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n	 INTRODUCTION 

Antibiotics have transformed the practice of 
medicine and saved millions of lives from 

bacterial infections. However, antimicrobial resist-
ance (AMR) has emerged as a global public health 
emergency, driven by antibiotic misuse, the exten-
sive use of antibiotics in agriculture, the spread of 
healthcare-associated pathogens, and environ-
mental transmission. Conventional therapies are 
becoming less effective due to the emergence and 
spread of resistance to antibiotics, such as multid-

rug-resistant Mycobacterium tuberculosis (MDR-
TB),Vancomycin-resistant Enterococcus (VRE) and 
methicillin-resistant S. aureus (MRSA) [1-3]. Car-
bapenem-resistant Gram-negative pathogens rep-
resent a particularly urgent component of the 
AMR crisis. In particular, carbapenem-resistant 
Klebsiella pneumoniae (CRKP), carbapenem-resist-
ant Acinetobacter baumannii (CRAB), and carbape-
nem-resistant Pseudomonas aeruginosa (CRPA) are 
associated with limited therapeutic options, high 
treatment complexity, and substantial clinical and 
public-health burden [4, 5]. According to the 2024 
WHO bacterial priority pathogens list, carbapen-
em-resistant Gram-negative bacteria – including 
Enterobacterales – are designated as critical-prior-
ity pathogens, necessitating accelerated research, 
strengthened surveillance, diagnostic innovation, 

A comprehensive review of AI 
innovations for tackling antimicrobial 
resistance
Tahani Alkalaf1, Emel Eker2, Osman Albarri3, Manaf AlMatar1

1Biology Department, Faculty of Education and Arts, Sohar University, Sohar, 311, Sultanate of Oman; 
2Department of Pharmaceutical Microbiology, Faculty of Pharmacy, Harran University, Sanlıurfa, 63300, Turkiye; 
3Department of Biotechnology, Institute of Natural and Applied Sciences, Çukurova University, 01330, Balcalı, 
Adana, Türkiye.

Article received 25 May 2026 and accepted 09 August 2026

Corresponding author
Manaf AlMatar
E-mail: manafmatar1985@gmail.com; mmatar@su.edu.om 

SUMMARY

Antimicrobial resistance (AMR) represents a major 
global public health concern, rendering available an-
timicrobials ineffective and leading to infections that 
are difficult to treat. Artificial intelligence (AI) has been 
increasingly applied across the AMR continuum, in-
cluding resistance prediction, rapid diagnostics, new 
antimicrobial discovery, drug repurposing, antimicro-
bial surveillance, and clinical decision support. In this 
review, we aim to highlight recent developments in the 
use of artificial intelligence (AI) to address antimicro-
bial resistance (AMR). In addition, we review computa-
tional methods that help interpret genomic, phenomic, 
clinical, and epidemiological data to support the devel-

opment of treatment strategies and novel antimicrobial 
agents. The key issues addressed include data quality, 
model interpretability, external validation, regulatory 
requirements, privacy, and fairness. While AI is not a 
complete solution to AMR, it can certainly strengthen 
the global AMR response by complementing key areas 
of AMR such as antimicrobial stewardship, infection 
prevention, laboratory diagnostics, and global surveil-
lance.
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and the rapid development of novel therapeutic 
strategies. This further underlines the significance 
of the use of AI-based systems for rapid resistance 
prediction, genome surveillance, antibiotic discov-
ery, and clinical decision support for the treatment 
of carbapenem-resistant infections [6]. The major 
problem lies in the fact that bacterial adaptation 
exceeds the development of new drugs, making 
the “one drug-one enzyme” approach less appli-
cable. Various approaches such as phages, antimi-
crobial peptides (AMPs), and CRISPR-Cas are cur-
rently being investigated, although all of them 
have considerable limitations [7]. AI, particularly 
machine learning (ML) and deep learning (DL), 
has shown considerable promise in addressing 
AMR. With the capability of processing large vol-
umes of data through electronic health records 
(EHRs), genomic sequences and bioactivity 
screening, AI can help to understand resistance 
mechanisms, predict AMR trends, and develop 
new drugs quickly [8-10]. The benefits of AI-based 
solutions in terms of real-time decision-making 
and improvement of public-health intervention 
through genomics surveillance and predictive an-
alytics are not available with traditional approach-
es. An overview of the major applications of AI in 
combating antimicrobial resistance is presented in 

Figure 1. In this review, the uses of AI in four main 
areas – antimicrobial discovery and repurposing, 
diagnostics and resistance prediction, clinical de-
cision support, and AMR surveillance – are dis-
cussed. This categorical framework diverges from 
monolithic AI by emphasizing the distinct data 
inputs, outputs, and practical hurdles encoun-
tered in each area.

n	 METHODS

This article is a narrative review, giving a broad 
overview and critical discussion of the current ap-
plications of artificial intelligence (AI) in antimi-
crobial resistance (AMR). A narrative review de-
sign was chosen because the purpose was to re-
view a wide and multi-faceted rapidly evolving 
field, and not to answer a very specific clinical 
question or to perform a meta-analysis. A struc-
tured literature search was conducted to increase 
transparency and reproducibility on the PubMed, 
Scopus, Web of Science, and Google Scholar data-
bases. Three major concepts were combined in the 
search strategy, these are antimicrobial resistance, 
artificial intelligence and clinical or translational 
applications. Search terms used were: “antimicro-
bial resistance,” “antibiotic resistance,” “AMR,” 

Figure 1  
AI-driven 

approaches combat 
antimicrobial 
resistance by 

improving diagnosis, 
guiding drug 

development, and 
enabling predictive 

AMR surveillance.
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“artificial intelligence,” “machine learning,” “deep 
learning,” “neural network,” “drug discovery,” 
“drug repurposing,” “genomic surveillance”, “an-
timicrobial susceptibility testing,” “clinical deci-
sion support,” “phage therapy” and “antimicrobi-
al peptides.”
Articles were considered if they were written in 
English language, covered bacterial AMR or infec-
tion disease management, and mentioned any 
form of AI, machine learning, deep learning, or 
predictive methods for AMR control. Studies were 
deemed relevant if they addressed antimicrobial 
discovery, drug repurposing, diagnostics, antimi-
crobial resistance prediction, clinical decision sup-
port, AMR surveillance, alternative therapeutic 
strategies, and ethical and implementation chal-
lenges. Articles that were not directly related to 
bacterial AMR, did not mention AI or computa-
tional methods, only discussed non-bacterial in-
fections but not related to AMR, were duplicates, 
could not be translated into English, or were lack-
ing in scientific details were excluded. The litera-
ture reviewed and analyzed was then grouped by 
theme corresponding to the key application areas 
of AI in AMR. The synthesis aimed at comparing 
AI approaches with regard to the following: data 
requirements, strengths, limitations, clinical rele-

vance, interpretability, validation requirements, 
and readiness for clinical translation.

Mechanisms of AMR in Bacteria
AMR arises from a multifactorial process wherein 
genetic, biochemical, and structural adaptations 
within bacteria impair the ability of antimicrobial 
agents to effectively kill them [11]. There are five 
major mechanisms involved such as enzymatic in-
activation of antibiotics, modification of the anti-
microbial target, reduced membrane permeability, 
active drug efflux and horizontal gene transfer of 
resistance genes. In both Gram-positive and 
Gram-negative bacteria, efflux pumps are crucial 
in either actively pumping antimicrobial agents 
out of the cell or lowering the intracellular levels 
of drugs. These systems comprise large families of 
transporters including ATP-binding cassette, ma-
jor facilitator, small multidrug resistance, multid-
rug and toxic compound extrusion, and resist-
ance-nodulation-division transporters that have 
been linked to resistance to a number of antibiotic 
classes [12-15]. Target modification is another im-
portant resistance mechanism that can occur as a 
result of mutations or changes in the sequence of 
the bacterial target, in this case, a change in the 
sequence of topoisomerase IV, DNA gyrase, peni-

Figure 2  
The main strategies 
used by bacteria 
for antimicrobial 
resistance include 
enzyme-mediated 
inactivation, 
alteration of 
targets, reduced 
permeability, active 
efflux, formation 
of biofilms, 
and horizontal 
gene transfer. 
When operating 
individually or in 
combination, these 
strategies lead to 
multidrug-resistant 
organisms and are 
major impediments 
to diagnosis and 
treatment.
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cillin-binding proteins, or cell-wall precursors. 
These changes may lead to decreased binding of 
antibiotics and resistance to agents such as 
β-lactam, glycopeptides, macrolides, oxazolidi-
nones, and fluoroquinolones [16, 17]. In Gram-neg-
ative bacteria, resistance can occur through re-
duced permeability, resulting from either a de-
crease in the number of porins or structural modi-
fications. In addition, structural modification of 
the outer membrane may reduce susceptibility to 
last-resort antimicrobials such as colistin [18, 19]. 
Biofilm formation is another important factor that 
increases resistance through three major mecha-
nisms: limiting antimicrobial penetration into bac-
terial cells, suppressing metabolic activity, and 
protecting bacteria from environmental stressors 
and the host immune system [20]. Plasmids and 
integrons further facilitate the rapid transfer of re-
sistance genes among bacteria [21, 22]. These re-
sistance determinants commonly work together, 
creating multidrug-resistant phenotypes that are 
hard to detect, manage, and monitor. This over-
view is relevant to the current review, as AI tools 
can integrate genomic, clinical, and epidemiologi-
cal data to envisage resistance, uncover novel 
markers, and facilitate drug discovery (Figure 2).

Conventional approaches to fight AMR
Traditional approaches to addressing AMR, such 
as antimicrobial stewardship, infection control 
measures, educational campaigns, and other pub-
lic-health initiatives, remain essential [23]. These 
approaches can help reduce the misuse of antimi-
crobial drugs and control the spread of resistant 
microorganisms; however, their effectiveness is 
often limited by unequal access to resources and 
differences in healthcare systems [24]. AI may be 
beneficial in this context by supporting data-driv-
en decision-making in diagnostics, drug discov-
ery, antimicrobial prescribing, and AMR surveil-
lance. For example, machine learning and deep 
learning models can accelerate compound screen-
ing and retrosynthesis prediction [25, 26].

Alternative therapies: pioneering strategies  
to combat AMR
AMR is a rapidly emerging global public health 
problem affecting human, animal, and environ-
mental health under the One Health framework. 
Multidrug-resistant (MDR), extensively drug-re-
sistant (XDR) and pandrug-resistant (PDR) strains 

of pathogens such as S. aureus, K. pneumoniae, A. 
baumannii, P. aeruginosa, and E. coli are becoming 
increasingly prevalent [27]. These drug-resistant 
pathogens have diminished the efficacy of many 
traditional antibiotics, including those considered 
last-resort agents, and pose a major challenge to 
healthcare, agriculture and veterinary services. 
This situation has encouraged investigation of al-
ternative strategies such as phage therapy and 
AMPs, and have yielded positive outcomes. The 
use of bacteriophages to target and lyse antibiot-
ic-resistant bacteria and leave beneficial bacteria 
untouched, known as phage therapy, has demon-
strated success in treating infections such as S. au-
reus and Achromobacter spp in cystic fibrosis (CF) 
patients [28]. Phages have also proven to be effec-
tive in degradation of antibiotic-resistant biofilms 
[29]. Despite their promise, there are several chal-
lenges to address such as the narrow host range of 
phages, horizontal gene transfer, and complex in-
teractions with the human immune system [30, 
31]. New technologies such as CRISPR-Cas tech-
nology and Bacteriophage Recombineering of 
Electroporated DNA (BRED) have been used in 
optimizing phage therapy. In an effort to develop 
safe and effective phages for use in the treatment 
of diseases in the clinical environment, AI algo-
rithms are currently used to make predictions on 
the specificity of phages as well as guide their ge-
netic engineering [32]. AMPs are small oligopep-
tides with the range of 15-150 amino acid residues 
that exhibit broad spectrum antimicrobial activi-
ties. They have received much interest due to their 
capability to kill clinically resistant microorgan-
isms such as P. aeruginosa, K. pneumoniae, MRSA 
and E. faecalis [33]. Models based on AI are being 
utilized extensively for the development of alter-
nate antimicrobial approaches that include the pri-
oritization of potential compounds with high ac-
tivity, enhanced stability, and minimal toxicity 
levels [34, 35]. For AMPs, tools such as AMP-De-
signer, MoFormer, and HMAMP support peptide 
generation, toxicity prediction, and activity opti-
mization [36-38]. In aptamer research, platforms 
such as DeepAptamer, AptaDiff, and AIoptamer 
can assist in binding-affinity prediction, de novo 
sequence generation, and stability optimization 
[39, 40]. AI may also support the design of target-
ed delivery systems, including aptamer-nanopar-
ticle conjugates and RNA-based delivery plat-
forms, by improving target specificity and predict-
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ed bioavailability [41]. However, these approaches 
still require experimental validation and clinical 
evaluation before routine use in AMR manage-
ment (Figure 3).

AI in Antimicrobial Drug Discovery  
and Repurposing
The development of novel antibiotics has been 
slow, costly, and insufficient to meet the rising 
challenge posed by antimicrobial resistance. Tradi-
tional methods of drug discovery involve the cre-
ation of vast compound libraries based on known 
modes of action and followed by their extensive 
screening for activity and toxicity. According to 
the 2023 WHO antibacterial pipeline analysis, 16 
new antibacterial agents had received regulatory 
approval by stringent regulatory authorities or 
WHO-listed authorities since July 2017; however, 
the overall level of innovation remains limited, 
and the current pipeline is still insufficient to ad-
dress the growing burden of infections caused by 
multidrug-resistant pathogens [42]. Although 
some recently approved antibiotics have expand-
ed treatment options, many are merely derivatives 
or combinations of existing antibiotic classes rath-
er than genuinely novel modes of action. For ex-

ample, vaborbactam is a serine β-lactamase inhib-
itor used in combination with meropenem to re-
store β-lactam activity against selected β-lactama-
se-producing Gram-negative bacteria. Therefore, 
vaborbactam should be described as an evolution 
within the established β-lactam/β-lactamase in-
hibitor strategy, rather than as a novel antibacteri-
al mechanism [43]. In contrast, agents such as le-
famulin are more appropriately discussed as ex-
amples of antibacterial innovation because they 
act through a distinct mechanism involving inhi-
bition of bacterial protein synthesis at the peptidyl 
transferase center [44, 45]. This highlights the need 
for new approaches to accelerate the drug discov-
ery process, especially for XDR pathogens. AI can 
support antibacterial drug discovery by accelerat-
ing compound screening, predicting antimicrobial 
activity, optimizing molecular structures, and pri-
oritizing candidates with more favorable predict-
ed safety profiles. This may include early in silico 
assessment of cytotoxicity, hemolytic activity, 
off-target effects, pharmacokinetic behavior, and 
absorption, distribution, metabolism, excretion, 
and toxicity (ADMET)-related risks before experi-
mental validation. AI can also be used for 
high-throughput screening of chemical libraries to 

Figure 3 
AI-supported 
alternative 
therapeutic 
strategies against 
antimicrobial 
resistance.  
AI can support 
non-traditional 
antimicrobial 
approaches by 
predicting phage-
host interactions, 
optimizing 
antimicrobial 
peptide sequences, 
improving 
aptamer binding, 
and enhancing 
targeted delivery-
system design. 
These strategies 
may complement 
conventional 
antibiotics, although 
experimental and 
clinical validation 
remain essential.
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find lead compounds, assist in the design of bio-
logics, and improve structure-activity relation-
ships for newly developed drug candidates, such 
as antibacterial drugs. These include AI optimiza-
tion of polymyxin derivatives with activity against 
carbapenem-resistant pathogens (CRPs) like 
SPR206, QPX9003/F365, and MRX-8 [46-48]. Drug 
repurposing through AI could provide yet another 
promising approach, considering that developing 
novel antimicrobials is a time-consuming and ex-
pensive process. With the use of chemical struc-
tures, bioactivities, genomics, transcriptomics, 
and pharmacological/clinical data, AI could find 
the molecules already used for some purpose but 
possessing antimicrobial activity. This approach 
can accelerate candidate prioritization, as repur-
posed drugs generally have well-established safe-
ty, pharmacokinetic, and manufacturing profiles. 
In terms of research related to AMR, AI-powered 
repurposing may help in identifying molecules 
that could inhibit bacteria, reverse the resistance to 
antibiotics, interfere with biofilm formation, or 
serve as synergists for current anti-microbial treat-
ments. One such compound is halicin which, al-
though investigated for another purpose, showed 
its effectiveness in inhibiting bacteria via the 
screening using deep-learning algorithm. Never-
theless, AI-generated repurposing hypotheses re-
quire microbiological validation, toxicity assess-
ment, pharmacodynamic evaluation, and clinical 
testing before translation into treatment for com-
plex infections [8, 9].

AI for Resistance Prediction and AMR Profiling
AI-based prediction models can support infec-
tious disease monitoring and AMR profiling by 
analyzing epidemiological, genomic, clinical, and 
phenotypic data. Machine learning and deep 
learning approaches have been used to identify 
outbreak patterns, predict resistance phenotypes, 
and detect genetic markers associated with anti-
microbial resistance [49]. Furthermore, AI-based 
predictive models are increasingly being used to 
anticipate the resistance characteristics of bacterial 
pathogens. Support vector machines (SVMs) are 
examples of supervised learning models that have 
been applied to predicting bacterial resistance us-
ing gene sequences and minimum inhibitory con-
centration (MIC) data in order to detect the AMR 
phenotype in bacteria such as E. coli, S. aureus, and 
P. aeruginosa. These models are capable of predict-

ing resistance mechanisms through identifying 
certain gene clusters associated with antimicrobial 
resistance, which would help in customizing treat-
ment and avoiding the spread of AMR pathogens. 
AI is increasingly applied to the investigation of 
pathogen-specific volatile organic compounds 
(VOCs) as biomarkers for infectious disease detec-
tion. VOCs appeared to offer a promising route to 
non-invasive diagnosis, obviating the need for tra-
ditional invasive sampling. Machine learning 
models are able to analyze the VOC data in order 
to distinguish pathogenic profiles [50]. Neverthe-
less, the use of AI for resistance profiling is not 
limited by mere prediction. Analyzing big data-
sets and finding resistance markers help scientists 
to learn more about genetic mechanisms behind 
the AMR phenomenon. Further developments are 
possible in the area of modeling by employing ad-
vanced methods like binary encoding and genetic 
algorithms which enhance their ability to predict 
and identify new resistance genes. Collectively, 
these approaches facilitate earlier detection of re-
sistance patterns.

AI in clinical diagnostics
In infections where patients face the risk of death, 
such as bacterial sepsis, meningitis, and toxic 
shock syndrome, fast and accurate diagnosis is 
key to achieving good results for the patient. Al-
though traditional diagnostic techniques includ-
ing culture-based antimicrobial susceptibility test-
ing (AST), polymerase chain reaction (PCR), 16S 
ribosomal RNA (rRNA) sequencing, and ma-
trix-assisted laser desorption/ionization time-of-
flight mass spectrometry (MALDI-TOF MS) re-
main the test of time as the gold standard, they 
come with their own drawbacks, including pro-
longed turnaround times, culture dependence, 
and variable sensitivity [51]. One of the solutions 
that are becoming more popular for dealing with 
this challenge is AI-based technologies, encom-
passing automation of processes, early detection 
and diagnosis. For example, models such as bidi-
rectional long short-term memory (BiLSTM) net-
works prioritize recent EHR data and utilize atten-
tion-weighting mechanisms to evaluate the rela-
tive significance of clinical variables. When evalu-
ated on 180,000 records from 600 hospitals, one 
such model achieved an area under the curve 
(AUC) of 0.94 [52]. Sepsis Early Risk Assessment 
(SERA) is another case where the structured EHR 



277AI innovations for tackling antimicrobial resistance

information and unstructured clinical notes are 
used together, employing the latent Dirichlet allo-
cation-based NLP technique. SERA can predict 
sepsis with a maximum of 0.94 accuracy over 12-
48 hours [11]. Also, COMPOSER is a deep learning 
method that employs conformal prediction along 
with the feedforward neural network, which pro-
vides a more generalized method for out-of-distri-
bution input detection. This system demonstrated 
an area under the receiver operating characteristic 
(AUROC) of 0.953 in the intensive care units 
(ICUs) and 0.945 in the emergency department, 
along with a 17% reduction in in-hospital mortali-
ty rate [53]. With regard to pathogen identifica-
tion, machine learning models that use Raman 
spectroscopy combined with convolutional neural 
networks (CNNs) have achieved up to 99% accu-
racy in classifying E. coli at the single-cell level 
[54]. In addition, the identification of bloodstream 
infection pathogens in 3D Quantitative Phase Im-
aging using CNNs have recorded an accuracy of 
82.5% for 19 different species. AI has been used 
together with whole-genome sequencing (WGS) 
for predicting AMR through identifying single-nu-
cleotide polymorphisms (SNPs) responsible for 
antibiotic resistance. For example, random forest 
models based on data from over 1,000 E. coli 
strains have reached AUROCs of 0.95 for several 
antibiotics [55]. Phenotypic methods, including 
Deep Antimicrobial Susceptibility Phenotyping, 
use fluorescence microscopy along with CNNs to 
differentiate between resistant and susceptible 
bacteria based on structural alterations. This meth-
od attains ≥84% accuracy in 30 minutes but still 
needs culture-based pre-processing before pro-
ceeding further [56]. AI-driven MALDI-TOF MS, 
with the help of the DRIAMS database that in-
cludes more than 300,000 mass spectra with 
768,000 AMR classifications, provides resistance 
predictions for 803 different microorganisms. Ma-
chine learning models, including LightGBM and 
multi-layer perceptrons, built based on those data-
sets can predict resistance to MRSA and ciproflox-
acin-resistant E. coli with AUROCs of 0.80 and 
0.74, respectively [57]. During the retrospective 
clinical reviews, AI-driven AMR models would 
change antibiotic choice in 9 out of 63 cases with 
an 89% agreement with laboratory results. Despite 
these innovations, however, several challenges re-
main. These include data standardization, linguis-
tic variability in clinical records, population bias, 

and the need for pathogen-antibiotic-specific algo-
rithms [11]. AI-based diagnostic models were 
widely explored during the coronavirus disease 
2019 (COVID-19) pandemic, including applica-
tions in reverse transcription PCR (RT-PCR) signal 
interpretation, blood-profile classification, variant 
detection, proteomic and metabolic analysis, and 
imaging-based diagnosis [58-63]. Although COV-
ID-19 is not a bacterial AMR condition, these ex-
amples demonstrate how AI can support rapid 
diagnostic workflows, automated pattern recogni-
tion, and clinical triage during infectious disease 
emergencies. 
Regarding mycobacterial infections caused by M. 
tuberculosis and atypical mycobacteria, these infec-
tions pose a massive challenge in terms of public 
health, accounting for about 10 million cases re-
ported in 2018, mostly in immunocompromised 
and malnourished people. It becomes hard to di-
agnose these infections due to the presence of 
small morphology in the bacteria, which prevents 
the use of normal optical microscopy and even he-
matoxylin and eosin (H&E) staining for its identi-
fication [64]. Although some specialized stains, 
like Ziehl-Neelsen and Auramine O, are more sen-
sitive, manual acid-fast bacilli (AFB) detection is a 
lengthy process (15-20 minutes per slide) and is 
both expensive and inaccurate due to low num-
bers of AFB [65]. AI-based algorithms, such as 
CNNs, are also being developed to achieve auto-
mated AFB detection in cytological and histologi-
cal samples. The use of CNNs appears to be highly 
beneficial for improving AFB detection using dig-
itized images, especially those obtained from spu-
tum smears and lung biopsies. In particular, the 
application of CNNs with improved methods of 
pixel segmentation and patch processing of whole-
slide images (WSIs) has been found to be extreme-
ly effective in classification performance, which 
makes it possible to avoid further review of nega-
tives and reduces the burden of diagnosis. Accord-
ing to the study conducted by Kuok et al., the 
model based on a Faster R-CNN was 86% success-
ful in detecting AFB in the smear images, while 
SVMs were less effective [66]. The CNN based ac-
tive learning model attained F1 scores of 99.03% 
and 98.75% for positive and negative AFB, respec-
tively, with accuracy of 99.04% and 98.48% [66]. A 
simplified workflow for AI-assisted infectious dis-
ease diagnosis and AMR prediction is shown in 
Figure 4. 
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AI in Clinical Decision Support and Treatment 
Optimization
The urgency of improving AMR treatment strate-
gies was reinforced at the 79th United Nations 
General Assembly High-Level Meeting on AMR in 
2024, where world leaders approved a political 
declaration committing to coordinated One Health 
action and to reducing the estimated 4.95 million 
annual human deaths associated with bacterial 
AMR by 10% by 2030 [67, 68]. In bacterial infection 
management, AI can support therapeutic deci-
sion-making by integrating pathogen data, host 
factors, antimicrobial susceptibility results, and 
clinical history. These models may help identify 
therapeutic targets, predict resistance, optimize an-
timicrobial selection, and support vaccine or 
phage-based strategies. For example, machine 
learning has been applied to omics data from P. 
aeruginosa to distinguish pathogenic from non-
pathogenic strains and identify potential drug tar-
gets. In vaccine research, reverse vaccinology and 
deep learning can assist antigen selection and im-
mune-response prediction, while phage-host pre-
diction tools such as Host Phinder may support the 
selection of candidate phages for resistant infec-
tions [69-71]. In clinical settings, AI and ML models 

may also support infectious disease diagnosis, risk 
prediction, and antimicrobial decision support. ML 
models have been used to support the diagnosis of 
respiratory syncytial virus (RSV) and pertussis in-
fections in children, as well as risk prediction for 
MRSA pneumonia and extended-spectrum β-lacta-
mase (ESBL) bacteremia [72]. The use of AI in sys-
tems such as the Korean Clinical Decision Support 
Tool for Medication (K-CDSTM) makes it possible 
for real-time antimicrobial allergy warnings, 
whereas the adoption of an ontology-based deci-
sion-making system improves the interaction be-
tween clinicians and patients [73]. Big data predic-
tive analysis has been found to be more effective 
compared to conventional approaches, with short-
ened antimicrobial therapy time and reduced hos-
pital expenses. In fact, the AI decision-making sys-
tem cut down medical costs by up to $84,000 in just 
three months in a particular case-control experi-
ment [74]. The important uses of AI for treatment 
of bacterial infections are highlighted in Figure 5 
and the algorithms along with their performance 
metrics are shown in Table 1. Nevertheless, there 
are certain issues that must be addressed before AI 
can be incorporated in the practice of medicine, 
which are described in the next section.

Figure 4  
Workflow of  

AI-enabled diagnosis 
and prediction 

of infection and 
antibiotic resistance. 

AI-driven diagnosis 
systems utilize 

diverse data types 
such as clinical 
specimen data, 

EHRs, whole 
genome sequence 

data, MALDI-TOF/
spectrometry data, 

and microscopic 
imaging data. 

Following 
preprocessing, 

machine learning 
models are used to 
support pathogen 

identification, 
AMR prediction, 

treatment guidance, 
and surveillance 

reporting.
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Figure 5 
Applications  
of artificial 
intelligence in the 
management of 
bacterial infections. 
There are various 
uses of AI in 
bacterial infection 
management such 
as antimicrobial 
drug discovery, 
antimicrobial 
resistance 
prediction, decision-
making support 
for clinicians, 
optimizing the use 
of antimicrobials, 
vaccine discovery, 
phage therapy, 
automation 
of laboratory 
processes, and 
antimicrobial 
resistance 
surveillance.

Table 1 - AI algorithms in infectious disease and AMR treatment.

Algorithm Type Application Dataset Performance Metrics References

BiLSTM (Bidirectional 
Long Short-Term Memory)

Sepsis prediction
EHR data from 180,000 
patients (600 hospitals)

AUC = 0.94 [75]

Sepsis Early Risk 
Assessment (SERA)

Early sepsis prediction
Structured EHR  

and clinical notes
AUC = 0.94 [76]

COMPOSER (Deep 
Learning + Conformal 
Prediction)

ICU and emergency 
department sepsis 

prediction

ICU and emergency 
department data

AUROC = 0.953 (ICU), 
0.945 (ED)

[77]

CNN (Convolutional 
Neural Networks)

Bacterial identification 
using Raman spectroscopy

Raman spectroscopy data 
of bacterial samples

Accuracy = 99%  
for E. coli

[78]

Deep Antimicrobial 
Susceptibility Phenotyping

Phenotypic resistance 
profiling

Fluorescence microscopy 
images of bacteria

≥84% accuracy  
in <30 minutes

[79]

Random Forests
AMR prediction using 

WGS data
Genomic data from 1,000 

E. coli strains
AUROC = 0.95  

for multiple antibiotics
[80]

Host Phinder  
(Phage prediction)

Phage-host interaction 
prediction

Phage genomic data Accuracy = 74-81% [81]

LSTM (Long Short-Term 
Memory)

Respiratory syncytial virus 
diagnosis in children

Clinical data Accuracy = 81-86% [82]

K-CDSTM (AI decision 
support system)

Antimicrobial therapy 
guidance

Clinical data and EHR
Real-time allergy  

alert accuracy
[83]

Notes: AI, artificial intelligence; AMR, antimicrobial resistance; BiLSTM, bidirectional long short-term memory; EHR, electronic health record; AUC, 
area under the curve; SERA, Sepsis Early Risk Assessment; COMPOSER, conformal prediction model; ICU, intensive care unit; ED, emergency 
department; AUROC, area under the receiver operating characteristic curve; CNN, convolutional neural network; WGS, whole-genome sequencing; 
LSTM, long short-term memory; K-CDSTM, Korean Clinical Decision Support Tool for Medication.
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Challenges and Future Directions
Despite all the promising advantages that AI 
may bring in the fight against bacterial diseases, 
there are several essential factors impeding its 
adoption. A significant challenge concerns data: 
the collection and exchange of patient informa-
tion are often constrained by privacy regulations 
and data heterogeneity [84]. In addition, numer-
ous models based on deep learning algorithms 
are affected by the “black-box” dilemma, where 
it is difficult to explain the AI prediction process-
es [85]. Moreover, the majority of AI-based 
healthcare studies are still conducted outside 
hospital settings and remain largely non-clinical 
[86]. The unpredictability and genetic diversity 
of the pathogens, as well as their genetic drift, 
increase the challenge of predicting bacterial be-
havior and resistance accurately. In addition, de-
veloping sophisticated AI technologies requires 
a wide range of expertise from various scientific 
domains, such as microbiology, biochemistry, ge-
netics, mathematics, and computer science, 
which is an enormous obstacle for researchers 
with limited funding opportunities. Finally, the 
deployment of AI-driven technologies in re-
source-poor settings poses unique regulatory 
and ethical challenges. Furthermore, the lack of 
established standards raises concerns about con-
sistency and fairness when applying machine 
learning across diverse healthcare contexts. Al-
gorithmic bias poses an additional threat, as 
models trained on unrepresentative datasets 
may inadvertently discriminate against specific 
populations. Despite these limitations, AI can en-
hance future AMR research and applications if 
used in a responsible way. Future priorities in-
clude external validation of resistance-prediction 
models, development of explainable clinical de-
cision-support systems, and AI-driven antimi-
crobial discovery and combination optimization. 
Laboratory automation and integrated One 
Health surveillance also require dedicated atten-
tion. Greater attention should be paid to prospec-
tive validation, transparency in reporting, repre-
sentative databases, regulation, and application 
in high- and low-resource settings. This is in line 
with a recent study, which noted the potential of 
big data in building predictive models for ne-
glected tropical diseases and how such data pre-
diction should be aligned with evidence-based 
medicine decision-making [87].

Data Ethics, Transparency, and Reproducibility in 
AI-Based Biomedical Research
The incorporation of AI-based technology in bio-
medical research for developing solutions to com-
bat AMR comes with several unique ethical con-
siderations. The ethical issues related to AI appli-
cation in biomedical research mainly concern is-
sues of privacy, informed consent, and potential 
biases. Privacy is one of the major ethical concerns 
associated with using AI technology in healthcare 
because patient data can be used to train AI algo-
rithms, and such actions would be subject to strict 
regulations, including the Health Insurance Porta-
bility and Accountability Act (HIPAA) in the Unit-
ed States and the General Data Protection Regula-
tion (GDPR) in the European Union. Furthermore, 
AI models have to be trained on diverse and rep-
resentative data sets to prevent biased predictions 
that can adversely affect the health of disadvan-
taged populations, thereby increasing health dis-
parities. Another important problem in AI appli-
cations within biomedicine is that of transparency. 
Most AI models, particularly those involving deep 
learning techniques, are considered “black boxes,” 
which implies the difficulty involved in under-
standing how they work. To gain the trust of both 
clinicians and patients, AI-based technologies 
need to be designed in such a way that they are 
clear in their functions and decision-making pro-
cesses. Another basic concept related to science is 
reproducibility, which can help enhance the valid-
ity of AI technologies in medicine. Regardless of 
the dataset or clinical context used, the process 
must be reproducible. For this purpose, the meth-
ods, dataset (if possible), and algorithmic ap-
proaches used for designing AI models should be 
available. Otherwise, it will be extremely difficult 
to apply AI broadly for medical purposes since the 
ability to verify the effectiveness and credibility of 
AI-based solutions in different contexts is crucial. 
In summary, when applying AI for AMR control, 
it is necessary to consider such issues as data eth-
ics, transparency, and reproducibility.

n	 CONCLUSIONS

AI offers important opportunities to strengthen 
AMR control by supporting antimicrobial discov-
ery, drug repurposing, resistance prediction, diag-
nostics, treatment optimization, and surveillance. 
Its main value lies in integrating complex genom-
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ic, phenotypic, clinical, and epidemiological data 
to generate actionable insights for research, labo-
ratory practice, and clinical decision-making. 
However, successful implementation requires 
high-quality datasets, external validation, trans-
parent and interpretable models, ethical data gov-
ernance, regulatory oversight, and equitable ac-
cess across healthcare settings. AI should therefore 
be viewed as a complementary tool that can en-
hance, but not replace, antimicrobial stewardship, 
infection prevention, laboratory diagnostics, and 
coordinated public-health action. 
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