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Abstract 

Antimicrobial resistance is an increasingly paramount issue that deserves a variety of methods 

to combat. The use of machine learning models for surveillance of antimicrobial resistance 

utilizes the ability of learning algorithms to recognize patterns in evolution that have otherwise 

been exploited in microbial evolution modeling; however, current models focus on 

retrospective knowledge rather than describing future antibiotic resistance genes, thus creating 

a need. This model focuses on forecasting likely antibiotic resistance genes in E. coli. 

Keywords: Machine learning models, antibiotic resistant genes, antimicrobial crisis 
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A Machine Learning Model to Forecast Future Antibiotic-Resistant Genes  

Antimicrobial resistance (AMR) is the adaptation of bacteria to antimicrobial medicine 

and was estimated to be directly responsible for 1.27 million global deaths in 2019 (World 

Health Organization, 2023). Furthermore, global AMR-related deaths are continuously growing, 

with an annual increase of 68% to 75% each year (Patra et al., 2025). The prevalence of global 

resistance levels has also shown an increase, for instance, one study reported the median rates 

from 76 countries for third-generation cephalosporin-resistant E. coli in 2022 was 42%, a rise 

from the 36% reported by 49 countries in 2020 (World Health Organization, 2020). These 

increases are driven by several factors, including misuses of antibiotics in humans, plants, and 

animals, and improper dosing frequency (Patra et al., 2025 

Despite the growing ineffectiveness of antibiotics, they remain critical to modern 

medicine. Notably, antibiotics are vital for surgery, childbirth, infection treatment, and cancer 

chemotherapy (World Health Organization, 2023). Considering this, the noted increases are 

even more concerning. Therefore, a diverse set of tools are continuously being developed to 

fight against the crisis. 

Impact of COVID-19 Pandemic on AMR 

In the years before the SARS-CoV-2 pandemic, more commonly called COVID-19, 

attempts to mitigate the growing resistance had been proving more successful (Lee et al., 

2013). However, a systematic review of 23 studies done during the pandemic revealed 

increased resistance in multiple bacterial species (Sulayyim et al., 2022). For instance, one study 

found that resistance to the antibiotics imipenem, meropenem, and ciprofloxacin had absolute 
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increases of 32.3%, 36.8%, and 22.6%, respectively (Despotovic et al., 2021). These increases 

were likely due to self-medication, premature antibiotic administration and improper use of 

antibiotics within the healthcare system (Sulayyim et al., 2022). This spike resulting from the 

SARS-CoV-2 pandemic makes AMR even more critical. Thus, the need for tools to combat AMR 

becomes increasingly vital. 

Strategies to combat antibiotic resistance 

 There are multiple strategies for combatting AMR, such as the development of novel 

antibiotics. However, this is often expensive and not financially rewarding for pharmaceutical 

companies, thus discouraging production altogether (Gargate et al., 2025). Alternative 

treatments have also been explored, but face developmental hurdles (Alaoui Mdarhri et al., 

2022). Antibiotic stewardship, the measurement and improvement of how antibiotics are 

prescribed, is also a valid tactic, though it has been shown to be less effective in recent years 

(Sulayyim et al., 2022). Finally, many medical professionals and researchers alike utilize 

surveillance of AMR. 

 Surveillance of AMR involves the collecting, analyzing, and reporting of data on 

organism susceptibility patterns, and can inform health policies, such as antibiotic stewardship, 

and emergency response, improve patient care, and identify long-term trends (Robillard et al., 

2024, Rannon et al., 2025). While surveillance systems themselves are not a perfect tactic for 

AMR, they still provide critical information as to the current state of microbial resistance.  

Emerging computational strategies  
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One way in which surveillance is done is through Machine Learning Models (MLM), 

which excel at pattern recognition and thus have been applied to the AMR crisis in a multitude 

of ways. For instance, Machine Learning algorithms have been developed to recognize 

antibiotic resistance genes (ARG) without the need for a predefined database. Importantly, a 

MLM that also utilizes biological information to identify truly novel ARGs within a sequence, 

named Detection of Resistance to AntiMicrobials using Machine-learning Approaches 

(DRAMMA), demonstrated high performance and was able to successfully annotate gene 

segments with no known function as ARGs, suggesting their novelty (Rannon et al., 2025). The 

success of this model in predicting entirely unknown, novel purposes of gene segments 

suggests the capabilities of MLM for novel gene prediction. However, little to no known 

research has exploited this to forecast future antibiotic resistance genes, instead focusing on 

retrospective analysis.  

Relevance of Microbial Evolution Modeling 

In a separate but related field to AMR surveillance, microbial evolutional modeling also 

exploits patterns across long periods of time. This allows for the ability of models and principals 

to characterize evolution quantitively in microbes, with a forward-looking predictive lens. A 

well-established method, for example, called the Wright-Fisher process can accurately 

represent the long-term behavior of two competing genetic variants within a population, given 

certain numerical data under specific conditions. (Good & Hallatschek, 2018). Importantly, 

these models use known variants to describe future populations, instead of describing future 

variants as this project proposes. However, these models demonstrate patterns within 
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microbial evolution, and the ability to quantitively characterize microbial evolution, albeit it 

with limits. This thus creates a need to test whether a MLM, which excels at pattern 

recognition, could exploit retrospectively observed structures to make predictions about future 

variants.  

Section II: Specific Aims 

This proposal’s objective is to create and test if a multi-modal Machine Learning Model 

will be able to forecast likely characteristics of future ARGs.   

 

Our long-term goal is to proactively inform and improve health responses, where the 

central hypothesis of this proposal is to test if a Machine Learning Model that considers 

sequence, function, and mobility will be able to forecast likely characteristic of future ARGs 

with accuracy exceeding chance-level. These characteristics will include likely mutations spots, 

likely base-pair mutations, and likely functions. The rationale is that recent advances in MLM 

for AMR have shown the capabilities of MLM to predict completely novel information, as well 

as the demonstrated patterns in microbial evolution observed in microbial evolution modeling.  

The work we propose here will create a multi-modal machine learning model for predicting 

likely characteristic of future antibiotic-resistant genes.  

Specific Aim 1: Train a Tri-Modal Model on ARG Data   

Specific Aim 2: Model Forecasting and Validation 

Specific Aim 3: Test And Compare Different Model Type Accuracies, Extract Important 

Information 
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The expected outcome of this work is a MLM framework based on three distinct types 

of biological data sources, the forecasting of likely future ARG characteristics with an above 

chance-level accuracy, and comparison of accuracies of different model types and their 

resulting information, such as important features for prediction.  

Section III: Project Goals and Methodology 

Relevance/Significance 

The proposed project explores an under researched area in Machine Learning Models in 

predicting and describing future Antibiotic Resistance Genes. Such descriptions provide highly 

relevant and applicable information for the healthcare field, especially considering the global 

struggle with antibiotic resistance.  

Innovation 

Currently, no known Machine Learning Models address future characteristics of Antibiotic 

Resistance Genes, despite the evidence of evolution patterns and MLM’s capabilities. This 

proposes project will attempt to address this gap and open future research for forwards 

forecasting instead of solely retrospective prediction for ARGs.  

Methodology 

Five datasets for training and validation were downloaded from publicly available NCBI 

Sequence Read Archive (SRA) and focuses on laboratory E. coli. Two datasets consisting of 

laboratory E. coli strains in long-term evolution experiments will be used for training, and one 

will be split into training and testing data for later use (Crozat et al., 2005; Knöppel et al., 

2018 ). A separate dataset will be collected from a longitudinal study of clinical E. coli strains to 



Machine Learning Model for Antibiotic Resistance       Peterson  9 

 

 

help improve versality and avoid overfitting the model during training and will also be split into 

testing and validation (Kallonen et al., 2017). The last training dataset is on the evolutionarily 

distinct bacteria, Bacillus subtilis lab strains, to avoid extreme focus on E. coli, alone (Brown et 

al., 2011). An additional dataset not used previously used on bacteria Acinetobacter baylyi will 

be used to test versatility of the model (Jezequel et al., 2013). These datasets will be annotated 

using well-established and tested models for gene information, protein function, and mobility 

indicators.  A base line linear regression and random forest model will be tested to find which is 

optimal. Statistical analysis will be done to assuage accuracy. 

Specific Aim #1:  

Determine the optimal number of features and optimal feature selection. The objective 

is to train a tri-modal model on ARG data. Our 

approach will download four datasets for training 

from publicly available NCBI Sequence Read 

Archive (SRA) and focuses on laboratory E. coli. 

Two datasets consisting of laboratory E. coli 

strains in long-term evolution experiments will be 

used for training. A separate dataset will be 

collected from a longitudinal study of clinical E. coli strains to help improve versality and avoid 

overfitting the model. Finally, a final dataset on the evolutionarily distinct Bacillus subtilis lab 

strains will also be used to avoid extreme focus on E. coli, alone. These datasets will be 

annotated using well-established and tested models for gene information, protein function, and 

Figure 1 Example effect of number of features on model 
performance. Effect of number of features on DRAMMA's mean 
AUROUC score, left. Effect of number of features on the model 
mean AUPR score, right. (Rannon et al., 2025) 
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mobility indicators. Our rationale for this approach is that these steps are typically used for 

Machine Learning Models. Additionally, the data downloaded is from a credible, national 

source, adding to the integrity. The use of multiple datasets of E. coli avoids overfitting the 

model to one population, and the use of a clinical dataset also helps avoid this. Additionally, 

while the model more so acts as a proof of concept in laboratory strains, as they are much less 

noisy, the use of clinical data will act as an indicator of clinical applicability. The separation of 

the training datasets into both training and testing ensures the testing results are valid and not 

a result of overfitting. The additional bacteria strain dataset for validation also tests versatility.  

The specific number and which features are utilized will be determined by the Machine 

Learning Model, itself. For instance, Random Forest Models have a built-in feature importance, 

known as impurity-based importance, which indicates the optimal number of features and 

which features are most indicative based on the percentage of correct sorting (Figure 1) 

(Rannon et al., 2025). 

 Justification and Feasibility. The model is multi-modal, meaning it considers 

three forms of biological input for final forecasts. For these modals, three feature streams will 

be used : one focusing on genetic sequencing data, including k-

mers, GC content, motifs, and known mutation patterns; another 

focusing on the functional features, such as protein function, 

protein structure, and enzyme class; and a final focusing on 

mobility features, including the presence of transposable 

elements, plasmid association, and proximity to mobile genetic 

 

Figure 1: Pacific sand lance (Ammodytes 
hexapterus) burrowing into the sand. Mandy 

Lindeberg, NOAA/NMFS/AKFSC - 

http://www.photolib.noaa.gov/htmls/fish1917.htm 
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elements. These features and feature grouping are similar to previous successful works 

(Rannon et al., 2025).  

Summary of Preliminary Data. Will be done later  

Expected Outcomes. The overall outcome of this aim is to build a machine learning 

model that can describe future antibiotic resistance genes with an accuracy higher than chance-

level. This knowledge will be used for further fine-tuning to improve accuracy and as a proof of 

concept of the ability of MLM to forecast specific traits of future antibiotic resistance genes.  

Specific Aim  

Determine the accuracy of the model. My approach is to test with a variety of statistical 

analysis tests, including PR-AUC and accuracy matrixes. This meets common practices for 

analyzing performance of machine learning models.  

 Justification and Feasibility. PR-AUC is especially 

considered standard practice for machine learning 

models handling antibiotic resistant genes as they are 

better with biased data. Given that ARG are much rarer 

within a genome than genes serving other purposes, this 

is especially important. Confusion matrixes are intended for binary classification as they display 

true positives, false positives, true negatives, and false negatives, as shown in the figure of 

confusion matrix structure (Horák et al., 2017). 

Figure 2 Example confusion matrix 
structure, where P is positive, N is negative 

(Horák et al., 2017). 
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 Summary of Preliminary Data. Will be done later 

Expected Outcomes. The overall outcome of this aim is to 

find measures of performance of the model’s abilities. This 

knowledge will be used in the next specific aim to compare 

substitutional model options performance with this baseline for 

the optimal options.  

Specific Aim #3:  

Compare and determine multiple model types, different 

feature selections, and different parameters for optimal 

accuracy of the model. My approach is to test with a variety of 

statistical analysis tests, including PR-AUC and accuracy matrixes 

and then compare from the established baseline in Specific Aims 

#2. This meets common practices for analyzing performance of 

machine learning models.  

 Justification and Feasibility. PR-AUC is especially considered standard practice for 

machine learning models handling antibiotic resistant genes as they are better with biased 

data. Confusion matrixes are also especially good for binary classification. The comparison of 

multiple model types is typical within the field.  

 

Figure 1: Pacific sand lance (Ammodytes 
hexapterus) burrowing into the sand. Mandy 

Lindeberg, NOAA/NMFS/AKFSC - 

http://www.photolib.noaa.gov/htmls/fish1917.htm 
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 Summary of Preliminary Data. Will be done later 

Expected Outcomes. The overall outcome of this aim is to 

find measures of performance of the model’s abilities. This 

knowledge will be used in the next specific aim to compare 

substitutional model options performance with this baseline for 

the optimal options.  

Potential Pitfalls and Alternative Strategies. I expect that 

data preparation may be difficult and the resulting dataset sizes may be small. This, and 

downstream analysis for annotated datasets may lead to lower levels of accuracy.  

Section III: Resources/Equipment 

The model requires very little resources, with the main requirements being datasets and a code space. 

Google Colab will be used to code the project as it provides necessary storage space. Datasets will be 

taken from publicly accessible databases.   

Section V: Ethical Considerations 

As with all Machine Learning Models, it is possible for the gained knowledge to be used in a 

harmful manner. In consideration of this, code will not be shared freely as to disrupt easy 

replication.  

Section VI: Timeline 

Nov 1st - Dec 19th: Build baseline model.  

Dec. 19 - Dec. Jan. 1st: Expand upon model 

Jan. 1st- Jan. 20th: Use various model types and compare 

Jan. 20th – February 10th: Finalizing optimal features, model type, final accuracy testing 

 

 

 

Figure 1: Pacific sand lance (Ammodytes 
hexapterus) burrowing into the sand. Mandy 

Lindeberg, NOAA/NMFS/AKFSC - 

http://www.photolib.noaa.gov/htmls/fish1917.htm 
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