin,
ceftriaxone, and amoxicillin–clavulanic acid.
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Stochastic modeling was subsequently performed using Monte Carlo simulations
to estimate potential changes in MDR prevalence under different antibiotic usage trends
(Figure 7). Through random sampling-based simulations, possible MDR prevalence rates
were projected over thousands of iterations. The results indicated that the average MDR
prevalence was 86.8%, with a standard deviation of 3.6%. The median and mean values
coincided, suggesting a symmetrical distribution. The predicted MDR prevalence was
estimated to range between 80.0% and 92.0%, with a 95% confidence interval of 80.2–92.3%.
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A comparative analysis was performed using human resistance data (Figure 8). The
resistance patterns for aminopenicillins, amoxicillin–clavulanic acid, and ceftriaxone were
found to be highly similar between human and veterinary isolates. However, aminoglyco-
side resistance was substantially higher in veterinary isolates, which may be attributed to
their widespread use in poultry production.
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3. Discussion
A total of 91 E. coli strains of goose origin were analyzed for antimicrobial susceptibility,

revealing varying degrees of resistance to the tested antibiotics. The findings demonstrated
that over 70% of the isolates were resistant to neomycin and florfenicol, while more than
50% showed resistance to amoxicillin and doxycycline.

E. coli is prone to developing resistance to most antibacterial agents; hence, it is
commonly used as an indicator species for monitoring AMR. The increasing resistance of E.
coli presents a major challenge for both animal and public health, underscoring the need
for new antibiotic development or the identification of alternative therapeutic solutions.

In the current study, amoxicillin resistance was found to be 65.9%, whereas Sun et al.
reported a resistance rate of 84.4% in geese isolates [27]. A strong positive correlation (0.53)
was observed between amoxicillin and doxycycline resistance, suggesting the potential for
co-resistance between these two antibiotics.

The resistance rate for amoxicillin–clavulanic acid was 26.4%, whereas Yassin et al. [28],
Varga et al. [29], and Jeong et al. [30] did not detect any resistant isolates. The significantly
lower resistance rate compared to amoxicillin alone supports the hypothesis that a sub-
stantial proportion of strains produce β-lactamase enzymes, which hydrolyze the β-lactam
antibiotic component while still being inhibited by clavulanic acid.

Resistance to ceftriaxone was found in 17.6% of the isolates, which is lower
than the 29% reported by Afayibo et al. [31], but higher than the 11.4% reported by
Yassin et al. [28]. Meanwhile, Varga et al. [29] and Jeong et al. [30] did not detect any
ceftriaxone-resistant isolates. A strong correlation (0.46) was found between ceftriaxone
and colistin resistance, suggesting co-occurrence of resistance mechanisms in some iso-
lates. Given that ceftriaxone is a third-generation cephalosporin classified as a critically
important antibiotic for human medicine, its use in poultry production is strictly prohibited.
Although the use of ceftriaxone and other third-generation cephalosporins is prohibited in
poultry farming in the European Union, including Hungary, the observed resistance may
be explained by indirect factors such as environmental contamination or horizontal gene
transfer via plasmids carrying extended spectrum beta-lactamases (ESBL) genes. These
resistance determinants may originate from human or other animal reservoirs and spread
across bacterial populations. However, it is assumed that colistin is widely administered to
farmed geese, which could potentially explain the development of resistance, making this
finding unfortunate but not entirely surprising.

Resistance to imipenem was observed in 3.3% of isolates, while Sun et al. reported
100% resistance in goose isolates [27]. This discrepancy may be attributed to differences in
sampling locations, methodologies, or variations in antimicrobial usage practices between
the studies. Imipenem is a carbapenem antibiotic strictly reserved for human medicine and
is not permitted for use in food-producing animals. While the resistance rate detected in
this study was low, the presence of even a small number of imipenem-resistant isolates
is concerning, as this antibiotic represents a last-line treatment for severe infections in
human medicine. Although carbapenems such as imipenem are not authorized for use in
poultry within the European Union, a subset of isolates in our study exhibited resistance
to this antibiotic. This finding was unexpected and raises important questions regarding
the possible origin of these resistance determinants. One plausible explanation is the
acquisition of plasmid-mediated carbapenemase genes, potentially transferred from human
or environmental sources through horizontal gene transfer. The presence of such resistance
in isolates from animals not directly exposed to carbapenems highlights the complexity of
AMR transmission dynamics and underscores the importance of a One Health surveillance
approach that includes environmental, animal, and human sectors.
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Doxycycline resistance was 52.7%, while Sun et al. [27] and Cen et al. [32] reported
86.2% and 95.4%, respectively. This discrepancy may be attributed to differences in geo-
graphical regions, sampling timeframes, and local antibiotic usage patterns, which could
influence the prevalence of resistant strains. The high levels of tetracycline resistance are
indicative of the long-term overuse of this antibiotic class. Doxycycline resistance exhibited
strong correlations with amoxicillin (0.53) and florfenicol (0.33). Since tetracyclines are
poorly absorbed in the gastrointestinal tract and largely excreted in their active form, they
exert strong selection pressure on environmental microbial populations.

Notably high resistance to florfenicol (73.6%) was detected, which is higher than
the 62% reported by Afayibo et al. [31]. This difference may be attributed to variations in
florfenicol usage practices, sampling methods, or geographic regions. While the overall high
resistance rates are consistent, differences in local antimicrobial administration protocols or
selective pressure exerted by other antibiotics could explain the observed discrepancies.
This high resistance rate suggests excessive use of florfenicol in the poultry industry, leading
to a progressive decline in its efficacy over time.

Resistance to enrofloxacin was 37.4%, compared to 100% in the study by
Afayibo et al. [31], and 58.6% in the study by Jeong et al. [30], whereas Yassin et al. [28]
did not detect any resistant strains. The high variability in enrofloxacin resistance across
studies suggests that national and regional differences in antibiotic usage policies signifi-
cantly influence resistance levels. Although fluoroquinolone resistance can develop rapidly,
resistance levels tend to decline substantially when selection pressure is removed.

For colistin, 29.7% of isolates were resistant, whereas Cen et al. reported a 9.1%
resistance rate [32]. Colistin is classified as a last-resort antibiotic in human medicine, and
its use in livestock production is expected to be significantly reduced in the coming years.
Until recently, it was believed that colistin resistance would not emerge easily; however,
the discovery of plasmid-mediated mcr genes has facilitated its rapid global spread [33].

Resistance to potentiated sulfonamides was found in 40.7% of isolates, whereas Yassin
et al. reported 97.7% [28], Jeong et al. 51.7% [30], and Varga et al. 16.7% [29]. Given that
sulfonamides have been widely used in poultry production for decades, resistance to this
antibiotic class remains a significant concern. According to the decision tree analysis, the
strongest predictors of MDR status in geese were florfenicol, amoxicillin, ceftriaxone, and
amoxicillin–clavulanic acid. Network analysis further confirmed strong associations be-
tween resistance to potentiated sulfonamides and neomycin, reflecting their position in the
same antibiotic group. Additionally, high co-resistance was observed between doxycycline
and amoxicillin. In contrast, imipenem resistance did not show strong associations with
other antibiotics, likely due to the low overall number of resistant strains.

The observed associations between resistance phenotypes may be influenced not only
by co-selection pressures but also by the physical linkage of resistance genes on mobile
genetic elements, such as plasmids or transposons. Although genomic data were not
available in the present study, this potential genetic basis may partly explain the strong
co-occurrence patterns identified in the network analysis.

The current study focuses on mapping phenotypic resistance profiles of E. coli isolates
against individual antimicrobial agents. Heteroresistance profiling or evaluation of antibi-
otic combinations was not performed. Nonetheless, we acknowledge that combination
testing (e.g., checkerboard assays, time-kill studies) could offer valuable insights into po-
tential synergistic or antagonistic effects, particularly in the context of multidrug-resistant
strains. Future studies should explore such interactions to inform more effective therapeutic
strategies and identify potential avenues for mitigating resistance.

Antimicrobial resistance represents a major global public health challenge, jeopar-
dizing our ability to treat bacterial infections effectively, as highlighted by the emergence
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of superbugs [34]. The World Health Organization (WHO) advocates a One Health ap-
proach to tackling AMR, emphasizing the interconnections between human, animal, and
environmental health [35,36]. The widespread use of antimicrobials in both human and
veterinary medicine has driven the persistent rise in bacterial resistance [37,38], with severe
implications for both animal and public health [39,40].

This situation poses serious consequences for public health and has a negative socioe-
conomic impact on affected populations [41]. Therefore, veterinarians must rigorously
monitor antibiotic usage on farms to minimize the long-term use of the same drugs and
mitigate the emergence of resistance.

Several resistance patterns observed in this study are also commonly reported in
human clinical isolates of E. coli, particularly those involving ESBL-producing strains
and fluoroquinolone resistance. The overlap between resistance profiles in animal and
human sources has been widely documented, suggesting potential pathways for zoonotic
transmission or shared environmental reservoirs. These findings underscore the importance
of integrated AMR monitoring systems that link veterinary and human health data, in line
with the One Health framework. Comparative analyses with national and international
human AMR surveillance reports could further support risk assessment and targeted
policy interventions.

The high MDR prevalence in goose-derived E. coli isolates is alarming and similarly
high MDR rates (>90%) have been reported in other goose populations [42,43]. These
findings underscore the urgent need to revise antibiotic stewardship policies in veterinary
medicine. The predictive models used in this study suggest that machine learning tools
could enhance the early detection of MDR strains, facilitating optimized treatment strate-
gies and reducing the spread of resistance. Machine learning-based predictive models,
including decision trees and neural networks, provide valuable insights into resistance
trends. Furthermore, Monte Carlo simulations validate these findings, reinforcing the
importance of proactive antimicrobial stewardship measures.

The observed differences in antimicrobial resistance rates between our study and
previously published reports may reflect variations in antimicrobial usage patterns across
different geographic regions. Although country and region-specific data on antibiotic
consumption in geese are limited, prior studies have shown that antimicrobial usage
practices in poultry production vary considerably between countries and may influence
local resistance profiles [12,44]. In addition, due to the scarcity of goose-specific AMR
data in scientific literature, we referenced studies involving other avian species to provide
broader context. While we recognize the limitations of interspecies comparisons, these data
help position our findings within the current knowledge landscape.

Based on our findings, several policy-level interventions may be warranted. These
include the development of species-specific guidelines for antimicrobial use in geese,
reinforcement of surveillance systems to monitor AMR trends in minor poultry species,
and targeted reduction of resistance-prone drugs such as fluoroquinolones. Furthermore,
awareness campaigns and education programs aimed at veterinarians and farmers could
improve responsible antibiotic stewardship. These measures align with current One Health
initiatives and could help mitigate the dissemination of resistant bacteria within and beyond
the poultry production chain.

4. Materials and Methods
4.1. Origin of the Strains and Human Data

The E. coli strains examined in this study were collected between 2022 and 2023 and
were isolated by staff at the National Reference Laboratory of the Hungarian National Food
Chain Safety Office (NÉBIH) from deceased and clinically diagnosed geese submitted for
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necropsy. The necropsies were performed by poultry health specialists, while the bacterial
isolation was conducted by laboratory technicians. Species identification was performed
using Coliform agar (Biolab Zrt., Budapest, Hungary). The isolates were received as pure
cultures, which were subsequently stored at −80 ◦C using the Microbank™ system (Pro-
Lab Diagnostics, Richmond Hill, Canada). The bacterial isolates used in this study were
not collected by the research team but were provided as pure cultures by an independent
diagnostic laboratory. Each isolate was derived from a different goose, with no duplication
of sampling from the same individual. All isolates used in this study were received as
pure cultures from the Hungarian National Reference Laboratory for E. coli. The laboratory
performed the primary isolation and species-level identification of the strains based on
internationally accepted microbiological standards, prior to their transfer for research
use. Our study included only confirmed E. coli isolates, provided in monoxenic (pure)
culture form.

Human AMR data were provided by the Hungarian National Public Health and
Medical Officer Service. These data were related to ampicillin resistance, while in veterinary
cases, amoxicillin resistance was evaluated. For third-generation cephalosporins, resistance
was assessed based on ceftriaxone susceptibility. Resistance to aminoglycosides was
examined collectively for gentamicin, tobramycin, and amikacin, while neomycin resistance
was assessed separately. Similarly, fluoroquinolone resistance was analyzed as a group,
with enrofloxacin examined individually for veterinary cases. The human resistance data,
including both aggregated and region-specific data, were provided in an Excel spreadsheet
with the approval of the Chief Medical Officer. The dataset included percentage values for
resistance rates.

For the goose-derived isolates, data were available on the source organ (liver, bone
marrow, lungs, brain chamber, oviduct, articulatio, subcutaneous, air sac) and the geograph-
ical origin of the sample, which allowed classification into seven administrative regions of
Hungary. The isolates originated from five regions of Hungary: Dél-Alföld (59.3%; n = 54),
Észak-Magyarország (20.9%; n = 19), Észak-Alföld (14.3%; n = 13), Közép-Magyarország
(3.3%; n = 3), and Közép-Dunántúl (2.2%; n = 2).

4.2. Minimum Inhibitory Concentration (MIC) Determination

The phenotypic resistance profiles of the isolates were determined by MIC testing, fol-
lowing the Clinical Laboratory Standards Institute (CLSI) guidelines [45]. The breakpoints
were defined based on CLSI recommendations [45], while the results were also compared
to the ECOFFs established by the EUCAST [46]. The literature-based breakpoints used
included references for amoxicillin–clavulanate [47], neomycin [48], spectinomycin [47],
and colistin [49].

Bacterial strains stored at −80 ◦C were resuspended in 3 mL cation-adjusted Müller-
Hinton broth (CAMHB) and incubated at 37 ◦C for 18–24 h prior to testing. MIC determi-
nation was performed using 96-well microtiter plates (VWR International, LLC., Debrecen,
Hungary). Except for the first column, all wells were filled with 90 µL of CAMHB. The
stock solutions of the tested antibiotics (Merck KGaA, Darmstadt, Germany) were prepared
at 1024 µg/mL according to CLSI guidelines [50].

Amoxicillin and amoxicillin–clavulanic acid were prepared in a 2:1 ratio (pH 7.2,
0.01 mol/L), while imipenem was dissolved in phosphate buffer (pH 6, 0.1 mol/L). Doxy-
cycline, neomycin, tylosin, and vancomycin were dissolved in distilled water. Potenti-
ated sulfonamide (trimethoprim-sulfamethoxazole) was prepared in a 1:19 ratio, with sul-
famethoxazole dissolved in hot water with 2.5 mol/L NaOH, and trimethoprim dissolved
in distilled water containing 0.05 mol/L HCl. Enrofloxacin was dissolved using 1 mol/L
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NaOH in distilled water, while florfenicol was dissolved in a mixture of 95% ethanol and
distilled water.

A two-fold serial dilution was performed, starting with 180 µL of a 512 µg/mL antibi-
otic solution in the first column. The final column contained only CAMHB as a negative
control. The bacterial suspensions were adjusted to a 0.5 McFarland standard using a
nephelometer (ThermoFisher Scientific, Budapest, Hungary) and were inoculated into the
microtiter plate wells at a 10 µL/well volume [45]. MIC values were determined using the
Sensititre™ SWIN™ automatic MIC reader (ThermoFisher Scientific, Budapest, Hungary),
and the results were analyzed using VIZION System Software v3.4 (ThermoFisher Scien-
tific, Budapest, Hungary, 2024). The quality control strain used was E. coli ATCC 25922.
MIC plates were prepared in-house under sterile conditions using Mueller–Hinton broth
supplemented with antibiotic concentrations prepared according to CLSI recommendations.
For quality control, E. coli ATCC 25922 was used in every batch to verify the valid MIC
values. All plates were incubated under standardized conditions (35 ± 2 ◦C, 18–24 h).
Only data validated by appropriate control strain performance were included in the
final analysis.

4.3. Statistical Analysis

Statistical analyses were performed using R programming language (version 4.2.2) in
the RStudio environment [51]. The normality of data distribution was assessed using the
Shapiro–Wilk test. Non-normally distributed data were analyzed using non-parametric
tests. The Kruskal–Wallis test [52] was applied to compare the median values of differ-
ent sample groups, as it does not assume a normal distribution, making it suitable for
analyzing variations in resistance levels across groups. Additionally, post-hoc analyses
were conducted to identify specific group differences, using Mann–Whitney U test [53]
and t-tests, with pairwise comparisons between all groups. To control for multiple com-
parisons, Bonferroni correction [54] was applied to avoid inflated p-values, though it is
acknowledged that this correction may increase the risk of Type II errors (failing to detect
true differences).

For correlation analysis between antibiotic resistance patterns, heatmap visualization
was used, employing the corrplot (v0.92) and pheatmap (v1.0.12) packages.

For cluster analysis, hierarchical clustering was performed, and the results were
visualized using factoextra (v1.0.7). Agglomerative hierarchical clustering was conducted
using the cluster (v2.1.4) package, while dendrogram visualization was generated using
dendextend (v1.16.0).

To analyze co-resistance patterns, network analysis was conducted using the igraph
(v1.3.5) package for graph construction and ggraph (v2.1.0) for visualization.

For the prediction of MDR strains, a decision tree model was built using rpart (v4.1.16).
Model performance was evaluated using caret (v6.0.93), and visualization of the decision
tree was performed using rpart.plot (v3.1.2).

The decision tree model was chosen for its interpretability and proven applicability in
antimicrobial resistance prediction tasks [55–57]. To estimate the expected prevalence of
MDR strains, Monte Carlo simulations were conducted using 10,000 bootstrap iterations
with the boot (v1.3.28) package. Data aggregation and statistical calculations were per-
formed using dplyr (v1.1.0), while simulation distributions were visualized with ggplot2
(v3.4.0). This probabilistic approach has been used in prior studies to model AMR variabil-
ity and to support risk assessment [56,57]. These methods together allowed us to explore
both deterministic and stochastic dimensions of multidrug resistance in the dataset.

Reproducibility: All analyses were performed using open-source R packages, ensuring
full reproducibility of the study.
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5. Conclusions
Our findings confirm the critical state of AMR in Hungarian goose farming, partic-

ularly in light of the high prevalence of MDR and XDR E. coli strains. The identified
resistance patterns and cluster analysis results indicate the presence of strong co-resistance
between certain antibiotics, which is likely a consequence of current antibiotic usage prac-
tices. Neomycin, amoxicillin, doxycycline, and florfenicol exhibited notably high resistance
rates, highlighting the consequences of their widespread application. This situation raises
concerns not only for veterinary health but also for public health, as the potential zoonotic
transmission of resistant strains could compromise the efficacy of last-resort antibiotics
used in human medicine. The One Health approach, which emphasizes the interconnected-
ness of human, animal, and environmental health, should be considered when developing
strategies to combat antimicrobial resistance.

The network analysis confirmed the most significant co-resistance associations, par-
ticularly between potentiated sulfonamides and neomycin. The machine learning mod-
els used for MDR prediction, including decision trees and PCA-based cluster analysis,
proved to be effective tools for identifying antibiotic-resistant strains and mapping resis-
tance trends. Furthermore, Monte Carlo simulations reinforced the high prevalence of
MDR strains, emphasizing the necessity for continuous surveillance and stricter antibiotic
use regulations.

Overall, these findings underscore the urgent need to reassess antibiotic policies in
the poultry sector, with a particular focus on exploring alternative therapeutic options and
developing targeted, pharmacologically validated treatment strategies. Future research
should aim to provide a deeper understanding of resistance mechanisms, investigate the
genetic and ecological factors driving co-resistance, and explore the dynamic relationship
between antibiotic use and resistance evolution.

This study highlights the importance of responsible antibiotic use and integrated
biosecurity strategies in goose farming, which are essential for mitigating the further
spread of antimicrobial resistance.
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11. Essősy, M.; Fodor, I.; Ihnáth, Z.; Karancsi, Z.; Kovács, D.; Szalai, K.V.; Szentmiklósi, D.; Jerzsele, Á. The Possibilities of Antibiotic-
Free Broiler-Hen Fattening, with Special Reference to the Use of Pre- and Probiotics. Magy. Állatorvosok Lapja 2020, 142, 397–407.

12. Van Boeckel, T.P.; Brower, C.; Gilbert, M.; Grenfell, B.T.; Levin, S.A.; Robinson, T.P.; Teillant, A.; Laxminarayan, R. Global Trends
in Antimicrobial Use in Food Animals. Proc. Natl. Acad. Sci. USA 2015, 112, 5649–5654. [CrossRef] [PubMed]

13. Huang, X.; Zheng, J.; Liu, C.; Liu, L.; Liu, Y.; Fan, H. Removal of Antibiotics and Resistance Genes from Swine Wastewater Using
Vertical Flow Constructed Wetlands: Effect of Hydraulic Flow Direction and Substrate Type. Chem. Eng. J. 2017, 308, 692–699.
[CrossRef]

14. Manyi-Loh, C.; Mamphweli, S.; Meyer, E.; Okoh, A. Antibiotic Use in Agriculture and Its Consequential Resistance in Environ-
mental Sources: Potential Public Health Implications. Molecules 2018, 23, 795. [CrossRef] [PubMed]

15. Qiao, M.; Ying, G.-G.; Singer, A.C.; Zhu, Y.-G. Review of Antibiotic Resistance in China and Its Environment. Environ. Int. 2018,
110, 160–172. [CrossRef]

https://doi.org/10.1016/j.onehlt.2021.100301
https://www.ncbi.nlm.nih.gov/pubmed/34401458
https://doi.org/10.3390/microorganisms8091405
https://www.ncbi.nlm.nih.gov/pubmed/32932606
https://doi.org/10.1128/microbiolspec.ARBA-0026-2017
https://www.ncbi.nlm.nih.gov/pubmed/30003866
https://doi.org/10.1111/brv.12581
https://doi.org/10.1016/S0924-8579(00)00145-X
https://www.ncbi.nlm.nih.gov/pubmed/10794955
https://doi.org/10.1371/journal.pone.0210686
https://doi.org/10.3923/jm.2011.132.139
https://doi.org/10.56385/magyallorv.2024.02.91-105
https://doi.org/10.1073/pnas.1503141112
https://www.ncbi.nlm.nih.gov/pubmed/25792457
https://doi.org/10.1016/j.cej.2016.09.110
https://doi.org/10.3390/molecules23040795
https://www.ncbi.nlm.nih.gov/pubmed/29601469
https://doi.org/10.1016/j.envint.2017.10.016


Antibiotics 2025, 14, 450 16 of 17

16. Olasz, Á.; Jerzsele, Á.; Balta, L.; Dobra, P.F.; Kerek, Á. In Vivo Efficacy of Different Extracts of Propolis in Broiler Salmonellosis.
Magy. Állatorvosok Lapja 2023, 145, 461–475. [CrossRef]

17. Kerek, Á.; Csanády, P.; Jerzsele, Á. Antibacterial Efficiency of Propolis—Part 1. Magy. Állatorvosok Lapja 2022, 144, 285–298.
18. Kerek, Á.; Csanády, P.; Jerzsele, Á. Antiprotozoal and Antifungal Efficiency of Propolis—Part 2. Magy. Állatorvosok Lapja 2022, 144,

691–704.
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