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ABSTRACT
Antibiotic resistance is one of the current challenges for successful antimicrobial therapy and calls for

analytical methods that can combine phenotypic and molecular data. The aim of this study was to create

machine-learning models that predict antibiotic-specific resistance that can be derived from phenotypic

susceptibility patterns, resistance gene profiles, and contextual variables. Susceptibility results for

amoxicillin, ciprofloxacin, meropenem, vancomycin, and colistin were analyzed besides KPC, NDM-1,

OXA-48, and VIM resistance genes. Data preprocessing comprised categorical encoding, evaluation of

missing data, partitioning of data in groups by patient identifier, and excluding each target antibiotic from

its respective predictor set to avoid information leakage. Accuracy, precision, sensitivity, specificity, F1-

score, ROC-AUC, and PR-AUC were used to compare Logistic Regression, Decision Tree, Random

Forest, Support Vector Machine and Gradient Boosting models. Susceptibility categories and resistance

gene frequencies were fairly even, and genotype-phenotype relationships were not strong. The best mean

ROC-AUCs were not far off from chance-level discrimination by the machine-learning algorithms. The

inclusion of resistance gene and contextual variables did not significantly increase the predictive value

over phenotypic variables. These results will suggest that a more accurate prediction of resistance will

need to be developed with more genomic data, more populations, and validation outside of the clinical

setting before it can be used in the clinic. However, the framework offers a clear foundation to assess

integrated antimicrobial resistance predictors

Keyword: Antimicrobial resistance; Machine learning; Phenotypic susceptibility; Resistance genes;

Antibiotic resistance prediction
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Introduction
AMR is now one of the greatest global health threats due to its impacts on the effectiveness of treatment,

treatment failure, hospitalization, and cost of care. Detection and therapeutic decision-making strategies

against resistance are needed as the problem of resistant bacterial infections is growing. Inappropriate use

of antimicrobials, transmission of resistant organisms, and acquisition or emergence of resistance

determinants are responsible for the emergence and spread of AMR; public health and clinical

microbiology surveillance and predictive analytics are crucial to the control of AMR (Fernandez, 2022).

Machine learning has been explored as a learning tool to classify resistance using a more complex

approach than traditional statistical methods, with the capability to recognize patterns within

microbiological data (Anahtar et al., 2021).

However, traditional antimicrobial susceptibility testing is still very important to discern whether a

bacterial isolate is sensitive, intermediate, or resistant to a particular antibiotic as well. Phenotypic

methods can be time-consuming in the laboratory, however and may not fully explain the molecular

mechanisms of resistance. Genotypic information can be used in addition to the phenotypic information to

detect the genes associated with resistance and genetic determinants. The genotype/phenotype concept is

complex since the presence of a resistance gene is not always 100% correlated with the phenotypic

expression. Due to the differences in gene regulation, mutations, plasmid content, and bacterial

background, there is the possibility of genotype-phenotype discordance (Petrin et al., 2023). For this

reason, there is value in linked phenotypic and genetic data for research and predictive modelling of AMR

(Chindelevitch et al., 2023).

Resistance genes related to carbapenemase production are significant since they have the potential of

undermining effective antibiotic therapy. Ndm-mediated metallo-beta-lactamases are spread globally and

pose a serious threat due to their wide hydrolytic spectrum and horizontal gene transfer (Farhat & Khan,

2020). The Comprehensive Antibiotic Resistance Database (CARdb) has been used to aid in the

identification and annotation of resistance determinants in an internationally consistent manner and has

enabled computational and machine-learning applications to support resistome analysis (Alcock et al.,

2023). The resources provide enhanced support for biological underpinning of predictive models based on

genomic and resistance-gene attributes.

Machine learning offers a model to incorporate phenotypic, genotypic, demographic and clinical factors.

Algorithms such as logistic regression, decision trees, random forests, support vector machines, and

gradient boosting can capture nonlinear relationships and interactions between variables that are not

captured by traditional algorithms. It has been shown that antimicrobial resistance can be predicted from

genome data (Van Camp et al., 2020) and resistance mechanisms and new genetic factors can be

discovered by machine-learning approaches (Sunuwar & Azad, 2021). Whole-genome sequencing and
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machine learning has now further increased the ability to model resistance in bacterial populations (Ren et

al., 2022).

However, although these developments have been made, predictive performance is dependent on data

quality, representation of the features, bacterial species, antibiotic class, structure of the population and

validation strategy. The review of the AMR data-mining methods has pointed out methodological

heterogeneity across prediction studies (Li et al., 2021). Some external validation is still not consistent,

some data is hard to interpret, there is a risk of data leakage, and there are differences between the

development dataset and the population that is used in real-life settings (Kim et al., 2022). New evidence

shows that machine-learning models can be usefully discriminatory in some cases, but models have a

wide range of performance depending on organisms and resistance outcomes (Lv &Wang, 2024).

There is growing research that incorporates genomic data and machine learning to enhance susceptibility

prediction. The underlying idea of whole-genome sequencing (WGS) is that when applied alongside the

correct analytical tools, it can yield informative predictors for clinically relevant pathogens, as suggested

by systematic evidence. Whole genome sequencing (WGS) is a method that, when combined with the

appropriate analytical tools, has the potential to predict clinically relevant pathogens and inform the

underlying idea of the WGS method. AI is also finding applications in the diagnosis of infectious diseases,

antimicrobial discovery, monitoring of resistance, and support in therapeutic decisions (Cesaro et al.,

2025). The use of machine learning alongside antimicrobial discovery in integrative strategies represents

the growing impact of computational methods in combating AMR (Bano et al., 2025). Recent viewpoints

also highlight the potential of AI resistance prediction for precision therapy, provided the models are

strong, explainable and tested (Singh et al., 2026).

Phenotypic susceptibility patterns combined with resistance gene profiles can then be used together – a

sensible way to explore the potential for improved prediction with complementary resistance information.

This integration can help decide if genetic susceptibility variables offer further information over and

above the observed susceptibility pattern and what the limitations of the observed susceptibility variables

are.

Objectives:

 To describe phenotypic susceptibility patterns and to determine the distribution of the major

resistance gene profiles.

 To design and evaluate machine-learning models to predict antibiotic-specific resistance, based

on phenotypic, genetic and contextual predictors.

 To assess the predictive performance and model interpretation of resistance gene information and

phenotypic susceptibility features.
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2. Materials and Methods

2.1 Study Design and Data Source

A retrospective secondary-data analytical design, supervised machine learning, and antibiotic-resistance

prediction were used in this study with phenotypic susceptibility patterns and resistance gene profiles.

The analysis was based on a data set containing 2200 observations and 12 variables called the Antibiotic

Resistance Tracking Dataset. Data collected included demographic data, specimen characteristics,

phenotypic susceptibility results for amoxicillin, ciprofloxacin, meropenem, vancomycin, and colistin,

laboratory test method, resistance gene data and clinical outcome. The analytical unit was the individual

microbiological record, and the main aim was to assess the possibility of using phenotypic and genetic

characteristics to predict resistance to antibiotics (Siam & Faiza, 2025).

2.2 Study Variables

The key variables of interest were the susceptibility classes for amoxicillin, ciprofloxacin, meropenem,

vancomycin and colistin; each susceptibility class was categorized as Sensitive, Intermediate, or Resistant.

Primary binary machine learning analysis: Resistant observations were classified as the positive class,

sensitive observations as the negative class, and Intermediate observations were retained for descriptive

analysis or evaluated separately if applicable. Susceptibility patterns of the remaining antibiotics, gene

category of resistance, age, gender, type of specimen, and the method used for testing were predictor

variables. KPC, NDM-1, OXA-48 and VIM were included as resistance gene information.

2.3 Data Preprocessing

Data in the dataset were checked for duplicate records, missing data, misspellings of labels and duplicate

patient ID numbers prior to analysis. Categorical variables were coded as binary or one-hot encoding, as

needed, and age was left continuous. Resistance gene values that were not found were evaluated

independently and were not necessarily viewed as a lack of resistance gene unless indicated by the dataset

definition. Patient_ID values were also repeated when partitioning data to ensure that minimal

information could be leaked between the training and testing subsets.

2.4 Phenotypic and Resistance Gene Analysis

Descriptive analysis was conducted to obtain the frequency and percentage distribution of Sensitive,

Intermediate and Resistant classifications for each antibiotic. Additionally, the prevalence of the

resistance genes KPC, NDM-1, OXA-48 and VIM was determined. Associations between resistance gene

categories and phenotypic susceptibility patterns were examined by cross-tabulation. Categorical

associations were assessed using chi-square tests of independence, and Fisher's exact test was used when

the expected frequencies were too low. A p-value of < 0.05 was considered to be statistically significant.
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2.5 Feature Engineering and Predictor Configuration

Model-ready features and summary measures of resistance, as appropriate, were created from phenotypic

susceptibility variables. For target leakage, the susceptibility value of the antibiotic being predicted was

not included in the predictor set. For instance, if meropenem resistance was applied as the target, the

meropenem susceptibility was not taken into account as an input variable. Three predictor configurations

were tested: phenotypic susceptibility alone, resistance gene plus contextual variables, and a combined

model with phenotypic susceptibility, resistance gene and contextual variables.

2.6 Machine-Learning Model Development

Machine-learning models were separately trained to predict each antibiotic resistance outcome, with

supervised learning. The algorithms used were: Logistic Regression, Decision Tree, Random Forest,

Support Vector Machine, and Gradient Boosting or XGBoost. Logistic regression was used as a baseline

model that is interpretable, while tree-based and kernel-based models were used to model more complex

relationships between susceptibility patterns, resistance genes, and antibiotic resistance. The

hyperparameters were tuned by cross-validation on the training set.

2.7 Model Training and Validation

The dataset was split into training and test subsets with a roughly 80:20 ratio with equal distribution of

resistance classes. When repeated patient identifiers were for patients who had been observed multiple

times, these were grouped together and the patients were not included in both the training and testing sets.

Five-fold stratified cross-validation was used for model development and tuning in the training data set.

The independent test dataset was used for the final evaluation of the performance but not during the

hyperparameter optimization.

2.8 Model Performance Evaluation

The measures used to assess predictive performance were accuracy, precision, sensitivity, specificity, F1-

score, receiver operating characteristic (ROC) area under the curve and precision-recall area under the

curve. Confusion matrices were also analyzed to find true positive, true negative, false positive and false

negative classifications. Different machine learning algorithms and feature sets were tested to see if

adding resistance gene data added value to prediction beyond patterns of phenotypic susceptibility.

2.9 Model Interpretation

Feature importance was calculated to determine the most important phenotypic and genetic features in

predicting antibiotic resistance. Where applicable, feature importance, permutation importance or SHAP

interpretation was applied to trees. The role of KPC, NDM-1, OXA-48 and of other antibiotic
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susceptibility patterns was specifically highlighted to establish the relative importance of phenotype in

model-based predictions of the genotype.

2.10 Statistical and Computational Analysis

Descriptive statistics included frequencies and percentages for categorical variables and means and

standard deviations or medians and interquartile ranges for continuous variables, as appropriate based on

the distribution of data. Statistical tests (inferential) were applied as two-tailed tests with a p-value < 0.05

as the significance criterion. The machine learning, preprocessing, statistical analysis and visualization

were performed in Python with suitable analytical libraries.

2.11 Ethical Considerations

No human subjects were involved in the study, and secondary data were used exclusively from the

Antibiotic Resistance Tracking Dataset, which does not include any contact or recruitment with human

participants or direct intervention. Patient identifiers were only used to evaluate repeated observations and

were excluded from predictive modelling to avoid data leakage and repeated observations of patient

identifiers. An effort was not made to identify individual patients. The analysis was performed following

the guidelines for confidentiality, the responsible use of secondary data, the possibility of reproducing the

analysis and adherence to the terms and licences of the source data.

3. Results

3.1 Characteristics of the Study Dataset

There were 2,200 microbiological records in the Antibiotic Resistance Tracking Dataset. The mean age

was 45.65 ± 26.27 years, with a median age of 45 years and a range of 1–90 years. Females accounted for

1,110 records (50.5%), while males represented 1,090 records (49.5%). The distribution of specimen

types was fairly even, with blood accounting for 20.4 per cent of the records, sputum and wound swabs

for 20.4 percent, urine for 19.7 percent and stool for 19.2 percent. Susceptibility testing methods recorded

the most frequently used were Disc diffusion (34.3%), MIC testing (32.9%) and automated systems

(32.8%). Table 1 summarizes the main aspects of the study dataset.

Table 1. Demographic, specimen, laboratory, and outcome characteristics of the study dataset

Characteristic Category/Statistic n %

Total records — 2,200 100.0

Age, years Mean ± SD 45.65 ± 26.27 —

Age, years Median 45 —
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Age, years Range 1–90 —

Gender
Female 1,110 50.5

Male 1,090 49.5

Specimen type

Blood 449 20.4

Sputum 448 20.4

Wound swab 448 20.4

Urine 433 19.7

Stool 422 19.2

Test method

Disc diffusion 755 34.3

MIC 724 32.9

Automated system 721 32.8

Clinical outcome

ICU 775 35.2

Recovered 739 33.6

Deceased 686 31.2

The fairly uniform distribution of specimen types and laboratory methods minimized the risk that a

particular specimen or laboratory type would swamp subsequent analysis.

3.2 Phenotypic Antibiotic Susceptibility Patterns

All five antibiotics showed widespread distributions of the three classifications: Sensitive, Intermediate

and Resistant. The highest number and percentage of resistant observations were seen in the case of

meropenem, where 755 observations were recorded corresponding to 34.3% of the observations.

Amoxicillin resistance was found in 730 records (33.2%) followed by ciprofloxacin and vancomycin at

32.6 % each. The resistance proportion of colistin was the lowest at 31.9%. Phenotypic susceptibility

distributions are presented completely in Table 2.
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Table 2. Distribution of phenotypic susceptibility classifications across antibiotics

Antibiotic Sensitive, n (%) Intermediate, n (%) Resistant, n (%)

Amoxicillin 726 (33.0) 744 (33.8) 730 (33.2)

Ciprofloxacin 752 (34.2) 730 (33.2) 718 (32.6)

Meropenem 708 (32.2) 737 (33.5) 755 (34.3)

Vancomycin 757 (34.4) 726 (33.0) 717 (32.6)

Colistin 761 (34.6) 738 (33.5) 701 (31.9)

Figure 1 illustrates the distribution of the different susceptibility classes for each antibiotic and shows no

antibiotic was clearly predominant. This was a relatively balanced distribution of phenotypes, with no

major class imbalance, which was suitable for resistance classification.

Figure 1. Distribution of Sensitive, Intermediate, and Resistant phenotypes across the five antibiotics

3.3 Distribution of Resistance Gene Profiles

Of the 2,200 records, VIM was the most common recorded resistance gene at 463 (21.0%) of the records.

450 records contained OXA-48 (20.5%) and 425 records contained KPC (19.3%) and NDM-1 (19.3%). In

437 observations (19.9%) no resistance gene information was recorded. Table 3 summarizes the

distribution of the resistance genes, and Figure 2 shows the gene frequencies graphically.
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Table 3. Distribution of recorded resistance gene profiles

Resistance gene category n %

VIM 463 21.0

OXA-48 450 20.5

KPC 425 19.3

NDM-1 425 19.3

Not recorded 437 19.9

Total 2,200 100.0

Figure 2. Frequency distribution of recorded resistance gene categories in the study dataset

The relative proportions of resistances within each gene category also were fairly consistent for the five

antibiotics. For instance, the resistance rates for meropenem are 31.8% for NDM-1 and 35.6% for OXA-

48 in OXA-48 records, respectively. And the resistance rates to amoxiillin are 28.9% and 36.5% for

NDM-1 and OXA-48, respectively, in the OXA-48 records. These genotype–phenotype patterns are

visualized in Figure 3.
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Figure 3. Heatmap showing the percentage of phenotypically resistant observations for each antibiotic across

resistance gene categories

3.4 Association Between Resistance Gene Profiles and Phenotypic Resistance

Statistically significant associations with susceptibility classification and the recorded resistance gene

category were not found for any of the five types of antibiotics for the Chi-square analyses. The

association was weakest with meropenem (χ² = 2.77, p = 0.948) and the greatest chi-square resulted for

amoxicillin (χ² = 8.28, p = 0.407) as seen in Table 4. The associations among the available gene categories

and phenotypic susceptibility classifications were all very low, with all Cramer's V values less than 0.05.

Table 4. Association between resistance gene category and antibiotic susceptibility phenotype

Antibiotic χ² df p-value Cramer's V

Amoxicillin 8.276 8 0.407 0.043

Ciprofloxacin 4.590 8 0.800 0.032

Meropenem 2.770 8 0.948 0.025

Vancomycin 6.480 8 0.594 0.038

Colistin 3.579 8 0.893 0.029
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Results of this analysis suggest that there was no strong discrimination between the Resistant,

Intermediate and Sensitive phenotypes in this dataset using only the available category of resistance gene.

3.5 Machine-Learning Prediction of Antibiotic Resistance

Intermediate cases were not included and Resistant observations were paired against Sensitive

observations for primary binary machine-learning analysis. The resulting sample sizes for the two groups

were between 1,456 and 1,474 observations, depending on the type of antibiotic used. To avoid target

leakage, each antibiotic was removed from the predictor matrix. Overall predictive discrimination was

moderate for the five antibiotics. Significant results included Support Vector Machine with the highest

mean ROC-AUC (0.516), followed by Gradient Boosting and Random Forest, both of which had a mean

ROC-AUC close to chance level. Gradient Boosting achieved the best performance in terms of mean

accuracy (0.506) and mean F1 score (0.470). The performance of the models is presented in a comparison

in Table 5.

Table 5. Mean predictive performance of machine-learning algorithms across the five antibiotic targets

Model Accuracy Precision Sensitivity Specificity
F1-

score

ROC-

AUC

PR-

AUC

Logistic Regression 0.485 0.495 0.410 0.566 0.441 0.485 0.507

Decision Tree 0.494 0.499 0.381 0.612 0.411 0.488 0.508

Random Forest 0.492 0.500 0.443 0.546 0.462 0.492 0.522

Support Vector

Machine
0.487 0.494 0.437 0.539 0.458 0.516 0.536

Gradient Boosting 0.506 0.516 0.446 0.573 0.470 0.493 0.513

For individual antibiotics, Gradient Boosting had the best ROC-AUC of 0.533 for amoxicillin, Support

Vector Machine the best ROC-AUC of 0.541 for both ciprofloxacin and vancomycin. Random Forest and

Decision Tree had the highest ROC-AUC for colistin (0.516 and 0.519, respectively), and for meropenem,

Random Forest and logistic regression had the highest values (0.516 and 0.514, respectively). Even so,

none of the models showed good discrimination with all best antibiotic-specific ROC-AUC values being

around 0.52 to 0.54.

The ROC curves presented in Figure 4 also highlight the lack of separation between resistant and

sensitive observations. The curves were close to the diagonal reference line, indicating that the

information available for the phenotype, gene, demographic, specimen and testing variables was limited

in their ability to predict the binary resistance outcomes.
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Figure 4. Receiver operating characteristic curves comparing machine-learning classifiers for ciprofloxacin

resistance prediction

3.6 Comparative Contribution of Phenotypic and Resistance Gene Features

To assess the effect of using gene and phenotypic data to enhance the prediction of resistance, the

Random Forest models were also tested with phenotypic-only, gene-plus-contextual, and gene-plus-

phenotype models. The data for each of the five antibiotic targets are reported as means in Table 6.

Table 6. Mean Random Forest performance according to predictor configuration

Predictor configuration Accuracy F1-score ROC-AUC PR-AUC Sensitivity Specificity

Phenotypic features only 0.501 0.471 0.509 0.518 0.443 0.557

Gene + contextual features 0.472 0.462 0.474 0.507 0.457 0.491

Combined features 0.492 0.462 0.492 0.522 0.443 0.546

The models with phenotypic data only had the highest mean ROC-AUC score of 0.509 and the highest

mean accuracy score of 0.501. The overall ROC-AUC was not improved by adding resistance gene and
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contextual information, but the combination of resistance gene and contextual information resulted in a

slightly higher PR-AUC of 0.522. The comparison shown in Figure 5 suggests that the three

configurations were comparable and achieved near chance discrimination.

Figure 5. Comparison of mean ROC-AUC and PR-AUC across phenotypic-only, gene-plus-contextual, and

combined Random Forest predictor configurations

Overall, balanced susceptibility was found, as well as a relatively even distribution of the resistance gene

categories, but the resistance genes exhibited weak univariate associations with phenotypic susceptibility

and machine-learning models had limited predictive discrimination. The results thus indicate that the

variables included in this dataset account for resistance status descriptively, but are not enough to reliably

predict resistance when the susceptibility result for the antibiotic of interest is excluded from the predictor

matrix.

4. Discussion

In the present work, the feasibility of predicting antibiotic-specific resistance was assessed by the

combination of phenotypic susceptibility, resistance gene profile, and contextual variables by supervised

machine-learning algorithms. The susceptibility categories were fairly equally distributed for the five

antibiotics and the VIM, OXA-48, KPC and NDM-1 were observed at comparable rates. But the weak

associations between recorded resistance genes and phenotypic susceptibility and the modest

discrimination in the models indicate that other genes or gene combinations must significantly influence

the individuals that are susceptible to Armillaria. The results suggest that the use of predictive models and
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the choice of algorithm is only as successful as the biological richness, granularity and independence of

the available features.

The relative performance of Logistic Regression, Decision Tree, Random Forest, Support Vector Machine

and Gradient Boosting across the datasets and resistance targets is consistent with the evidence of the

large variance in machine-learning performance across different datasets and resistance targets. There

have been significant variations in model discrimination across different reviews due to variations in

organisms, antibiotics, sample size, feature construction and validation methods (Lv & Wang, 2024).

These issues also exist in the prediction of AMR in genomic and clinical applications, where success in a

small set of data may fail to extend to larger populations (Kim et al., 2022). As such, the limited results

shown here should be interpreted as indicative of the lack of predictive power within the variables

available rather than as a failure of machine learning. This presentation is significant as the class

distributions were nicely balanced so that the concern that poor discrimination was due to severe outcome

imbalance was diminished. The results instead suggest that the lack of feature specificity and low

molecular resolution are the most likely limitations to predictive performance.

Previous studies have demonstrated that richer genomic representations can lead to better resistance

prediction. In several bacterial species, whole genome sequencing and engineered genomic features have

helped predict (Van Camp et al., 2020; Ren et al., 2022). The use of feature extraction has helped to

improve AMR modelling in Acinetobacter baumannii by identifying informative determinants (Gao et al.,

2024). It has been predicted that the whole genome sequence of E. coli can be used to predict the

susceptibility to cefepime and other resistance patterns (Humphries et al., 2023; Wan et al., 2026). The

copy-number information can also generalize better than single nucleotide polymorphisms (SNPs) in

some cases (Fistarol et al., 2025). These results indicate that single categorical resistance-gene variable is

less informative than high-dimensional genomic profiles.

Biologically plausible weak genotype–phenotype relationships are also observed. Phenotypic resistance is

not always directly correlated with the presence of resistance genes because expression levels, regulatory

mechanisms of resistance genes, plasmid context, compensatory mutations and interactions between

resistance genes can alter susceptibility. There is considerable genotype–phenotype variation among

bacterial isolates (Petrin et al., 2023). AMR databases also demonstrate that resistance is not necessarily

attributed to a single gene, allele, mutation or regulatory change, but to combinations of these (Alcock et

al., 2023). In this regard, the use of wider sets of genomic features and multivariate learning methods is

increasingly emerging in studies looking for unknown resistance determinants (Sunuwar &Azad, 2021).

The predictor-configuration analysis revealed that the inclusion of resistance-gene and contextual

variables did not noticeably further enhance ROC-AUC over the phenotypic variables. This is important

for susceptibility data from surveillance, as the predictive value might rely strongly on previous

phenotypic trends and the local epidemiology (Valavarasu et al., 2025). In E. coli, similar susceptibility-
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prediction frameworks indicate that the usefulness of models depends on the structure and

representativeness of the input data (Talamantes-Becerra et al., 2024). Comparative studies on other

organisms also show that the performance of the algorithm varies depending on the resistance mechanism

and the availability of the features (Liu et al., 2020; Noman et al., 2023).

The findings also further confirm the need to be methodologically transparent. The need for careful

preprocessing, leakage prevention, appropriate partitioning and biologically meaningful feature selection

are highlighted by genomic machine-learning guidance (Orcales et al., 2024). This is important because

the inclusion of the susceptibility result for the specific antibiotic would inflate the performance.

Exclusion of each individual target antibiotic from its own predictor set resulted in more conservative and

methodologically sound estimates.

Richer genomic profiles, multicenter samples, external validation and explainable AIs should be included

in future studies. The integration of detailed genomic information with comprehensive validation

frameworks is supported by marker-discovery research in E. coli and systematic reviews (Moat et al.,

2025; Ardila et al., 2024). When informative data are available, broader AI approaches can be used to

enhance resistance surveillance, therapeutic optimization and precision antimicrobial selection (de la

Lastra et al., 2024; Bano et al., 2025). However, before models can be used in routine decision making,

they must be validated, interpretable, and generalizable (Cesaro et al., 2025; Singh et al., 2026). In

general, the integration of phenotypic susceptibility with only a few resistance-gene categories is possible,

but more molecular data seems to be required to achieve more accurate and useful resistance prediction.

5. Conclusion

This study showed how machine learning can predict antibiotic resistance, using a combination of

phenotypic susceptibility patterns, resistance gene profiles and contextual characteristics. The distribution

of phenotypic susceptibility to amoxicillin, ciprofloxacin, meropenem, vancomycin and colistin was

relatively balanced, as were the representation of KPC, NDM-1, OXA-48 and VIM resistance genes. The

associations of resistance gene categories with phenotypic susceptibility, however, were weak, reflecting

the fact that the resistance patterns observed could not be explained by individual gene categories. Modest

predictive discrimination was further shown through comparative evaluations of Logistic Regression,

Decision Tree, Random Forest, Support Vector Machine and Gradient Boosting and was comparable to

chance for antibiotic-specific outcomes. The addition of resistance gene and contextual data did not

significantly enhance the overall discrimination added to that of the phenotypic data. The results highlight

the biological richness, specificity and quality of the predictor variables, not just the algorithm complexity,

as being important to machine-learning performance. The modelling strategy was also leakage-safe,

which meant it gave conservative performance estimates as well as methodologically sound. Future

studies need to include detailed genomic information, more multicenter populations, longitudinal

surveillance data, external validation, and explainable artificial intelligence (XAI) techniques. These
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improvements can help with genotype–phenotype characterization and with the construction of accurate,

meaningful, and clinically applicable antibiotic resistance prediction systems.
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