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Abstract

The resistance spectrum of Escherichia coli from livestock and poultry to p-lactam
antimicrobials has continued to expand, and has spread from penicillins to third-generation
cephalosporins, posing a severe challenge to public health security. This study systematically
collected 1058 Escherichia coli strains from pigs and chickens covering six provinces and
municipalities in China from 2011 to 2021, conducted antimicrobial susceptibility testing and
whole-genome sequencing, and constructed a risk assessment model combining strain phenotype
and genotype. The study found that the resistance rates of the strains to ampicillin, cefotaxime,
and cefoxitin were 81.0%, 33.4%, and 11.2%, respectively; the major prevalent genes were blatem
(51.0%) and blactx-m (27.0%). The risk assessment model established based on a decision tree
divided the strains into four levels; Level 1 high-risk strains accounted for 30.6%, and the
distribution patterns of strain resistance characteristics across time, region, and host were highly
consistent with risk levels. This model integrates multidimensional data such as resistance
phenotype, genotype, and strain sampling information, grades strain risk, and can provide a
theoretical basis and technical support for zoned precise prevention and control of B-lactam
antimicrobial resistance in Escherichia coli from livestock and poultry and for rational veterinary
clinical drug use.
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Introduction

B-Lactam antimicrobials include multiple subclasses such as penicillins and cephalosporins,

and are antimicrobial drugs used extremely widely in human clinical anti-infection and livestock




and poultry breeding production, and their usage on the domestic farming end has long ranked
among the top three veterinary antimicrobials!!!”, With long-term extensive application, the
problem of bacterial antimicrobial resistance has become increasingly serious, among which the
transmission risk of third-generation cephalosporin-resistant bacteria is particularly severe, and the
World Health Organization (WHO) in 2024 included third-generation cephalosporin-resistant
bacteria in the critical category of the WHO Bacterial Priority Pathogens List 2024!%!. Escherichia
coli is one of the most common intestinal opportunistic pathogens and is also an important
reservoir of antimicrobial resistance genes!*], and the p-lactamase resistance genes it carries (such
as blatem, blactx-m, blacmy, blanpwm, etc.) can spread rapidly among different strains and even
different species through mobile genetic elements such as plasmids and transposons, exacerbating
the spread and prevalence of antimicrobial resistance!>(®!. Existing surveillance data show that the
resistance of Escherichia coli from livestock and poultry to B-lactam antimicrobials has gradually
expanded from basic penicillin drugs to third-generation cephalosporin drugs EIPI0) T ong-term
antimicrobial use pressure has led to the increasingly prominent antimicrobial resistance problem
of Escherichia coli from livestock and poultry, becoming an important challenge facing the global
public health field.

At present, multiple studies have carried out risk assessment targeting antimicrobial
resistance genes and established multi-indicator evaluation processes and corresponding risk

(21131 However, current studies are mostly limited to local regions or

assessment systems
short-term periods, and do not combine strain phenotype and genotype, making it difficult to
comprehensively construct an overall assessment model reflecting the resistance risk of
Escherichia coli from livestock and poultry to B-lactam antimicrobials. Therefore, this study,
based on 1058 Escherichia coli strains from six provinces and municipalitiecs—Henan Province,
Sichuan Province, Liaoning Province, Guangdong Province, Shandong Province, and Shanghai
Municipality—spanning 10 years (2011-2021), established a decision tree risk assessment model

14115land combined with genotype for

with resistance phenotype as the core determining condition!
comprehensive assessment. It aims to clarify the key control points of B-lactam antimicrobial
resistance, transform surveillance data into risk management tools with predictive functions, and

provide theoretical basis and technical support for guiding clinical drug use and preventing and

controlling the spread of antimicrobial resistance from livestock and poultry.



Results

Resistance phenotype

In this study, phenotypic antimicrobial susceptibility testing was performed on 1058 strains,
and the results are shown in Figure la. Escherichia coli had the highest resistance rate to AMP,
reaching 81.0%; followed by CTX, with a resistance rate of 33.4%; and the lowest resistance rate
to FOX, at 11.2%.

Dynamic analysis of antimicrobial resistance from 2011 to 2021 (Figure 1b) found that the
AMP resistance problem was the most severe, with the resistance rate remaining consistently in
the range of 70.9%-90.0%; the annual fluctuation in CTX resistance rate was pronounced, ranging
from 18.9% to 46.2%; the FOX resistance level was relatively low, at 6.8% to 28.7%, and after
2013 it showed a downward trend and stabilized at around 10%.

There were significant statistical differences in strain resistance rates among different regions
(¥*=785.6, P<0.001). As shown in Figure 1lc, the AMP resistance rates in all provinces and
municipalities were at a relatively high level, averaging 81.1%; CTX was next, averaging 34.7%;
and FOX had the lowest resistance rate, averaging 11.4%. Between-group comparisons showed
that the CTX resistance rate was highest in Shandong Province (52.7%), and compared with
Liaoning Province (37.2%), the difference was extremely significant (P<0.01), and compared with
the remaining provinces, the differences all reached extremely significant levels (P<0.001); the
FOX resistance rate was highest in Liaoning Province (15.2%), and compared with Guangdong
Province, which had the lowest resistance rate (5.0%), the difference was extremely significant
(P<0.001). In addition, the AMP resistance rate was at a relatively high level in all provinces and
municipalities, among which Henan Province was the highest (86.4%), significantly higher than
that of Guangdong Province (75.7%) (P<0.01).

In addition, based on antimicrobial resistance surveillance data from 510 pig-derived and 548
chicken-derived Escherichia coli strains, this study used the Z test for statistical analysis, and the
results are shown in Figure 1d. The resistance rate of chicken-derived Escherichia coli to CTX
was 46.9%, significantly higher than 18.8% in pig-derived strains (P<0.001); meanwhile, the
resistance rates of chicken-derived strains to FOX and AMP were 13.7% and 84.3%, respectively,

both higher than those of pig-derived strains (FOX 8.4%, AMP 77.5%).
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Figure 1 a) Phenotypic antimicrobial susceptibility testing of three antimicrobials b) Annual changes

in resistance rates of the three antimicrobials c¢) Resistance status of the three antimicrobials in
different regions d) Resistance rates in different hosts

Resistance genotype

Significant distribution differences were observed among different antimicrobial resistance
genes (X2 =465.2, P < 0.001) (Figure 3a). The blatem gene dominated with a detection rate of
51.0%, followed by the extended-spectrum B-lactamase gene blactx-m (27.0%) and blacmy (5.0%).
In addition, the detection rates of carbapenemase genes were low, with a detection rate of blanpm
of 0.6%, while blaxpc and blaviv were not detected. Other rare genes, including blapua, blacars,
and blasnv, all had detection rates below 0.5%.

Association analysis of phenotypic and genotypic results found that the high resistance rate
of CTX (33.4%) may be highly correlated with the high prevalence of the blactx-m gene (27.0%).
Meanwhile, among AMP-resistant strains, the detection rate of the blatem gene was as high as
51.0%. Kappa agreement test analysis found that there was high agreement between the
CTX-resistant phenotype and the blacrx-m gene (Kappa = 0.78, P < 0.001), while the agreement
between the AMP-resistant phenotype and the blaTEM genotype was weaker (Kappa = 0.312). In
addition, the overall detection rates of AmpC enzyme genes (blacmy, blapua) and carbapenemase
genes (blanpm) were low, but in strains resistant to both CTX and FOX, the detection rates of such
genes were significantly elevated (P < 0.001).

Risk assessment model results

Based on the decision tree model constructed in this study, Escherichia coli was divided into



four risk grades, and the results are shown in Figure 2(a). Grade I were high-risk strains, which
possessed a resistant phenotype and carried high-risk genes, totaling 325 strains, accounting for
30.6%. Grade II were moderate-risk strains, resistant to key drugs but with no target high-risk
genes detected, and such strains totaled 10 strains, accounting for 0.9%. Grade III were low-risk
strains, resistant only to basic B-lactam antimicrobials such as AMP, susceptible to
third-generation cephalosporins, and not carrying high-risk genes, totaling 529 strains, accounting
for 50.1%. Grade IV were susceptible strains, susceptible to all tested drugs and with no high-risk
gene risk, totaling 194 strains, accounting for 18.3%.

In terms of temporal distribution, from 2011 to 2021, the distribution of antimicrobial
resistance risk grades of Escherichia coli showed obvious annual dynamic changes, as shown in
Figure 2(b). The proportion of Grade I high-risk strains was 30.4% in 2011, rose to a peak of 41.9%
in 2015, and then fluctuated downward, reaching 31.3% by 2021. Grade III risk strains always
occupied a dominant position in each year, exceeding 38% except in 2015, and reached the highest
value of 60.4% in 2018. The proportion of Grade IV low-risk strains was relatively stable, mostly
fluctuating between 15%-22%, but rose to 29.1% in 2019. The detection rate of Grade II risk
strains was overall relatively low, not exceeding 3.2% in any year, and they were not detected in
multiple years.

In terms of regional distribution, there were significant differences in the antimicrobial
resistance risk distribution of Escherichia coli among different regions, as shown in Figure 2(c).
High-risk strains (Grade I + Grade II) were highest in the Shandong region, reaching 51.8%,
among which Grade I risk strains accounted for 50%, significantly higher than other regions. The
Liaoning region followed, with a proportion of high-risk strains of 36.6%, and the Sichuan and
Henan regions were 31.6% and 31.4%, respectively, while the Shanghai and Guangdong regions
were relatively low, at 23.7% and 23.2%, respectively. All regions were dominated by Grade III
risk strains; by comparison, the proportion of Grade III risk strains in the Shandong region was the
lowest (32.7%). The distribution of Grade IV susceptible strains in each region was relatively
balanced, with proportions between 12.4% and 24.3%.

In terms of host distribution, the antimicrobial resistance risk of strains from different hosts
also differed (Figure 2(d)). The proportion of high-risk strains (Grade I + Grade II) among

chicken-derived strains was as high as 44.9%, higher than 17.3% among pig-derived strains. In



terms of risk grade composition, pig-derived strains were dominated by Grade III risk, accounting
for 61.0%, higher than 40.0% for chicken-derived strains. The proportion of Grade IV susceptible

strains among pig-derived strains (21.8%) was also higher than that among chicken-derived

strains(15.1%).
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Figure 2 (a) Risk grade distribution chart (b) Annual distribution chart of risk grades (c) Regional
distribution of risk grades (d) Risk grade distribution chart of different hosts
Model feasibility verification

Table 1 Overall accuracy

RISK ACCURAC  95% CONFIDENCE PRECISION (%)  RECALL (%)  F1-SCORE(%)
GRADE Y (%) INTERVAL (%)
GRADE I 94.75-97.13 90.77 95.78 93
95.94
RISK
GRADE 11 93.38 91.88-94.88 90 11.54 20
RISK
GRADE 111 89.32 87.46-91.18 82.04 96.02 88
RISK
GRADE IV 94.71 93.36-96.06 92.27 81.36 86
RISK

The risk classification model constructed in this study performed well overall, with an overall

accuracy of 93.34%, but the performance of each category was unbalanced. The model's



identification of Grade I risk and Grade IV risk was relatively robust, with F1 scores reaching 93%
and 86%, respectively. However, the model had two key shortcomings. First, there was severe
underreporting for Grade Il risk, with a recall of only 11.54%, causing the F1 score to drop
sharply to 20%. Second, for Grade III risk there were relatively many false positives, with a

precision of only 82.04%.

Discussion
Phenotype and genotype

The AMP resistance results of the strains obtained in this study are consistent with global
reports on AMP resistance in Escherichia colil”JError! Reference source not found. - Ag 5 classic penicillin,
AMP has long been and widely used in both human medicine and the veterinary field, and
continuous selection pressure has directly led to the widespread dissemination of its resistance®ror!
Reference source not found.

Ten years of surveillance data show that the AMP resistance rate has remained at a high level
for a long time. This suggests that under continuous environmental selection pressure, the relevant
resistance genes may have stably colonized and continuously spread within the bacterial
population, forming the current situation of high resistance rates in strains. Compared with the
high resistance status of AMP, the overall resistance rate of strains to CTX is not high, but its
annual fluctuation is obvious. This phenomenon reflects differences in farming drug use and
disease prevention and control management at different stages, suggesting that the use and control
of third-generation cephalosporins is not yet standardized. CTX is a key drug for the prevention
and treatment of Gram-negative bacterial infections, and the instability of its resistance level will
increase the difficulty of clinical treatment and easily cause staged spread of resistant strains. The
resistance rate of FOX is overall at a relatively low level; it is stable against most
extended-spectrum [-lactamases (ESBLs), and its relatively low resistance rate makes it an
important drug for treating infections caused by ESBL-producing Enterobacteriaceag®rror* Reference
source not found._

In addition, there are significant regional differences in the resistance level of Escherichia
coli from livestock and poultry to [B-lactam antimicrobials in different regions, and this
phenomenon may be due to differences in farming models, drug use habits, and the intensity of

veterinary antimicrobial control in each region. At the same time, the overall resistance level of



chicken-derived strains is significantly higher than that of pig-derived strains, and this finding is
consistent with multiple global studies®rror! Reference source not found.Error! Reference source not found. ¢ may
be closely related to high-density poultry farming and high-frequency preventive use of
antimicrobials.

The resistance prevalence of Escherichia coli from livestock and poultry is dominated by
broad-spectrum B-lactamase and ESBLs genes, and high-risk carbapenem resistance genes are
only distributed in a few cases and have not spread widely. blatem is one of the earliest discovered
and widely disseminated B-lactamase genesFrror! Reference source notfound. " 51 jtg widespread presence
may be related to the long-term and extensive use of AMP in the medical and agricultural fields.
The ESBL encoded by the blactx-m gene in Escherichia coli can produce resistance to drugs such
as third-generation cephalosporins®rror! Reference source not found. " and jts prevalence means that
treatment options will face greater challenges. In this study, the detection rates of carbapenemase
genes (blakpc, blanpm, blaviv) were extremely low or not found, suggesting that carbapenem
drugs remain one of the drugs with high effectiveness against ESBL-producing strains in the
current contextError! Reference source not found..

Association analysis of phenotype and genotype showed that CTX resistance had high
agreement with blactx-m (Kappa = 0.78, P < 0.001), indicating that this gene is one of the main
molecular mechanisms mediating CTX resistance in Escherichia coli from livestock and poultry.
The agreement between the AMP-resistant phenotype and the blatgm genotype was relatively
weak (Kappa = 0.312), suggesting that in addition to blatewm, there are other more major resistance
mechanisms mediating the resistant phenotype. In addition, the detection rates of low-prevalence
AmpC enzyme genes and blanpm were elevated in multi-cephalosporin-resistant strains, indicating
that although the overall prevalence of such rare resistance genes is low, they will be enriched in
multidrug-resistant strains, exacerbating resistance risk.

Risk assessment model

The core value of this model lies in systematically integrating complex phenotypic and
genotypic information and transforming it into easily interpretable visualized risk indicators,
thereby establishing a bridge between data and clinical decision-making. This indicator is helpful
for guiding the formulation of scientific drug use regimens and also has important theoretical

guiding significance for delaying the spread of antimicrobial resistance in Escherichia coli from



livestock and poultry. The model results show that Grade I high-risk strains accounted for 30.6%;
they are important strains that accelerate the spread of antimicrobial resistance and are also the
key surveillance and priority intervention targets of this study. Most of their resistance genes are
located on mobile genetic elements and have the potential for horizontal transfer between strains,
directly endangering the safety of clinical drug use. Therefore, rapid identification and strict
control of Grade I high-risk strains is the key to curbing the continued spread of antimicrobial
resistance. Grade II moderate-risk strains accounted for only 0.9%, but they have important
research value. Such strains show a third-generation cephalosporin-resistant phenotype but no
high-risk genes were detected. This suggests that there may be undiscovered resistance genes and
unknown resistance mechanisms beyond the current detection scope, such as other rare ESBL
genes, AmpC enzyme genes, drug efflux pumps, or porin mutations. Therefore, continuous
tracking and in-depth analysis of such strains will help discover new resistance pathways. Grade
III low-risk strains constitute the main body of the bacterial population (50.1%), are resistant only
to basic B-lactam antimicrobials such as AMP, are susceptible to third-generation cephalosporins,
and do not carry high-risk genes. This reflects the background resistance formed under long-term
selective pressure from penicillin drugs. Although the direct clinical hazard is relatively low, they
can serve as potential donors for resistance gene transfer and still need to be included in routine
surveillance. Grade IV fully susceptible strains accounted for 18.3%, indicating that even in
farming environments with relatively high antimicrobial selective pressure, a certain proportion of
susceptible strains still exists.

In addition, the spatiotemporal and host distribution characteristics of the resistance
phenotypes and genotypes of the strains in this study are highly consistent with the distribution
patterns of antimicrobial resistance risk grades. In the temporal dimension, the antimicrobial
susceptibility results of strains from 2011 to 2021 show that the resistance rates of AMP and CTX
fluctuated dynamically with the year, completely matching the annual distribution trend of risk
grades in this study. The peak of the overall resistant phenotype of strains in 2015 corresponded to
the highest proportion of Grade I and Grade II high-risk strains in ten years, suggesting that the
increase in phenotypic resistance caused by clinical drug use pressure led to the staged enrichment
of high-risk resistant strains; the subsequent decrease in resistance rates and the proportion of

high-risk strains also confirmed that changes in resistant phenotypes are the core inducement of



the temporal evolution of risk grades. During the ten-year surveillance period, resistance risk
grades were always in a state of dynamic fluctuation; even though the proportion of high-risk
strains decreased after the peak, it still rebounded to 34.3% in 2021, reflecting the long-term and
recurrent nature of antimicrobial resistance prevention and control; and Grade III low-risk strains
occupying the main body of the bacterial population also reflects that basic resistant strains have
stably colonized within the farming bacterial population, continuously bringing pressure to
veterinary clinical anti-infection treatment.

At the regional distribution level, the CTX resistance rates in Shandong, Liaoning, and other
places were significantly higher than those in other regions, completely consistent with the model
results of a relatively high proportion of regional high-risk strains. At the same time, the overall
phenotypic resistance rates in Guangdong, Shanghai, and other regions were low, corresponding to
their low proportion of high-risk strains, indicating the background characteristics of the regional
phenotypic resistance prevalence level and resistance gene distribution. The differences in risk
distribution among regions are speculated to be directly related to local farming models,
antimicrobial use intensity, and veterinary drug control intensity; all provinces and municipalities
were dominated by Grade III low-risk strains, suggesting that basic-level B-lactam resistance is a
nationwide common phenomenon, and also indicating that domestic antimicrobial resistance
prevention and control needs to implement differentiated strategies, carrying out key surveillance
and precise intervention in high-risk regions.

At the host difference level, chicken-derived strains showed a higher third-generation
cephalosporin resistance rate than pig-derived strains, and the carriage of high-risk genes such as
blactx-m and blatem was more common, explaining from both phenotypic and genotypic levels the
core reason why the proportion of high-risk grades among chicken-derived strains was higher than
that among pig-derived strains. The drug selection pressure of intensive poultry farming promotes
frequent occurrence of resistant phenotypes and widespread dissemination of resistance genes,
ultimately resulting in an overall higher antimicrobial resistance risk of chicken-derived strains,
while the distribution characteristic of pig-derived strains being dominated by low-risk grades is
also consistent with their relatively lower resistance rates and high-risk gene carriage rates.
Therefore, strengthening the standardized use of antimicrobials in the farming sector is an

important measure to control the spread of antimicrobial resistance from the source.



Conclusion

The risk assessment model established in this study transforms surveillance data into a
refined management tool with predictive functions, and reveals the key risk nodes of B-lactam
antimicrobial resistance in Escherichia coli from livestock and poultry in China. This system
provides a scientific basis and methodological support for the implementation of targeted and
differentiated antimicrobial resistance prevention and control strategies, and has important
practical significance for safeguarding public health security. Subsequent research can, on this
basis, further incorporate clinical data and environmental samples to expand the application
scenarios and dynamic early warning capabilities of the model.
Methods
Data collection and preprocessing

This study selected 1058 Escherichia coli strains collected from six provinces
(municipalities}—Guangdong, Sichuan, Henan, Shandong, Liaoning, and Shanghai—from 2011 to

2021, and the distribution is shown in Table 2.

Table 2 Distribution of strains and different hosts in six provinces (municipalities) from 2011 to 2021

Region Pig-derived Chicken-derived Total
Guangdong 89 92 181
Sichuan 113 131 244
Henan 84 85 169
Shandong 51 59 110
Liaoning 77 87 164
Shanghai 96 94 190
Total 510 548 1058

Strain resuscitation and identification

Cryopreserved strains were thawed in a water bath and inoculated into BHI broth, then
sequentially subjected to stepwise streak culture on E. coli chromogenic medium, MacConkey
selective medium, and nutrient agar plates to screen and purify target colonies. Subsequently,
MALDI-TOF MS was used for strain identification.

Antimicrobial susceptibility testing



This study selected three antimicrobials—ampicillin (AMP), cefotaxime (CTX), and
cefoxitin (FOX)—and, according to the standards of the Clinical and Laboratory Standards
Institute (CLSI)Error! Reference source not found. 156 the broth microdilution method to determine the
minimum inhibitory concentration and judge the resistance status.

Whole-genome sequencing

Strain DNA was extracted, and paired-end sequencing was performed using the
MGISEQ-2000RS high-throughput sequencer. The raw sequencing data were preliminarily quality
assessed using FastQC (v0.11.9) and MultiQC (v1.23), then quality-controlled using Fastp
(v0.23.4) and quality assessed again. Genome assembly was completed using SPAdes
(v3.15.5)FError! Reference source not found. " 3 genome annotation was completed using Bakta (v1.10.4).
For antimicrobial resistance gene analysis, the Resfinder database®rror! Reference source not found. iy the
bioinformatics software ABRicate was used, with minimum coverage and minimum identity both
set to 90%, and the carriage of antimicrobial resistance genes was counted.

Model establishment
Discrete model establishment

Phenotypic and genotypic data and strain sampling information were stored in Excel format,
using a unified data format. All categorical variables were converted into binary numerical format
(0 indicates susceptible/negative, 1 indicates resistant/positive), and the conversion rules are as
follows: character-type data such as "YES", "Y", "1", "resistant", "TRUE", "T" were uniformly
converted to 1, and the rest were converted to 0; logical-type data were directly converted to
numerical type; numerical-type data retained their original values. The resistance risk of
Escherichia coli to the two classes of drugs was divided into four grades (Grades I-1V). (1)
Resistance to at least one of the B-lactam drugs (AMP, FOX); (2) Resistance to third-generation
cephalosporin drugs (CTX); (3) Carrying at least one of the following high-risk B-lactamase genes
Error! Reference source not found.Error! Reference source not found.. p1oc o hlacrx, blatem, blapua, blacars,
blasnv, blaz. In addition, carbapenems possess the broadest antimicrobial spectrum and the
strongest antimicrobial activity among B-lactam drugs, and their stability to ESBLs and AmpC
enzymes gives them an irreplaceable position in the treatment of fatal resistant infections®rror!
Reference source not found. " therefore, in this model, as long as a gene encoding a carbapenemase (blanpm,

blaxpc, blayiy) Error Reference source not found. j¢ hregent, it belongs to Grade I risk. Finally, according to



the logic shown in the decision tree flowchart in Figure 3, each strain was assigned to the
corresponding risk grade, and the classification details are shown in Table 3.
Escherichia coli isolates
Input

Resistance to at least one -
lactam antimicrobial IV

Resistance to third-generation

cephalosporins i
Carrying genes encoding Carrying at least one of the following
carbapenemases high-risk B-lactamase genes: blacy, Il
(b"a%?w iIaKPC‘ blacrxw, blarpy, blapya, blacargs,
o blagyy, bla,
I
Figure 3 Decision tree for resistance risk grading of Escherichia coli
Table 3 Decision tree for resistance risk grading of Escherichia coli
RISK GRADE CONDITIONS
1.Resistance to at least one B-lactam antimicrobial,
GRADE I RISK (HIGH RISK) P

2.Resistance to third-generation cephalosporins;

3.Carrying at least one high-risk B-lactamase gene (blacmy, blactx-m,
blatem, blapua, blacars, blasuv, blaz).

4.As long as it contains genes encoding carbapenemases (blanpm, blakrc,
blaviv).

1. Resistance to at least one B-lactam antimicrobial;

GRADE II RISK (MODERATE

2. Resistance to third-generation cephalosporins;

RISK)
3. Not carrying the above-mentioned high-risk p-lactamase genes.
1. Resist to at least -lact timi ial;
GRADE III RISK (LOW RISK) esistance to at least one f-lactam antimicrobial;
2. Susceptible to third-generation cephalosporins;
3. Not carrying the above-mentioned high-risk p-lactamase genes.
GRADE IV RISK 1. Susceptible to all B-lactam antimicrobials;

2. Susceptible to third-generation cephalosporins;




(SUSCEPTIBLE STRAINS) 3. Not carrying the above-mentioned high-risk p-lactamase genes.

Model feasibility verification
Overall accuracy

This study used overall accuracy to verify the accuracy of the model's overall prediction,
which is the most intuitive indicator for evaluating the performance of a classification model. The
calculation method is the proportion of the number of samples correctly predicted by the model to
the total number of samples, that is, the sum of the diagonal elements (the sum of true positives
and true negatives) divided by the sum of all prediction results. In this study, the calculation of
accuracy covered the correctly classified samples in all four categories (Grade I risk, Grade II risk,

Grade I risk, Grade IV risk), and the specific calculation method — isError! Reference source not found..

Overall  number of correctly classified samples < 100%— TP+TN <100%
verall accuracy= total number of samples * TP+IN+FP+FN ’

TP (True Positive) : True positives, the number of samples that are actually positive and
are correctly predicted as positive.
TN (True Negative) : True negatives,the number of samples that are actually negative and
are correctly predicted as negative.
FP (False Positive) : False positives, the number of samples that are actually negative but are
incorrectly predicted as positive.
FN (False Negative) : False negatives, the number of samples that are actually positive b
utare incorrectly predicted as negative.

Confidence interval estimation used the Clopper-Pearson exact method to calculate the
95% confidence interval of the overall accuracy Frror' Reference source not found. " and the formul
a is:

[CI=Beta( g ;ion—k+1), Beta(1— g 1 ,Il—K)]

where « is the number of correctly classified samples, n is the total number of sampl
es,0=0.05.
Multi-dimensional performance evaluation system

To comprehensively evaluate the classification performance of the antimicrobial resistance
gene risk assessment model, this study adopted a multi-indicator comprehensive evaluation

framework.



Precision is used to measure the proportion of samples that are truly positive among the
samples predicted as positive by the model, reflecting the prediction purity of the model, and its

calculation formula is as follows Error! Reference source not found.

P
TP+FP

Precision=

Recall is used to evaluate the model's ability to correctly identify positive-class samples and

reflects the detection completeness of the model, and the calculation formula is Error! Reference source

not found..

TP

R B
ccall=r5 TN

F1-score is the harmonic mean of precision and recall, providing a single comprehensive

indicator to balance precision and recall, and its calculation method is Error! Reference source not found..

PrecisionxRecall

Fl1- =2x
score Precision+Recall

This multi-indicator evaluation method can comprehensively reflect the classification
performance of the model from different dimensiong®rror Reference source not found. " 91y jg suitable for
scenarios in risk assessment where different types of errors have different importance.
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