Management Of Multidrug-Resistant Organisms In The Era Of Artificial Intelligence: Emerging Therapeutic Strategies, Predictive Diagnostics, And Antimicrobial Stewardship Applications
Abstract
Multidrug-resistant organisms are increasingly difficult to manage because therapeutic scarcity, delayed susceptibility information and antimicrobial-selection pressure interact at the bedside. At the same time, artificial intelligence (AI) is entering infectious-disease practice through resistance prediction, rapid diagnostic interpretation, stewardship triage and drug discovery. This critical narrative review evaluates whether these developments are converging into a clinically credible management strategy for multidrug-resistant bacterial infections or remain largely parallel technological advances. Literature published from 1 January 2015 to 17 July 2026 was identified through open scholarly databases and citation searching, with earlier seminal studies retained where necessary. Evidence was appraised according to study design, external validity, clinical relevance, comparator quality, model validation and maturity of translation. The strongest therapeutic evidence concerns mechanism-matched antibacterial agents, including newer β-lactam/β-lactamase inhibitor combinations, sulbactam-durlobactam and cefiderocol, although effectiveness varies by pathogen, resistance mechanism and infection context. Bacteriophages, CRISPR-based antimicrobials, microbiome manipulation and AI-discovered antibiotics remain less mature; their biological rationale is substantial, but clinical evidence is limited or inconsistent. Machine-learning approaches applied to mass spectrometry, whole-genome sequencing, microscopy and electronic health records can accelerate resistance or susceptibility prediction, yet transportability, calibration, data shift and the difference between predictive accuracy and patient benefit remain central limitations. AI-supported antimicrobial stewardship can prioritise reviews, personalise empiric therapy and support de-escalation, but most evidence is retrospective and prospective outcome trials are uncommon. Large language models are not sufficiently reliable for autonomous prescribing, especially in difficult-to-treat infections. The most defensible near-term model is therefore not autonomous AI-guided treatment, but a governed decision-support architecture linking rapid microbiology, mechanism-aware therapeutics and stewardship feedback. Future progress should be judged by prospective clinical outcomes, resistance ecology, implementation equity and safety rather than discrimination metrics alone.
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1. Introduction
Bacterial antimicrobial resistance (AMR) has moved from a foreseeable consequence of antimicrobial use to a persistent systems-level threat that affects acute care, surgery, oncology, transplantation and intensive care. Global burden analyses estimate a substantial contemporary mortality attributable to bacterial AMR and forecast continued pressure over coming decades, with carbapenem resistance among Gram-negative bacteria and methicillin-resistant Staphylococcus aureus remaining prominent contributors (Antimicrobial Resistance Collaborators, 2022; GBD 2021 Antimicrobial Resistance Collaborators, 2024). These estimates are necessarily modelled from heterogeneous surveillance and clinical data, but their direction is concordant with bedside experience: the clinical cost of resistance is concentrated in circumstances where delayed active therapy, critical illness, limited source control and toxic fallback regimens coincide.
The term multidrug-resistant organism (MDRO) is used inconsistently across surveillance, research and practice. The widely adopted international proposal by Magiorakos et al. (2012) defined multidrug resistance as non-susceptibility to at least one agent in three or more antimicrobial categories, while distinguishing extensively drug-resistant and pandrug-resistant phenotypes. Such categorical definitions remain useful for epidemiology, but they are not sufficient for therapeutic decisions. A carbapenem-resistant Enterobacterales isolate producing Klebsiella pneumoniae carbapenemase, for example, presents a different treatment problem from an isolate producing a metallo-β-lactamase, even if both occupy the same broad resistance category. Similarly, carbapenem-resistant Acinetobacter baumannii (CRAB), difficult-to-treat resistant Pseudomonas aeruginosa, vancomycin-resistant Enterococcus faecium and methicillin-resistant S. aureus differ in resistance biology, drug penetration, site-specific treatment constraints and the maturity of available alternatives (Paul et al., 2022; Tamma et al., 2024). The clinically relevant unit is therefore increasingly a pathogen-mechanism-site-host combination rather than an MDRO label alone.
This shift coincides with major therapeutic innovation. Newer β-lactam/β-lactamase inhibitor combinations have displaced polymyxin-centred regimens for many carbapenem-resistant Enterobacterales infections, while sulbactam-durlobactam has produced pathogen-specific randomised evidence for serious A. baumannii-calcoaceticus complex infections (Kaye et al., 2023; Tamma et al., 2024). Cefiderocol extends activity to several carbapenem-resistant Gram-negative organisms through siderophore-mediated entry, but the discrepancy between non-inferiority in nosocomial pneumonia and an excess mortality signal in the heterogeneous CREDIBLE-CR trial illustrates why in-vitro breadth cannot be equated with uniform clinical effectiveness (Bassetti et al., 2021; Wunderink et al., 2021). Investigational agents such as cefepime-taniborbactam further broaden the mechanistic range of β-lactamase inhibition, although phase 3 efficacy in complicated urinary tract infection should not be treated as direct proof of effectiveness against all carbapenem-resistant phenotypes (Wagenlehner et al., 2024).
At the same time, therapeutic concepts outside conventional small-molecule antibiotics have advanced. Personalised bacteriophage cocktails have been associated with recovery in otherwise refractory infections, engineered phages have been used in disseminated drug-resistant mycobacterial disease, and the PhagoBurn trial provided a cautionary demonstration that biological plausibility is vulnerable to manufacturing, titre and host-range constraints (Dedrick et al., 2019; Jault et al., 2019; Schooley et al., 2017). CRISPR-Cas systems can be programmed to eliminate bacteria carrying selected resistance or virulence determinants in experimental models, yet delivery and ecological control remain unresolved (Bikard et al., 2014; Citorik et al., 2014). Manipulation of colonisation resistance through faecal microbiota transplantation has also been proposed for MDRO decolonisation. Randomised studies have not established consistent benefit, including a recent sham-controlled trial that found no significant increase in decolonisation after a single faecal microbiota transplant (Huttner et al., 2019; Narang et al., 2026). These approaches therefore occupy markedly different levels of translational maturity.
Artificial intelligence has entered this landscape at multiple points rather than as a single intervention. Machine-learning algorithms can extract resistance signals from matrix-assisted laser desorption/ionisation-time-of-flight mass spectrometry (MALDI-TOF MS), infer susceptibility from whole-genome sequencing (WGS), classify antibiotic responses from imaging, and combine microbiology with electronic health record (EHR) variables to estimate individual resistance risk (Jia et al., 2026; Lewin-Epstein et al., 2021; Ren et al., 2022; Weis et al., 2022; Yu et al., 2018). Similar methods are being used to prioritise stewardship reviews and personalise empiric antibiotic choices (Bystritsky et al., 2020; Corbin et al., 2022; Tran-The et al., 2024). Deep learning has also identified antibacterial chemical matter that conventional similarity-based screening might not have prioritised, including halicin, abaucin and structurally distinct anti-staphylococcal candidates (Liu et al., 2023; Stokes et al., 2020; Wong et al., 2024). These developments justify substantial interest, but they also create a risk of conflating algorithmic performance with clinical effectiveness. Recent reviews have similarly framed AI across bacterial diagnostics, AMR prediction and surveillance, and antibiotic discovery, while emphasizing that clinical translation depends on validation across settings and task-specific limitations (Arnold et al., 2025).
The central problem is that MDRO management is a time-dependent sequence of decisions. Empiric therapy is chosen before definitive susceptibility results; diagnostic uncertainty narrows over time; treatment must be refined according to organism, resistance mechanism, site and host factors; and stewardship must preserve individual benefit without intensifying population-level selection pressure. AI is potentially valuable precisely because this sequence generates high-dimensional, rapidly changing information. Yet its value depends on how the model is embedded in clinical workflow. A model with excellent discrimination can still be clinically unsafe if its training labels are unreliable, if resistance epidemiology changes, if it fails to quantify uncertainty, or if it recommends an agent that is inaccessible, contraindicated or pharmacologically unsuitable. Conversely, a modest model that reliably identifies a high-yield subset for expert review may deliver more practical benefit than a more complex system that is difficult to validate or maintain. Recent clinical reviews of machine-learning-based AMR prediction likewise emphasize that deployment should be assessed in relation to the treatment decision it is intended to inform, rather than by predictive performance alone (Kherabi et al., 2024).
Existing reviews tend to examine these domains separately. Reviews of hospital AMR technologies have surveyed diagnostics and therapeutics broadly, phage reviews have concentrated on biological and pharmacokinetic translation, WGS/ML reviews have focused on prediction performance, and stewardship reviews have predominantly evaluated algorithmic discrimination or task-specific applications (Ardila et al., 2024; Avershina et al., 2021; Pennisi et al., 2025; Pinto-de-Sá et al., 2024; Siopi et al., 2024). This siloed literature makes it difficult to judge where AI changes the actual management pathway of an MDRO infection and where it merely adds a predictive layer without outcome evidence. A critical synthesis therefore requires comparison not only of technologies, but also of evidence maturity, clinical decision points and the conditions under which predictions can safely alter treatment. More recent analyses have also highlighted the need for reproducible, interpretable and clinically validated AI-AMR systems, and a systematic review of AI-guided antimicrobial therapy found that current evidence remains heterogeneous and requires stronger prospective evaluation (Sardar et al., 2026; AlGain et al., 2025).
1.1 Scope, Research Gap and Objectives
This review focuses on human bacterial MDRO management, with particular emphasis on carbapenem-resistant Enterobacterales, carbapenem-resistant Acinetobacter baumannii, difficult-to-treat resistant Pseudomonas aeruginosa, methicillin-resistant Staphylococcus aureus and vancomycin-resistant enterococci. Fungal multidrug resistance, tuberculosis programme management and non-bacterial antimicrobial resistance are outside the core scope except where a study provides a conceptually important translational example. The review examines three linked domains: emerging therapeutic strategies, AI-enabled predictive diagnostics and AI-supported antimicrobial stewardship. Its principal gap is the absence of an integrated critical appraisal that places these domains on the same clinical pathway and explicitly distinguishes mature patient-level evidence from promising but preclinical or retrospective innovation. The objectives are to evaluate the strength and limitations of the evidence in each domain, determine where AI can plausibly improve mechanism-matched treatment and stewardship, identify implementation risks that could negate apparent model performance, and define research priorities for clinically meaningful integration.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative review design was selected because the review question spans heterogeneous evidence classes that are not meaningfully reducible to a single intervention-outcome framework. The relevant literature includes randomised antibiotic trials, observational comparative-effectiveness studies, diagnostic-prediction studies, machine-learning validation studies, proof-of-concept laboratory research, case reports of personalised biological therapy, systematic reviews and professional guidance. A conventional meta-analysis across these domains would obscure rather than resolve the differences in evidential maturity. The narrative approach was nevertheless structured to preserve transparency, explicit selection logic and critical appraisal, consistent with the principles underlying the Scale for the Assessment of Narrative Review Articles (SANRA) (Baethge et al., 2019).
2.2 Information Sources
Literature was identified using PubMed, PubMed Central, Europe PMC, OpenAlex, Google Scholar, Semantic Scholar and the Directory of Open Access Journals. The searches were supplemented by backward citation searching from recent high-quality reviews and key trials, related-article searching, forward searching for later comparative or validation studies, and targeted searches of the World Health Organization website for pathogen-priority and AMR policy documents. Bibliographic details and DOI assignments for included journal articles were checked against authoritative metadata, principally PubMed records and DOI-linked journal metadata. Searches for corrections and errata were incorporated when an influential article had a known correction.
2.3 Search Strategy and Search Period
The main search period was 1 January 2015 to 17 July 2026. Earlier studies were retained only when they were foundational to MDRO definitions, programmable antimicrobials or another concept required to interpret later evidence. For online-first publications, the online publication date determined temporal eligibility where it preceded assignment to a later print issue.
Search concepts combined MDRO terminology with AI, diagnostic, therapeutic and stewardship terms. A representative core query was: ("multidrug-resistant organism" OR MDRO OR "antimicrobial resistance" OR carbapenem-resistant OR methicillin-resistant OR vancomycin-resistant) AND ("artificial intelligence" OR "machine learning" OR "deep learning" OR "large language model" OR "predictive analytics") AND (diagnostic OR "antimicrobial susceptibility" OR stewardship OR prescribing OR therapy OR treatment OR bacteriophage OR CRISPR OR "antibiotic discovery"). Additional searches combined individual pathogens or resistance mechanisms with cefiderocol, β-lactamase inhibitors, sulbactam-durlobactam, bacteriophage therapy, faecal microbiota transplantation, MALDI-TOF MS, WGS, rapid phenotypic susceptibility testing, personalised antibiograms and antimicrobial stewardship. Search terms were adapted to the syntax and indexing of each source rather than forcing a single literal string across platforms.
2.4 Eligibility Criteria
Eligible sources were English-language peer-reviewed studies and high-quality reviews that directly informed human bacterial MDRO management, resistance prediction, antimicrobial susceptibility testing, AI-assisted stewardship, emerging antibacterial treatment or clinically relevant antimicrobial discovery. Randomised controlled trials and well-designed comparative studies were prioritised for therapeutic questions. Diagnostic and prediction studies required clearly described inputs, reference labels and validation procedures. Preclinical studies were included only when they represented a substantive translational advance that could not be evaluated from clinical literature, such as sequence-specific CRISPR antimicrobials or deep-learning-guided antibiotic discovery. Professional guidance and authoritative institutional documents were included when they informed treatment positioning or pathogen prioritisation. Studies were excluded if their bibliographic identity could not be verified, if they were purely promotional, if they addressed non-bacterial resistance without direct conceptual relevance, or if their claims were substantially redundant with stronger evidence.
2.5 Screening, Duplicate Handling and Study Selection
Titles and abstracts were assessed for direct relevance to the defined clinical pathway, followed by full-text or detailed record review of studies considered potentially influential. Duplicate records were reconciled using DOI, PubMed identifier, title, author and year information. When multiple reports arose from the same trial, the primary trial report was preferred for efficacy conclusions, while secondary reports were retained only if they contributed a distinct analysis. Inaccessible sources were not used for detailed numerical claims unless sufficient authoritative metadata and abstract information were available to verify the claim. No screening counts are presented because the review was intentionally narrative and did not use a prospectively enumerated systematic-review workflow.
2.6 Critical Appraisal and Evidence Synthesis
Evidence was appraised according to study design, sample size, comparator quality, patient selection, outcome definition, confounding control, external validation, calibration, temporal and geographical transportability, reference-standard quality and clinical relevance. For therapeutic evidence, particular attention was paid to pathogen confirmation, resistance mechanism, infection site and whether the comparator reflected contemporary rather than obsolete practice. For AI studies, discrimination metrics were not treated as sufficient evidence of utility; external validation, class imbalance, label quality, data leakage, calibration, decision threshold, model drift and workflow consequences were considered. Evidence was organised thematically and then mapped onto the sequential management pathway from initial risk assessment to rapid diagnostics, definitive treatment and stewardship. Contradictory results were retained and used to identify where biological heterogeneity or methodological design explained divergent conclusions.
3. Why MDRO Management Requires Mechanism-Aware Precision
3.1 Resistance Categories Are Clinically Incomplete
The historical value of MDR, XDR and PDR categories lies in standardisation. They facilitate surveillance and communication across species, but they collapse mechanistically distinct resistance states into phenotype-based labels (Magiorakos et al., 2012). Contemporary guidance for resistant Gram-negative infections increasingly avoids that simplification by organising recommendations around specific resistance mechanisms and pathogen groups, including extended-spectrum β-lactamase-producing Enterobacterales, AmpC-producing Enterobacterales, carbapenem-resistant Enterobacterales, difficult-to-treat resistant P. aeruginosa, CRAB and Stenotrophomonas maltophilia (Tamma et al., 2024). This approach is clinically rational because the same susceptibility phenotype can arise from different enzymes, porin changes and efflux patterns, while the same resistance gene can have different phenotypic consequences depending on expression and genomic context.
Therapeutic choice therefore increasingly requires a layered interpretation. First, clinicians must establish whether the organism recovered is causative rather than colonising. Second, species identification and phenotypic susceptibility narrow the antibiotic space. Third, carbapenemase class or other resistance-mechanism information can determine whether a new β-lactam/β-lactamase inhibitor is likely to be active. Fourth, infection site, inoculum, organ dysfunction, source control and previous antimicrobial exposure affect whether an apparently active drug is clinically appropriate. European guidance similarly emphasises pathogen- and syndrome-specific evaluation and notes that important recommendations have historically rested on low-certainty observational evidence, especially for newer agents (Paul et al., 2022). Mechanism-aware management is thus not merely a laboratory refinement; it is a response to the fact that resistance categories have lower therapeutic resolution than modern drug spectra.
The expanding antibacterial armamentarium paradoxically strengthens the need for diagnostic precision. When the fallback option was a polymyxin-based regimen, detailed enzyme classification often had limited immediate consequence. In contrast, newer agents have selective strengths and blind spots. Meropenem-vaborbactam is principally valuable for KPC-producing Enterobacterales; ceftazidime-avibactam covers KPC and OXA-48-like enzymes but not metallo-β-lactamases; aztreonam-based strategies address metallo-β-lactamase contexts through complementary β-lactamase inhibition; sulbactam-durlobactam is directed towards A. baumannii-calcoaceticus complex; and cefiderocol spans several carbapenem-resistant Gram-negative groups through a distinct entry strategy (Tamma et al., 2024). The practical value of a diagnostic test is therefore partly determined by whether it arrives early enough to change this branching decision tree.
3.2 The Time-to-Information Problem
Classical culture and phenotypic antimicrobial susceptibility testing (AST) remain indispensable because they directly measure growth under antibiotic exposure. Their major limitation is temporal rather than conceptual. Clinicians treating severe infection often need to act before complete phenotypic data are available, creating a tension between early adequate coverage and avoidance of unnecessary broad-spectrum therapy. AI-enabled diagnostics seek to compress this interval by learning predictive structure from data that become available earlier: spectra, genomes, cell images, prior cultures, hospital ecology or patient EHR features. The value proposition is strongest when the prediction is actionable before standard results and sufficiently calibrated to justify changing treatment.
That requirement is more demanding than high area under the receiver operating characteristic curve. A resistance model must perform near the clinical threshold at which therapy would actually be escalated or narrowed. False susceptibility predictions can delay active therapy; false resistance predictions can drive unnecessary use of last-line agents. The relative costs vary by syndrome, illness severity and organism. A model used for a stable urinary tract infection can tolerate a different error profile from one used during septic shock. This context dependence explains why a single universal accuracy threshold is not meaningful and why model calibration and decision-curve consequences should accompany discrimination metrics.
The same logic applies to AI-supported stewardship. Stewardship is not simply antibiotic reduction; it is optimisation of selection, dose, route and duration while preserving the probability of effective treatment. A model that narrows therapy must therefore incorporate the asymmetry between undertreatment and overtreatment. Corbin et al. (2022) demonstrated this explicitly by framing personalised antibiograms as an optimisation problem in which expected coverage was maintained while broad-spectrum use was reduced. Yet the study remained retrospective, so simulated allocation cannot establish that clinicians would follow recommendations, that time-to-active therapy would not worsen, or that downstream resistance ecology would improve.
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The relationships between pathogen, resistance mechanism, decision point and AI opportunity are summarised in Table 1. The key implication is that AI is most clinically credible when it operates on a clearly defined decision bottleneck rather than as a generic prediction layer.
Table 1. Clinical decision bottlenecks in multidrug-resistant bacterial infection and the corresponding role of artificial intelligence
	MDRO or resistance context
	Principal clinical uncertainty
	Management consequence
	Potential AI contribution
	Important limitation
	Supporting references

	Carbapenem-resistant Enterobacterales
	Carbapenemase class and active β-lactam option
	Selection among mechanism-matched β-lactam/β-lactamase inhibitor or alternative regimens
	Rapid phenotype/genotype prediction; patient-specific probability of susceptibility
	Prediction error can expose patients to inactive therapy; local enzyme epidemiology changes
	Tamma et al., 2024; Paul et al., 2022; Ren et al., 2022

	Difficult-to-treat resistant Pseudomonas aeruginosa
	Multiple concurrent mechanisms, variable susceptibility and site-specific penetration
	Need for precise susceptibility interpretation and avoidance of ineffective recycling of β-lactams
	Spectral, genomic or EHR-based resistance prediction
	Resistance may be driven by expression and regulatory changes not fully captured by static markers
	Tamma et al., 2024; Weis et al., 2022

	Carbapenem-resistant Acinetobacter baumannii
	Limited reliably active therapies; sulbactam activity and combination choices
	Choice among sulbactam-durlobactam, cefiderocol or other active regimens
	Rapid identification; resistance prediction; trial matching
	Strong drug-specific evidence is limited to selected populations and comparators
	Kaye et al., 2023; Bassetti et al., 2021; Onorato et al., 2024

	MRSA and vancomycin-resistant enterococci
	Rapid recognition of resistance determinants and appropriate spectrum
	Avoidance of unnecessary broad Gram-negative or anti-MRSA coverage; targeted therapy
	MALDI-TOF and genomic prediction; personalised empiric coverage
	Site-level spectral signatures and prevalence can limit transportability
	Wang et al., 2024; Weis et al., 2022

	Undifferentiated severe infection with prior MDRO risk
	Need to balance early coverage with collateral selection pressure
	Empiric regimen before final organism and AST results
	EHR-based resistance-risk models and personalised antibiograms
	Retrospective accuracy may not translate into mortality, toxicity or resistance benefit
	Lewin-Epstein et al., 2021; Corbin et al., 2022; Oonsivilai et al., 2018


Table note. AI = artificial intelligence; AST = antimicrobial susceptibility testing; EHR = electronic health record; MDRO = multidrug-resistant organism; MRSA = methicillin-resistant Staphylococcus aureus.

4. Emerging Therapeutic Strategies: Clinical Progress and Translational Boundaries
4.1 New Antibacterials and Mechanism-Matched β-Lactam Strategies
The most clinically mature advance in MDRO management is not AI but the replacement of broad, toxic salvage regimens with agents designed around identifiable resistance mechanisms. This distinction matters because AI will deliver little benefit if it accelerates a diagnostic answer for which no active treatment exists. Conversely, as the number of mechanistically differentiated drugs increases, the value of rapid identification and susceptibility prediction rises. The therapeutic and diagnostic developments are therefore mutually enabling rather than competing innovations.
For KPC-producing Enterobacterales, meropenem-vaborbactam provides one of the clearest examples. In the TANGO II randomised trial, only 47 patients with confirmed carbapenem-resistant Enterobacteriaceae formed the primary microbiological analysis population, which limits precision, yet clinical cure and renal safety favoured meropenem-vaborbactam over heterogeneous best-available therapy (Wunderink et al., 2018). The comparator arm included agents such as polymyxins, aminoglycosides and tigecycline that represented then-current salvage practice but are no longer equivalent to modern active β-lactam options. The trial therefore established proof that a mechanism-targeted β-lactam/β-lactamase inhibitor could outperform older rescue therapy, but it does not resolve contemporary head-to-head selection among newer agents.
Observational comparisons address that later question but remain vulnerable to confounding by indication. Ackley et al. (2020) found similar clinical success between ceftazidime-avibactam and meropenem-vaborbactam in a multicentre retrospective cohort, although group size, combination-therapy use and baseline differences complicated causal interpretation. A 2026 propensity-weighted comparison restricted to KPC-producing Enterobacterales likewise found similar 30-day mortality but observed resistance emergence more often after ceftazidime-avibactam than meropenem-vaborbactam (Karaba et al., 2026). The latter finding is biologically plausible and clinically important, yet the cohort contained only 73 patients. It should therefore inform surveillance and drug-preservation strategies rather than be treated as definitive superiority evidence.
Imipenem-cilastatin-relebactam represents a related mechanism-directed option. Analyses from the RESTORE-IMI 1 programme compared imipenem-relebactam with colistin plus imipenem for imipenem-nonsusceptible infections and supported efficacy with substantially less reliance on nephrotoxic polymyxin exposure (Kaye et al., 2020). Again, the trial population was small. The broader lesson is not that a single new inhibitor is universally preferred, but that β-lactamase biology has become an actionable therapeutic variable. Guidance now appropriately places considerable weight on the likely carbapenemase and on susceptibility to the newer β-lactam agents rather than using one salvage combination for all carbapenem-resistant isolates (Tamma et al., 2024).
Sulbactam-durlobactam has strengthened the evidence base specifically for CRAB. The ATTACK phase 3 trial randomised patients with serious A. baumannii-calcoaceticus complex infections to sulbactam-durlobactam or colistin, with both groups receiving imipenem-cilastatin background therapy. In the primary carbapenem-resistant population, 28-day mortality was 19% with sulbactam-durlobactam and 32% with colistin; the trial met its prespecified non-inferiority criterion, while nephrotoxicity was markedly lower with sulbactam-durlobactam (Kaye et al., 2023). The trial is particularly informative because the comparator problem is clinically familiar: colistin can retain in-vitro activity but carries substantial renal toxicity and uncertain pharmacodynamic reliability. The evidence therefore supports a meaningful change in CRAB treatment, although it does not imply that every A. baumannii infection can be managed without susceptibility testing, source control or combination considerations.
Cefiderocol illustrates the opposite problem: a drug with unusually broad in-vitro reach but a more complicated clinical signal. In APEKS-NP, cefiderocol was non-inferior to high-dose, extended-infusion meropenem for day-14 mortality in Gram-negative nosocomial pneumonia, a population not restricted to carbapenem-resistant organisms (Wunderink et al., 2021). CREDIBLE-CR then examined severe carbapenem-resistant infections and found similar clinical or microbiological efficacy to best available therapy across heterogeneous syndromes, but mortality was numerically higher in the cefiderocol arm, particularly among patients with Acinetobacter infections (Bassetti et al., 2021). Later observational evidence and meta-analysis have not reproduced a simple conclusion that cefiderocol is inferior for CRAB; Onorato et al. (2024), for example, found lower pooled mortality compared with best available therapy in a literature dominated by observational studies. The discrepancy likely reflects differences in case mix, severity, co-therapy, susceptibility testing, dose exposure and residual confounding. It also demonstrates why an AI treatment recommender trained on observational outcomes could learn unstable associations unless pathogen, syndrome, severity and treatment-era effects are represented explicitly.
Cefepime-taniborbactam further illustrates the distinction between biochemical spectrum and demonstrated clinical population. The CERTAIN-1 phase 3 trial showed superior composite clinical and microbiological success to meropenem in complicated urinary tract infection, with a broadly similar serious-adverse-event profile (Wagenlehner et al., 2024). Taniborbactam inhibits many serine and metallo-β-lactamases, making the combination conceptually attractive for resistance mechanisms that defeat older inhibitors. Yet the trial was not a dedicated trial of carbapenem-resistant Enterobacterales or metallo-β-lactamase infection. It is therefore methodologically incorrect to convert a successful syndrome trial into direct evidence of superiority for the most resistant target population. Future precision systems should encode such evidential boundaries rather than infer indication breadth from microbiological activity alone.
These examples support a hierarchy for clinical deployment. Mechanism-specific randomised evidence should anchor treatment where available; pathogen-specific observational evidence can refine comparative choices when randomisation is impractical; in-vitro activity and genomic mechanism prediction should guide but not substitute for clinical evidence. AI systems that recommend therapy need to preserve this hierarchy. Otherwise, they may over-weight high-dimensional susceptibility data while under-weighting the strength of the treatment evidence itself.
4.2 Bacteriophage Therapy: Precision Without Standardisation
Bacteriophages are attractive for MDRO treatment because they can be highly specific, replicate in the presence of susceptible bacterial hosts and potentially retain activity against antibiotic-resistant strains. Their specificity is both a therapeutic advantage and a logistical liability. A conventional antibiotic can be stocked before the infecting clone is known; personalised phage therapy may require isolation, host-range testing, cocktail design, purification, regulatory review and repeated adaptation. The therapeutic model therefore resembles a rapid biological manufacturing platform more than a fixed drug product.
The widely cited personalised A. baumannii case reported by Schooley et al. (2017) demonstrated that intravenous and locally administered phage cocktails could be assembled for a critically ill patient with refractory disseminated infection. Clinical recovery and microbiological clearance followed treatment, but attribution is inherently uncertain in a single uncontrolled case receiving concurrent interventions. The report is valuable as feasibility evidence, not as an efficacy estimate. Dedrick et al. (2019) subsequently used engineered phages to treat disseminated drug-resistant Mycobacterium abscessus after lung transplantation. That case showed that forward genetics and engineering could expand the usable phage repertoire when natural isolates lacked the required lytic profile. Again, the evidential strength is proof of therapeutic possibility rather than proof of generalisable benefit.
PhagoBurn provides an essential counterweight to case-report enthusiasm. The randomised phase 1/2 trial tested a 12-phage topical cocktail for P. aeruginosa-infected burn wounds and was stopped because of insufficient efficacy. Manufacturing-associated loss of phage titre meant that patients received much lower concentrations than intended, and bacterial reduction was slower than with standard topical care (Jault et al., 2019). This was not merely a failed efficacy study; it exposed a distinctive translational problem. Phage identity, titre, pharmacokinetics, neutralising immunity, tissue distribution, bacterial density and resistance evolution can all alter the effective dose during treatment. Recent reviews continue to identify major heterogeneity in in-vivo phage pharmacokinetic and pharmacodynamic methods, which prevents simple extrapolation across phages, pathogens and administration routes (Nguyen et al., 2026; Siopi et al., 2024).
AI could assist phage therapy in several ways: matching phage-host pairs from genomic or phenotypic features, predicting resistance evolution, optimising cocktails, identifying synergistic antibiotic combinations and adapting dosing to longitudinal bacterial burden. Yet these are only useful if the underlying phage library and manufacturing system can deliver the selected product quickly. A sophisticated model cannot compensate for an unavailable phage, insufficient titre or uncharacterised pharmacology. Prospective phage platforms should therefore evaluate the entire chain from isolate acquisition to release of a quality-controlled product, not merely the predictive performance of a host-range algorithm.
4.3 CRISPR-Based Antimicrobials and Microbiome Manipulation
CRISPR-based antimicrobials offer an even more programmable form of specificity. Citorik et al. (2014) delivered RNA-guided nucleases using phage or conjugative vehicles and demonstrated selective elimination of bacterial populations carrying targeted resistance or virulence sequences, including carbapenem-resistant Enterobacteriaceae, with benefit in an invertebrate infection model. Bikard et al. (2014) similarly used phagemid-delivered Cas9 to target virulent S. aureus and resistance plasmids and demonstrated selective activity in a murine skin-colonisation model. These studies established the concept that an antimicrobial can be defined by sequence rather than by a conserved metabolic target.
Clinical translation remains difficult for precisely the reasons that make the platform attractive. Sequence specificity requires accurate knowledge of the target and creates sensitivity to target mutation. Delivery vehicles must reach the relevant bacterial population in vivo, cross anatomical and biofilm barriers, avoid unacceptable host responses and maintain adequate payload. Horizontal gene transfer, plasmid diversity and within-host population heterogeneity may mean that a single guide sequence leaves clinically relevant subpopulations untouched. The ecological consequences are also complex: selective removal of one genotype may alter competition and resistance-gene networks in ways that short laboratory experiments cannot fully anticipate. AI may accelerate guide design and off-target prediction, but these are upstream engineering improvements. They do not remove the need for rigorous delivery, toxicology and clinical outcome studies.
Microbiome manipulation addresses MDROs from a different direction by attempting to restore colonisation resistance rather than directly killing the pathogen. The concept is clinically important because intestinal carriage of extended-spectrum β-lactamase-producing and carbapenem-resistant Enterobacterales can persist and provide a reservoir for subsequent invasive infection and transmission. Huttner et al. (2019) randomised colonised patients to a short course of non-absorbable antibiotics followed by faecal microbiota transplantation (FMT) or no intervention. Decolonisation was numerically higher with the intervention but not statistically significant, and the trial ended early with a small sample. More recent evidence has not converted that signal into a reliable effect. In a 2026 double-blind, sham-controlled trial involving patients with gastrointestinal disease and persistent MDRO colonisation, a single FMT session did not improve MDRO decolonisation or reduce antimicrobial-resistance gene burden at four weeks compared with sham treatment, although microbiome composition changed (Narang et al., 2026). This result is important because it separates biological engraftment from the clinical objective of eliminating resistance carriage.
The negative trial does not close the field. Donor characteristics, repeated dosing, baseline microbiome states, antibiotic exposure and target organism may modify response. It does, however, raise the evidential threshold. AI-driven donor-recipient matching or microbiome-response prediction should not be presented as a route to established MDRO decolonisation until a reproducible clinical intervention exists. Otherwise, modelling may optimise a surrogate that is not causally related to the desired outcome.
4.4 AI-Enabled Antibiotic Discovery: High Discovery Value, Early Clinical Maturity
Drug discovery is the domain in which AI has produced some of the most visible AMR results, yet it is also the domain where clinical translation is most distant. Stokes et al. (2020) trained a neural network on molecular structures and antibacterial activity, then used it to screen large chemical libraries. The approach identified halicin, a structurally unconventional compound with activity against multiple pathogens and efficacy in murine infection models. The important methodological contribution was not that an approved antibiotic emerged from the model, but that a learned representation could search chemical space without relying on close similarity to existing antibiotic scaffolds.
Liu et al. (2023) narrowed this strategy to A. baumannii and identified abaucin, a compound with relatively species-selective activity and in-vivo activity in experimental models. This pathogen-targeted discovery strategy is especially relevant to MDRO management because selectivity could reduce microbiome disruption and selection pressure outside the target organism. Wong et al. (2024) advanced a complementary goal by using explainable deep learning to identify chemical substructures associated with antibacterial activity and a new structural class active against MRSA and vancomycin-resistant enterococci in murine models. Wan et al. (2024) expanded the searchable space beyond contemporary molecules by mining ancient proteomic information for antimicrobial peptides through deep-learning-based molecular de-extinction.
These studies demonstrate that AI can alter the discovery process, but none establishes clinical efficacy. The dominant attrition points in antibacterial development remain pharmacokinetics, toxicity, manufacturability, resistance emergence, dosing feasibility and human efficacy. A model can enrich a screening library for biologically active compounds while leaving those downstream barriers untouched. The clinically meaningful endpoint for AI-enabled discovery is therefore not the number of model-selected hits but the rate at which structurally novel, developable molecules progress through validated preclinical packages and human trials. Claims that AI is already solving the antimicrobial pipeline problem are premature.

The comparative maturity of major emerging therapies is summarised in Table 2. The evidence is strongest where a defined antimicrobial has been tested against an appropriate clinical comparator and weakest where the intervention remains custom-manufactured or preclinical.
Table 2. Emerging therapeutic strategies for multidrug-resistant bacterial infections and their current evidential maturity
	Strategy
	Representative evidence
	Clinical maturity
	Potential advantage
	Principal unresolved limitation
	AI interface
	Supporting references

	New β-lactam/β-lactamase inhibitor combinations
	Randomised and observational evidence for mechanism-matched treatment of resistant Gram-negative infections
	High for selected approved agents and defined pathogens
	Improved efficacy and reduced toxicity compared with older salvage regimens
	Spectrum depends on enzyme class, pathogen and infection site; resistance can emerge
	Mechanism prediction, susceptibility forecasting and treatment selection
	Wunderink et al., 2018; Kaye et al., 2020; Ackley et al., 2020; Karaba et al., 2026

	Sulbactam-durlobactam
	Pathogen-focused phase 3 comparison with colistin-based therapy for serious carbapenem-resistant A. baumannii-calcoaceticus complex infection
	High for the studied CRAB population
	Pathogen-directed activity with substantially less nephrotoxicity than colistin
	Need for broader effectiveness data across syndromes, resistance patterns and routine practice
	Rapid organism identification and resistance/mechanism prediction
	Kaye et al., 2023; Tamma et al., 2024

	Cefiderocol
	Phase 3 trials plus observational cohorts and meta-analysis
	Moderate to high, but context dependent
	Broad activity across several carbapenem-resistant Gram-negative groups
	Mortality signal in CREDIBLE-CR; susceptibility testing and pathogen-specific uncertainty
	Prediction of susceptibility and patient selection
	Bassetti et al., 2021; Wunderink et al., 2021; Onorato et al., 2024

	Bacteriophage therapy
	Case reports, early trials and heterogeneous translational studies
	Low to moderate
	Pathogen specificity, potential activity despite antibiotic resistance, adaptable cocktails
	Host range, manufacturing, titre, PK/PD, immunity and phage resistance
	Phage-host matching, cocktail optimisation and resistance forecasting
	Schooley et al., 2017; Dedrick et al., 2019; Jault et al., 2019; Siopi et al., 2024

	CRISPR-based antimicrobials
	Preclinical sequence-specific killing and experimental infection models
	Low
	Programmable targeting of resistance or virulence determinants
	Delivery, target escape, ecological effects and human safety
	Guide design, target selection and off-target prediction
	Citorik et al., 2014; Bikard et al., 2014

	Microbiome/FMT decolonisation
	Small randomised trial and recent sham-controlled randomised trial
	Low for MDRO decolonisation
	Potential restoration of colonisation resistance without chronic suppressive antibiotics
	Clinical decolonisation benefit has not been consistently demonstrated
	Recipient stratification and donor-response modelling are investigational
	Huttner et al., 2019; Narang et al., 2026

	AI-guided antibiotic discovery
	Deep-learning-selected small molecules and peptides validated preclinically
	Preclinical
	Exploration of large chemical and biological spaces; potential structural novelty
	Human PK, toxicity, manufacturability, resistance and efficacy remain unproven
	Core discovery engine
	Stokes et al., 2020; Liu et al., 2023; Wong et al., 2024; Wan et al., 2024


Table note. AI = artificial intelligence; CRAB = carbapenem-resistant Acinetobacter baumannii; FMT = faecal microbiota transplantation; PK/PD = pharmacokinetics/pharmacodynamics.

5. AI-Enabled Predictive Diagnostics for Antimicrobial Resistance
5.1 MALDI-TOF Mass Spectrometry as a Predictive Substrate
MALDI-TOF MS is already embedded in many clinical microbiology laboratories for rapid organism identification, making resistance prediction from the same spectra operationally attractive. The model does not need a new biological sample; it attempts to extract resistance-associated information from data generated during routine identification. Weis et al. (2022) assembled more than 300,000 mass spectra linked to more than 750,000 resistance phenotypes across four institutions and trained calibrated machine-learning classifiers. Reported discrimination varied by organism, with areas under the receiver operating characteristic curve around 0.80 for S. aureus and lower values for Escherichia coli and Klebsiella pneumoniae. The scale and multi-institutional design were strengths, but the performance also showed that resistance is not uniformly encoded in proteomic spectra.
The biological explanation is important. MALDI-TOF spectra capture abundant proteins and other ionisable features, not resistance genes directly. Strong performance can arise when resistance is linked to a successful clone whose proteomic signature is stable. Such a model may appear to predict resistance while actually recognising lineage. If the relationship between lineage and resistance changes, or if the model is transferred to a hospital with different strain structure, performance can deteriorate. External validation must therefore be geographically and temporally independent rather than a random split of pooled spectra.
Wang et al. (2024) tested MALDI-TOF/ML prediction of antimicrobial resistance and mecA-associated status in clinical S. aureus across an international public database and a Taiwanese dataset. Performance depended on the database and algorithm, reinforcing the site-dependence concern. This does not make spectral prediction clinically unhelpful. Rather, it suggests a role as a probabilistic early signal that is locally calibrated and continuously monitored, particularly when it can safely advance or de-escalate coverage before standard AST.
The principal implementation question is not whether a spectral classifier can exceed a selected AUC threshold but whether it changes treatment earlier than existing rapid resistance assays. Where inexpensive molecular tests already identify a dominant resistance determinant, the incremental value of a complex spectral model may be modest. Where resistance is polygenic or no single molecular marker is sufficient, spectral prediction may be more attractive, but the risk of non-causal lineage learning also rises.
5.2 Whole-Genome Sequencing and Genotype-to-Phenotype Prediction
WGS offers a more direct representation of resistance biology. Known resistance genes, target mutations, promoter variation, gene copy number and broader genomic context can all contribute to prediction. The challenge is that genotype does not map perfectly to phenotype. Expression, epistasis, permeability and efflux can modify the clinical susceptibility phenotype, while reference AST itself contains measurement error near breakpoints. Machine learning is therefore used to learn relationships that exceed simple rule-based resistance-gene lookup.
Ren et al. (2022) compared logistic regression, support vector machines, random forests and convolutional neural networks using WGS-derived representations for resistance prediction. Independent validation showed high discrimination for several drug-organism tasks, but the study also demonstrated that model performance depends on feature representation and antibiotic-specific biology. Systematic reviews have reached a similar conclusion. Ardila et al. (2024) identified strong average discrimination across WGS/ML studies of critical pathogens, but study designs, validation practices and algorithms were heterogeneous. Lv and Wang (2024), reviewing broader ML resistance-prediction models, found substantial heterogeneity and high risk of bias despite encouraging pooled discrimination. These findings caution against treating a pooled accuracy estimate as a universal property of WGS-based prediction.
More recent work illustrates both progress and the continuing need for external validation. Jia et al. (2026) used 5,239 K. pneumoniae genomes from geographically and temporally diverse cohorts to predict resistance at multiple levels across eleven antibiotics. The study reported high discrimination and low categorical error across several settings, making it stronger than single-centre random-split evaluations. Nonetheless, clinical deployment would still require validation against the laboratory workflow, breakpoint system and resistance ecology of the intended site. Models can also become outdated when new resistance mechanisms enter a population. Unlike a fixed diagnostic assay with transparent molecular targets, a high-dimensional ML predictor may degrade silently unless drift surveillance is built into governance.
WGS prediction also faces a timing issue. Sequencing has become faster, but culture, DNA preparation, sequencing and bioinformatics may still be slower than targeted molecular assays or direct phenotypic platforms in urgent infection. The highest-value use may therefore vary: direct clinical decision support where sequencing is rapid; confirmation and mechanism resolution after early phenotypic testing; and surveillance or model retraining at system level. Treating WGS as a universal replacement for phenotypic AST would ignore the fact that phenotype remains the clinical reference for many drug-organism combinations.
5.3 Image-Based and Rapid Phenotypic AI
Image-based methods attempt to preserve the conceptual strength of phenotypic AST while shortening the observation period. Yu et al. (2018) used deep-learning video microscopy to classify antibiotic effects on bacterial motion and morphology and demonstrated rapid minimum inhibitory concentration determination in spiked urine and a clinical isolate within a proof-of-concept setting. The attraction is obvious: rather than infer susceptibility from genotype or lineage, the model observes the bacterial response to the antibiotic. This can, in principle, capture unknown resistance mechanisms because the label of interest is growth inhibition itself.
The difficulty is that an imaging system has to standardise sample preparation, bacterial concentration, image acquisition, drug exposure and classification across a much wider range of clinical specimens and species than a laboratory proof of concept. Models can exploit image artefacts, batch effects or growth characteristics unrelated to the intended biological feature. In addition, rapid phenotypic systems still need rigorous comparison against reference broth microdilution, with particular attention to very major errors because false susceptibility is the most dangerous failure mode. Breakpoint revisions create another maintenance problem: a model trained to predict categorical labels may become obsolete even if its underlying image measurements remain valid.
The most defensible diagnostic architecture may therefore be hybrid. Species identification can be combined with a rapid phenotypic response, resistance-gene information and local epidemiology. AI can fuse these data and quantify uncertainty, but the final recommendation should preserve traceability to the evidence source. A clinician should be able to distinguish a high-confidence phenotypic response from a lower-confidence prediction based primarily on historical patient risk.
5.4 Validation, Calibration and the Translation Gap
Across diagnostic AI, four recurring weaknesses limit inference. First, many studies optimise discrimination without demonstrating calibration. A predicted probability of 90% resistance has no actionable meaning if 90% predictions are not actually resistant in the deployment population. Second, random train-test splitting can leak clone, patient or institutional structure, making external performance appear stronger than it is. Third, resistant classes are often smaller than susceptible classes, so apparently high accuracy can coexist with clinically unacceptable false-susceptible errors. Fourth, the reference label may itself be unstable when laboratories use different platforms or breakpoint versions.
These weaknesses have direct stewardship consequences. If a model systematically overpredicts resistance, clinicians may increase use of newer broad-spectrum agents. The system could therefore worsen the ecological outcome it was designed to prevent. Conversely, an underprediction bias could delay active treatment for the sickest patients. Model evaluation should thus include spectrum-weighted prescribing consequences, time to active therapy, time to de-escalation and error severity, not only statistical metrics.
The evidence also remains concentrated in institutions with high-quality digital microbiology and curated datasets. Generalisability to low-resource laboratories, where the burden of resistance may be high and conventional AST capacity constrained, is uncertain. Oonsivilai et al. (2018) showed that locally tailored ML using relatively accessible clinical variables could generate informative susceptibility predictions in a Cambodian children's hospital, but the sample of bloodstream infections was small. The study nevertheless highlights an important principle: a simpler local model with transparent inputs may be more useful than a globally trained system that depends on infrastructure unavailable at the point of care.

Table 3 compares the principal AI-enabled diagnostic modalities. Their key differences concern what is being predicted, how close that prediction is to phenotype, and the operational time at which the information becomes available.
Table 3. Artificial intelligence-enabled approaches to predicting antimicrobial resistance or susceptibility
	Data modality
	What the model learns
	Representative strength
	Key clinical opportunity
	Main validation risk
	Current evidential position
	Supporting references

	MALDI-TOF mass spectra
	Proteomic/spectral correlates of resistance, often partly linked to lineage
	Large routine datasets can be reused without a new assay
	Resistance estimate soon after organism identification
	Site and clone dependence; indirect biological signal; temporal drift
	Promising multi-institutional retrospective validation, but variable transportability
	Weis et al., 2022; Wang et al., 2024

	Whole-genome sequencing
	Resistance genes, mutations and high-dimensional genomic patterns
	Mechanistic richness and ability to detect complex genomic signatures
	Mechanism resolution and phenotype prediction before full conventional AST in rapid workflows
	Novel mechanisms, expression effects, breakpoint changes and population shift
	Strong retrospective performance in several species; clinical implementation remains uneven
	Ren et al., 2022; Ardila et al., 2024; Jia et al., 2026

	Rapid image/video phenotyping
	Early cellular response to antibiotic exposure
	Measures phenotype directly rather than inferring from lineage
	Potentially very rapid AST with fewer assumptions about known mechanisms
	Sample preparation, imaging artefacts, standardisation and very-major-error control
	Proof-of-concept to early translational evidence
	Yu et al., 2018

	EHR-based resistance prediction
	Patient history, prior microbiology, exposure and local epidemiology
	Can operate before a new isolate has full AST
	Personalised empiric coverage while awaiting laboratory data
	Confounding, changing prescribing patterns, missing data and institution-specific prevalence
	Predominantly retrospective; clinical outcome evidence limited
	Lewin-Epstein et al., 2021; Corbin et al., 2022; Oonsivilai et al., 2018

	Hybrid multimodal prediction
	Combined organism, genome, phenotype and patient context
	Can represent both biological mechanism and clinical prior probability
	Integrated early decision support with uncertainty estimates
	Complexity, missing modalities, opaque failure modes and governance burden
	Conceptually compelling but not yet established as a routine standard
	Ardila et al., 2024; Giacobbe et al., 2024


Table note. AI = artificial intelligence; AST = antimicrobial susceptibility testing; EHR = electronic health record; MALDI-TOF = matrix-assisted laser desorption/ionisation-time-of-flight; WGS = whole-genome sequencing.

6. Artificial Intelligence in Antimicrobial Stewardship
6.1 Personalising Empiric Therapy
Antimicrobial stewardship has traditionally relied on local antibiograms, formulary restriction, prospective audit with feedback, guideline pathways and post-prescription review. These approaches are effective conceptually but use population averages at moments when the clinical question is individual: what is the narrowest empiric regimen that retains an acceptable probability of activity for this patient? Machine learning is well suited to that problem because prior cultures, recent admissions, antibiotic exposures, comorbidity, care location and time-varying hospital epidemiology can all modify the probability of resistance.
Lewin-Epstein et al. (2021) trained models on EHR data to predict resistance to several antibiotics in hospitalised patients. Discrimination improved when organism identity was known, which is clinically intuitive and reinforces the value of linking patient-level and microbiological data rather than using either alone. However, the study was retrospective; it did not test whether model-informed prescribing improved outcomes. The distinction is fundamental. A prediction can be statistically accurate yet operationally irrelevant if it arrives after antibiotics are given, recommends an unavailable regimen or does not change clinician behaviour.
Corbin et al. (2022) developed personalised antibiograms in two US health systems and modelled antibiotic allocation under coverage constraints. The system could preserve estimated coverage while reducing some broad-spectrum choices. This work advances stewardship beyond simple resistance prediction because it explicitly optimises a clinical objective. Yet its simulated allocation assumes that historical susceptibility labels and treatment options adequately represent the counterfactual choices that would be made prospectively. Real-world deployment could produce feedback: as prescribing changes, local resistance ecology and the dataset used for retraining may also change. A self-updating stewardship model therefore needs causal and ecological monitoring, not only periodic AUC calculation.
The Cambodian study by Oonsivilai et al. (2018) is informative from an equity perspective. Using a modest number of clinical and demographic variables, random forests produced useful predictions of susceptibility to common empiric regimens in paediatric bloodstream infection. The dataset was small and single-centre, so the model itself cannot be exported. The broader lesson is that locally tailored prediction is feasible without the data density of a major tertiary health system. Future implementation should resist the assumption that AI stewardship requires a highly complex model; the appropriate complexity is the lowest level that produces stable net benefit in the intended environment.
6.2 Prioritising Stewardship Work and De-escalation
AI may be more immediately useful for stewardship triage than for direct prescribing. Stewardship teams often cannot review every antimicrobial order daily. A model that ranks patients by expected benefit from intervention can convert limited specialist time into higher coverage of actionable cases. Bystritsky et al. (2020) compared logistic regression with boosted trees for predicting whether patients receiving broad-spectrum agents would require a stewardship intervention. Both approaches showed only fair discrimination, and the number of patients requiring review to identify one actionable case remained high at a sensitivity chosen to avoid missed opportunities. The study is valuable precisely because it demonstrates that machine learning does not automatically outperform simpler statistical models enough to justify implementation.
Tran-The et al. (2024) subsequently developed explainable machine-learning models to prioritise discontinuation, intravenous-to-oral conversion and early or late de-escalation. Using more than 130,000 patient-days, the models achieved moderate to strong discrimination and identified more actionable cases than a simple length-of-therapy strategy at an equivalent review workload. This operational endpoint is more relevant than AUC alone because stewardship programmes have fixed human capacity. Nevertheless, the study still used historical stewardship actions as labels. That creates a circularity risk: the model may learn the preferences, omissions and workload patterns of the local team rather than an objective definition of optimal care.
This label problem is pervasive. In many AI stewardship studies, the target is “appropriate therapy”, “need for intervention” or an expert decision. Such labels contain clinical judgement and can vary among institutions. Models may consequently reproduce local prescribing culture, including systematic overuse or under-recognition of minority patient groups. External validation should therefore evaluate not only model performance against a new institution's labels but also agreement with independently defined stewardship standards and patient outcomes.
6.3 Explainability, Large Language Models and Automation Risk
Explainability has special importance in antimicrobial stewardship because recommendations are conditional on evolving microbiology and because the harm of an incorrect recommendation can be immediate. Giacobbe et al. (2024) argue that interpretable and explainable ML may improve clinician understanding and help reveal unintended bias. The useful question is not whether every complex model can be reduced to a simple rule, but whether a clinician can identify the variables that materially drove the recommendation, determine whether those variables remain valid, and recognise when the model is extrapolating beyond its training distribution.
Feature-attribution methods such as SHAP can provide local explanations, but an explanation of a model is not necessarily an explanation of the clinical mechanism. If prior carbapenem exposure strongly influences a prediction of carbapenem resistance, the association is clinically plausible. If an administrative variable or hospital ward code dominates, the model may be using a proxy for unmeasured epidemiology. That proxy can work temporarily while failing abruptly after a ward reorganisation or outbreak. Governance should therefore include feature review, drift monitoring and predefined conditions under which recommendations are suppressed.
Large language models (LLMs) add a different capability: they can synthesise narrative clinical information and generate prescribing recommendations in natural language. Their fluency can obscure uncertainty. In a 2025 evaluation of 14 LLMs across 60 clinical scenarios with antibiograms, prescribing accuracy varied materially between models and fell as cases became more complex, particularly for difficult-to-treat microorganisms (De Vito et al., 2025). This is exactly the circumstance in which MDRO management requires the greatest precision. The study used vignettes rather than prospective patients, so it cannot establish clinical safety; if anything, the controlled format probably underestimates problems caused by missing, contradictory or temporally evolving real-world data.
An LLM should therefore not function as an autonomous antimicrobial prescriber. A more defensible role is as a retrieval-grounded interface that summarises current microbiology, flags discordance with local guidance, drafts stewardship rationale and makes the provenance of each recommendation visible. Deterministic checks can constrain dose, renal adjustment, allergy status and pathogen-specific contraindications. The system should default to uncertainty when the required evidence is absent. This architecture uses the language model for information organisation rather than allowing it to invent the decision boundary.
6.4 What the Evidence Actually Shows
Systematic reviews confirm broad research activity but also reveal that outcome evidence is immature. Pinto-de-Sá et al. (2024) identified observational studies using AI for tasks including inappropriate-prescribing detection, resistance prediction and therapy selection, with wide variation in model performance and settings. Pennisi et al. (2025) synthesised a larger literature and reported encouraging predictive and diagnostic performance, but the included studies were heterogeneous and dominated by model-development or retrospective validation designs. Lv and Wang (2024), focusing on resistance-prediction models more broadly, likewise found high heterogeneity and methodological bias. These findings should temper claims that AI has already transformed stewardship.
The appropriate evidential ladder is straightforward. Retrospective discrimination demonstrates technical feasibility. Temporal validation tests stability. External validation tests transportability. Silent prospective deployment tests data pipelines and behaviour without changing care. Pragmatic impact trials test whether recommendations improve clinically meaningful outcomes. Post-deployment surveillance tests drift, equity and unintended consequences. Most current AI stewardship studies sit in the first three stages. The gap is therefore not a shortage of models but a shortage of rigorously evaluated implementations.

Table 4 summarises major stewardship applications and the corresponding evidence gap. Across all applications, the decisive endpoint is whether AI changes antimicrobial exposure and patient outcomes without increasing treatment failure or resistance selection.
Table 4. Artificial intelligence applications in antimicrobial stewardship: practical value and evidence gaps
	Stewardship function
	Typical model input
	Intended clinical action
	Evidence to date
	Principal risk
	Priority outcome for prospective evaluation
	Supporting references

	Personalised empiric therapy
	Prior cultures, antibiotic exposure, comorbidity, location, organism identity and local ecology
	Select the narrowest regimen with adequate expected coverage
	Retrospective multi-site and single-site modelling shows feasibility
	False susceptibility may delay active therapy; predictions are site dependent
	Time to active therapy, spectrum of empiric therapy, mortality and adverse events
	Lewin-Epstein et al., 2021; Corbin et al., 2022; Oonsivilai et al., 2018

	Prioritisation of stewardship review
	Medication orders, laboratory results, microbiology and patient status
	Rank patients most likely to benefit from expert review
	Moderate discrimination; newer models improve yield relative to simple review rules
	Historical stewardship actions can encode local bias and workload artefacts
	Intervention yield per reviewer-hour, inappropriate days of therapy and missed high-risk cases
	Bystritsky et al., 2020; Tran-The et al., 2024

	De-escalation and IV-to-oral conversion
	Clinical stability, culture results, treatment duration and route
	Prompt narrowing, discontinuation or route conversion
	Retrospective explainable models are promising
	Automation may act before source control or clinical context is adequately represented
	Days of broad-spectrum therapy, relapse, readmission, treatment failure and length of stay
	Tran-The et al., 2024

	Resistance-risk prediction
	EHR history plus early microbiology
	Escalate or avoid selected empiric agents
	Multiple retrospective models with variable transportability
	Model drift as resistance epidemiology and prescribing change
	Calibration over time, subgroup safety and net clinical benefit
	Lewin-Epstein et al., 2021; Lv & Wang, 2024; Pennisi et al., 2025

	LLM-assisted prescribing and stewardship communication
	Free-text clinical context, guidelines and antibiograms
	Generate or explain antibiotic recommendations
	Vignette studies show variable performance and reduced accuracy in complex MDRO scenarios
	Hallucination, outdated guidance, inconsistent dosing and persuasive overconfidence
	Prospective safety under retrieval grounding and clinician supervision
	De Vito et al., 2025; Giacobbe et al., 2024


Table note. EHR = electronic health record; IV = intravenous; LLM = large language model; MDRO = multidrug-resistant organism.

7. From Models to Clinical Systems: Integrating Diagnostics, Therapeutics and Stewardship
7.1 A Closed-Loop Decision Architecture
The strongest case for AI in MDRO management emerges when the three domains examined above are integrated. A patient with suspected severe infection enters care with an uncertain pathogen and an uncertain probability of resistance. Early EHR information can estimate prior MDRO risk and guide empiric coverage. Rapid organism identification then updates that estimate. MALDI-TOF, molecular markers, WGS or early phenotypic signals can further narrow the likely susceptibility profile. Once a resistance mechanism and phenotype are sufficiently characterised, the therapeutic choice should be constrained by pathogen-specific clinical evidence and patient factors. Stewardship algorithms can then identify the earliest safe point for narrowing, route conversion or discontinuation. Finally, observed outcomes and confirmed AST feed back into local surveillance and model recalibration.
This architecture is different from an autonomous prescribing engine. It is a sequence of bounded models and deterministic clinical rules, each associated with a defined decision time. The approach can preserve the strengths of conventional microbiology while reducing avoidable delay. It can also expose uncertainty. A model could, for example, provide a high predicted probability that a K. pneumoniae bloodstream isolate is resistant to meropenem but only moderate confidence about the carbapenemase class. In a critically ill patient, that may justify early transition from an empiric carbapenem to a newer broad active agent while awaiting definitive mechanism testing. In a stable patient, the same uncertainty may support waiting for phenotypic confirmation. The appropriate threshold is therefore linked to clinical loss, not to a universal score.
A treatment knowledge layer is essential. The AI diagnostic output should not directly map to a drug name without considering evidence quality. ATTACK supports sulbactam-durlobactam for serious carbapenem-resistant A. baumannii-calcoaceticus complex infection in a way that no analogous randomised trial supports CRISPR or personalised phage therapy (Kaye et al., 2023). CREDIBLE-CR and subsequent observational evidence create a more conditional cefiderocol decision, especially for CRAB (Bassetti et al., 2021; Onorato et al., 2024). Encoding these distinctions protects against a common failure of generic decision systems: treating every active option as evidentially equivalent.
7.2 Clinical Utility Requires More Than Predictive Accuracy
AI implementation should be evaluated against the counterfactual workflow it replaces. A resistance model that produces a result two hours earlier than standard AST but is ignored by clinicians has no utility. A model that reduces broad-spectrum days while increasing delays in active therapy can be harmful despite meeting stewardship targets. A triage model that increases intervention yield but systematically overlooks patients with missing data can produce inequity. These examples show why technical performance and clinical utility are separate constructs.
Prospective evaluation should use endpoints mapped to the decision being changed. For empiric therapy, the key endpoints include time to active therapy, unnecessary broad-spectrum exposure, early clinical deterioration and mortality. For de-escalation, they include broad-spectrum days, treatment failure, relapse, Clostridioides difficile infection and drug toxicity. For diagnostic prediction, error rates should be reported by organism, drug, resistance prevalence and clinically important subgroups, with particular attention to very major errors. For system-level stewardship, resistance ecology and selection pressure need longer follow-up than a conventional software performance study.
Calibration should also be treated as a patient-safety property. A well-calibrated risk score allows thresholds to be adjusted according to illness severity and local drug policy. An uncalibrated model forces clinicians to interpret opaque scores whose meaning may change between sites. External recalibration can sometimes preserve a model whose ranking performance remains stable, but if feature-outcome relationships have shifted, retraining may be required. Governance should therefore distinguish simple prevalence drift from concept drift.
7.3 Data Quality, Bias and Equity
AMR datasets are unusually susceptible to selection bias. Cultures are not obtained randomly; clinicians order them when infection is suspected, often after antibiotics have started. AST panels are conditional on organism, laboratory platform and formulary. Resistant isolates may be preferentially sent for sequencing. Prior culture history is richer for patients with frequent healthcare contact. A model trained on such data learns the healthcare process as well as the biology. This can be useful, because healthcare exposure is genuinely predictive of resistance, but it can also reproduce ascertainment bias.
Low- and middle-income settings create an additional challenge. Resistance burden may be high while microbiology coverage, EHR completeness and access to newer antibiotics are constrained. A model trained in a high-resource health system may recommend drugs that are locally unavailable or rely on predictors that are inconsistently recorded. Conversely, locally collected datasets may be too small for high-capacity models. The Cambodian experience demonstrates that smaller, locally tailored models can still provide clinically relevant information, but uncertainty should be explicit and external claims restrained (Oonsivilai et al., 2018). Equity therefore requires not only representative training data but also a model whose input and recommended action are feasible in the deployment setting.
The same concern applies to AI-enabled drug discovery and personalised biologics. If sophisticated discovery platforms generate therapies that are too costly or operationally complex for regions carrying much of the AMR burden, they may have limited population impact. Access should therefore be considered during translational development rather than after regulatory approval.
7.4 Governance, Human Oversight and Model Maintenance
MDRO decision support is a high-consequence clinical application. Governance should specify model ownership, intended use, excluded populations, update frequency, alert thresholds, escalation pathways and the circumstances under which recommendations are disabled. Human oversight is not a generic ethical safeguard; it is an operational control for known failure modes. Infectious-disease and microbiology expertise remains necessary to recognise discordance between model output and biological plausibility, particularly when a rare resistance mechanism appears.
Explainability can support this oversight if it is used to reveal data provenance and uncertainty rather than to create post hoc reassurance. A recommendation should expose the key microbiological result, relevant prior cultures, model confidence, local resistance context and the treatment evidence on which the drug ranking is based. For LLM interfaces, retrieval grounding should be restricted to current local protocols and verified external guidance. Free-form generation should not be allowed to override dosing constraints or invent a susceptibility result.
Model maintenance must also accommodate evolving breakpoint standards and therapeutic options. A susceptibility label produced under one breakpoint may change category after guideline revision without any biological change in the isolate. Similarly, introduction of a new β-lactam/β-lactamase inhibitor can alter prescribing patterns and selective pressures. Static models are therefore particularly risky in AMR because the target environment is adaptive by definition.

Table 5 translates these requirements into a deployment framework. The most important principle is that each AI component should have a bounded clinical purpose, a measurable outcome and a fallback workflow when uncertainty exceeds the validated range.
Table 5. Requirements for responsible integration of artificial intelligence into multidrug-resistant organism management
	System component
	Minimum requirement before deployment
	Prospective performance measure
	Failure mode to monitor
	Governance response
	Supporting references

	Empiric resistance-risk model
	Temporal and external validation; calibrated probabilities; clinically defined thresholds
	Time to active therapy and broad-spectrum exposure
	Prevalence or concept drift causing systematic over- or undertreatment
	Scheduled calibration review, drift alarms and rapid rollback
	Lewin-Epstein et al., 2021; Corbin et al., 2022; Pennisi et al., 2025

	AI-enhanced microbiology diagnostic
	Comparison with accepted reference AST; drug- and species-specific error reporting
	Time saved to actionable susceptibility plus very major/major error rates
	Clone-specific performance, breakpoint change or laboratory-platform shift
	Local verification after platform or breakpoint changes; confirmatory testing rules
	Weis et al., 2022; Ren et al., 2022; Yu et al., 2018

	Therapy recommender
	Mechanism-aware drug knowledge base linked to evidence quality and local formulary
	Concordance with expert treatment plus patient outcomes
	Treating in-vitro activity as equivalent to clinical evidence
	Evidence-tier constraints and specialist override for high-risk infections
	Kaye et al., 2023; Tamma et al., 2024; Bassetti et al., 2021

	Stewardship prioritisation model
	Transparent target definition and prospective silent validation
	Actionable interventions per reviewer-hour and inappropriate days of therapy
	Learning historical team bias or missing-data patterns
	Periodic relabelling audit and subgroup fairness review
	Bystritsky et al., 2020; Tran-The et al., 2024; Giacobbe et al., 2024

	LLM interface
	Retrieval grounding, source display, deterministic dosing constraints and clinician sign-off
	Error rate, override rate, unsupported recommendation rate and workflow time
	Hallucinated therapy, outdated guidance or confident response under missing data
	Restricted generation, provenance display and automatic abstention rules
	De Vito et al., 2025; Giacobbe et al., 2024


Table note. AI = artificial intelligence; AST = antimicrobial susceptibility testing; LLM = large language model; MDRO = multidrug-resistant organism.

8. Future Directions
The immediate research priority is to move AI for MDRO management from retrospective prediction to prospective decision evaluation. The field has produced many models that discriminate resistant from susceptible isolates or identify patients likely to trigger stewardship action, but relatively few studies establish that model-informed care improves outcomes. Pragmatic trials should therefore randomise wards, services or time periods to AI-supported versus standard decision pathways while preserving clinician oversight. The primary outcomes should match the clinical decision being altered. For empiric therapy, these include time to active treatment, unnecessary exposure to last-line agents, early treatment failure and mortality. For de-escalation, days of broad-spectrum therapy, relapse, readmission, adverse drug effects and Clostridioides difficile infection are more informative than model AUC. Longer follow-up should assess whether reduced exposure translates into measurable changes in resistance ecology rather than assuming such a benefit.
A second immediate priority is prospective multimodal validation. The most useful resistance estimate will rarely come from a single source. Patient history provides a prior probability; organism identification changes that probability; rapid phenotypic, spectral or genomic data provide increasingly direct evidence. Studies should compare staged decision models with conventional sequential testing, rather than testing each AI modality in isolation. An appropriate design would record how often the model changes empiric therapy, how often those changes are correct according to final AST and clinical adjudication, and how much actionable time is gained. Missing-data behaviour must be prespecified because a clinically deployed system will frequently encounter incomplete prior cultures, delayed specimens or discordant tests.
Diagnostic model research also needs stronger attention to calibration and clinically weighted errors. Future WGS and MALDI-TOF studies should report calibration curves, drug-specific very major and major error rates, performance by sequence type and resistance prevalence, and truly external temporal validation. Model development should avoid random splitting that places related clonal isolates in both training and test sets. Where the model's apparent accuracy is driven by lineage, investigators should state this explicitly and test robustness after the lineage-resistance association changes. This is particularly important for MDROs because successful resistant clones can expand rapidly and then be displaced by new lineages.
The therapeutic knowledge layer requires parallel development. New β-lactam and β-lactamase inhibitor combinations are increasingly mechanism specific, so rapid diagnostics should be linked to evidence-based drug selection rather than only to categorical resistance predictions. Prospective studies could compare an integrated carbapenemase-aware pathway with standard susceptibility-guided care, using active-therapy delay, toxicity, treatment failure and resistance emergence as outcomes. The comparison should include contemporary active agents rather than obsolete salvage regimens. Evidence from TANGO II, ATTACK, CREDIBLE-CR and newer comparative cohorts shows that historical comparator choice can strongly affect apparent therapeutic advantage (Bassetti et al., 2021; Karaba et al., 2026; Kaye et al., 2023; Wunderink et al., 2018). Future AI treatment models should therefore incorporate the date and evidential status of therapeutic data rather than treating historical outcomes as timeless labels.
For CRAB, multicentre comparative-effectiveness studies should clarify how sulbactam-durlobactam, cefiderocol and other active regimens perform across pneumonia, bloodstream infection, deep-seated infection and differing susceptibility backgrounds. ATTACK provides an important randomised foundation for sulbactam-durlobactam, whereas cefiderocol evidence remains more heterogeneous (Bassetti et al., 2021; Kaye et al., 2023; Onorato et al., 2024). A prospective registry with harmonised severity measures, drug exposure, source control, resistance mechanisms and longitudinal isolates could provide better real-world evidence than disconnected retrospective cohorts. Serial genomic and phenotypic sampling would also allow AI models to predict not only baseline susceptibility but the probability of resistance emerging during therapy.
Phage research requires standardisation before sophisticated personalisation can be judged fairly. Priority studies should harmonise phage characterisation, potency, purity, multiplicity of infection, route, neutralising-antibody measurement and pharmacokinetic sampling. Adaptive platform trials could evaluate phage therapy as an adjunct to optimised antibiotics in narrowly defined pathogen-syndrome combinations, rather than pooling biologically different infections. Rapid phage-host matching is an obvious AI use case, but its endpoint should be time from isolate to release of an active, quality-controlled product and subsequent clinical response. PhagoBurn showed that manufacturing and titre failure can dominate biological promise, while personalised case reports demonstrate feasibility rather than average treatment effect (Jault et al., 2019; Schooley et al., 2017). Future work should therefore optimise the full production-and-treatment pathway.
CRISPR antimicrobials require a different translational sequence. Near-term studies should prioritise delivery efficiency, pharmacology, target escape and ecological effects in complex microbial communities. Guide-selection algorithms should be evaluated not only for predicted sequence specificity but for population coverage across circulating strains and plasmids. Multiplex targeting may reduce single-site escape, but it could also increase delivery burden and unintended ecological selection. Preclinical models should include clinically relevant biofilms, mixed populations and resistance-gene transfer rather than only homogeneous laboratory strains. Human trials are premature until the delivery platform itself is reproducible and safe (Bikard et al., 2014; Citorik et al., 2014).
Microbiome-directed decolonisation needs similarly disciplined endpoint selection. The negative sham-controlled FMT trial reported by Narang et al. (2026) indicates that changing microbiome composition is not equivalent to eliminating MDRO carriage. Future studies should enrich for patients at high risk of subsequent invasive infection, test repeat or defined microbial consortia where biologically justified, and follow both decolonisation durability and clinical infection. AI may ultimately help identify responder phenotypes, but predictive modelling should be nested within randomised interventions so that response signatures are not mistaken for causal determinants.
AI-enabled antibiotic discovery should be assessed using development productivity rather than headline screening size. The next generation of studies should prospectively compare AI-prioritised and conventional medicinal-chemistry pipelines on hit novelty, confirmatory activity, selectivity, resistance frequency, pharmacokinetics, toxicity and progression to candidate status. The halicin, abaucin and explainable-deep-learning studies show that models can identify structurally unusual antibacterial candidates, but the clinically decisive attrition occurs downstream (Liu et al., 2023; Stokes et al., 2020; Wong et al., 2024). Hybrid systems that integrate predicted activity with synthesizability, toxicity and resistance potential may be more valuable than models optimised solely for antibacterial activity.
Large language models require especially cautious research design. Vignette accuracy should no longer be treated as sufficient evidence. Prospective studies should compare retrieval-grounded LLM support with conventional stewardship resources in real clinical workflows, measure unsupported recommendations and clinician over-reliance, and include deliberately difficult MDRO cases. Because model behaviour changes between versions, the exact deployed model and retrieval corpus must be versioned. Recommendation provenance should be visible, and abstention should be rewarded when the evidence is insufficient. The observed decline in LLM prescribing performance for complex difficult-to-treat organisms makes this a safety requirement rather than a cosmetic design preference (De Vito et al., 2025).
Longer-term research should treat AMR as an adaptive system. Antibiotic recommendations change selection pressure, selection pressure changes resistance prevalence, and resistance prevalence changes the model's future labels. Conventional predictive validation assumes a largely stationary relationship between inputs and outcomes; MDRO management violates that assumption. Causal and reinforcement-learning approaches may eventually help optimise sequential policies, but only if safety constraints and counterfactual assumptions are explicit. Early experiments should therefore be conducted in simulation or silent mode using rich longitudinal data before any autonomous policy is permitted to alter treatment.
Finally, global implementation research must be treated as a core scientific priority. Models developed in high-resource hospitals should be tested in regions with different pathogen distributions, laboratory capacities, antibiotic availability and data completeness. Locally feasible models using a small number of reliable variables may outperform imported complex systems in net benefit. Shared open benchmarking datasets can improve method comparison, but deployment datasets should remain locally representative. The most meaningful long-term success criterion is not whether AI raises average predictive performance; it is whether integrated systems reduce preventable delay, preserve antimicrobial effectiveness and make high-quality MDRO care more accessible without amplifying existing inequities.
9. Conclusions
Management of multidrug-resistant bacterial infections is becoming more precise because resistance mechanisms, diagnostic information and therapeutic spectra can increasingly be linked at the level of the individual patient. The strongest current therapeutic advances are mechanism-matched antibacterial agents supported by clinical trials or comparative clinical evidence. These agents have reduced dependence on toxic salvage regimens for several resistant Gram-negative infections, although effectiveness remains contingent on pathogen, resistance mechanism, infection site and host context. Bacteriophage therapy, CRISPR-based antimicrobials, microbiome manipulation and AI-discovered antibiotics broaden the conceptual therapeutic space but remain at earlier stages of clinical maturity.
AI has credible near-term value when it shortens a defined information bottleneck. Machine-learning models can extract useful resistance signals from MALDI-TOF spectra, genomic data, rapid phenotypic imaging and EHR histories, while stewardship models can prioritise expert review and personalise empiric coverage. The evidence does not yet support autonomous treatment selection. Transportability, calibration, class imbalance, changing resistance epidemiology and the difference between retrospective accuracy and prospective patient benefit remain substantial constraints. Large language models are particularly vulnerable to persuasive but incorrect recommendations in complex MDRO scenarios and should be restricted to governed decision support rather than independent prescribing.
The most defensible integration model is therefore a closed-loop clinical system in which AI augments, rather than replaces, microbiological measurement and specialist judgement. Early patient-level risk estimates should be updated by progressively stronger laboratory evidence; treatment recommendations should be constrained by mechanism-specific clinical evidence and local availability; stewardship should reassess therapy as uncertainty resolves; and confirmed outcomes should feed surveillance and model maintenance. Such a system must expose uncertainty and data provenance, maintain a validated fallback pathway and be evaluated by clinical and ecological outcomes rather than algorithmic performance alone.
The field is technically ready to progress from model development to prospective implementation science. Whether AI materially improves MDRO management will depend less on producing another high-performing classifier than on demonstrating that integrated decision support delivers active therapy sooner, narrows treatment safely, preserves newer agents, detects failure modes and remains reliable as bacterial populations, breakpoints and treatment options evolve.
10. Limitations
As a critical narrative review, this synthesis is intrinsically vulnerable to selection and interpretive bias despite the use of a transparent search, explicit eligibility criteria and structured appraisal. It was designed to integrate heterogeneous therapeutic, diagnostic and stewardship evidence rather than to identify an exhaustive set of studies or calculate pooled treatment effects. Consequently, the absence of formal systematic screening counts and quantitative synthesis limits reproducibility relative to a systematic review or meta-analysis.
The evidence base itself is heterogeneous. Therapeutic conclusions range from pathogen-specific randomised trials to uncontrolled personalised-treatment reports, while AI studies vary in data source, target label, validation design and performance metric. Direct comparison across these evidence classes is therefore necessarily qualitative. Many AI studies are retrospective and institution specific, and prospective effects on patient outcomes, antimicrobial consumption or resistance ecology are uncommon. Publication bias towards technically successful models and positive proof-of-concept studies is likely.
Only English-language sources were considered, and access was centred on open scholarly databases and accessible full-text or authoritative bibliographic records. Relevant studies available only through inaccessible subscription resources may therefore have been missed. The rapidly changing nature of both AI and antimicrobial therapeutics creates additional temporal limitation: new model versions, resistance mechanisms, breakpoint changes and therapeutic approvals can alter conclusions quickly. Finally, the review focuses on bacterial MDROs in human clinical care and does not attempt comprehensive treatment of multidrug-resistant fungi, tuberculosis programme management, veterinary AMR or environmental resistance reservoirs. These exclusions were necessary to maintain a coherent management pathway but limit generalisation beyond the defined scope.
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