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Full list of author information is medicine, with hospital-acquired infections (HAIs) as major contributors to morbidity

available at the end of the article and mortality. Traditional surveillance systems for AMR in HAls are often fragmented,

delayed, and reactive, limiting their ability to inform timely interventions. Emerging
evidence demonstrates that artificial intelligence (Al) can transform AMR surveillance
and control. Al can enable predictive modelling, risk stratification, and outbreak
forecasting. This narrative review describes various Al applications for monitoring
and evaluating antimicrobial resistance (AMR) among HAIs in hospital settings. We
begin by discussing how machine learning models can predict the emergence

and spread of antibiotic-resistant pathogens. This is achieved through the analysis
of various datasets, including microbiological results, electronic health records, and
hospital workflows. Patient-level risk scoring systems are examined, demonstrating
their ability to identify individuals at increased risk of multidrug-resistant infections.
We describe Al-powered early-warning systems that provide outbreak alerts, enabling
timely infection prevention and control measures. Hospital applications, including
predictive resistance models validated in European hospitals, such as those in

Lower Saxony, Germany, and early-warning dashboards tested in Asia and Africa,
illustrate the potential impact of these approaches. However, these studies vary
substantially in their designs, validation methods, and implementation contexts. To
ensure sustainability, we propose a roadmap for integrating Al into AMR programs.
We discuss ethical, legal, and regulatory frameworks. We also discuss strategies for
capacity building, cost-effectiveness, and scalability, particularly in low- and middle-
income countries. Our findings suggest that Al has the potential to strengthen
infection control, enhance stewardship, and provide resilient defences within hospital
environments.
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1 Introduction

Antimicrobial resistance (AMR) is increasingly recognised as a critical global health cri-
sis, threatening the effectiveness of treatments for infections and undermining hospital
care. By 2019, over 4.95 and 1.27 million deaths globally were associated with and attrib-
uted to AMR, respectively, with sub-Saharan Africa bearing approximately 27.3 deaths
per 100,000 population [1]. Hospital-acquired infections (HAIs) are a major contributor
to AMR morbidity and mortality. HAIs across Europe, the US, and Australia are esti-
mated at 6.5%, 3.2%, and 9.9%, respectively [2]. Across low-income countries, the risk of
HAIs is estimated at 15%, which is double the average of 7% within high-income coun-
tries and is estimated to increase by 2050 [3]. Many HAIs are caused by pathogens that
have developed resistance to first- and second-line antibiotics, complicating treatment
and worsening outcomes. For example, in low- and middle-income countries (LMICs),
hospital-associated drug-resistant infections (HARIs) are especially prevalent due to
limited antimicrobial stewardship interventions [4]. Their persistence in healthcare
environments arises from selective antibiotic pressure, horizontal gene transfer, envi-
ronmental survival mechanisms, and adaptive virulence factors. Recent global estimates
estimated the number of resistant HAI cases at 136 million annually, with the highest
burden in China at 52 million [4]. Common MDR organisms include the urgent and
high-priority pathogens Enterococcus faecium, Staphylococcus aureus, Klebsiella pneu-
moniae, Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter species,
also known as the ESKAPE pathogens [5]. It was estimated that the 90-day mortality
rate among patients with HAIs increased by 80% compared to those without. Signifi-
cantly, the 90-day mortality further increased by 90% among patients who had resistant
HATIs, especially carbapenem-resistant gram-negative organisms [6]. Further evidence
reported that resistant ESKAPE pathogens doubled the risk of death with significantly
higher hospitalisation costs and longer stays, especially in the Asian region [7]. Effective
surveillance is therefore essential for tracking the emergence and spread of AMR [5].
However, traditional surveillance systems are sometimes slow, fragmented, and under-
used [8]. Additionally, they rarely include most of the Infection Control and Prevention
(ICP) capacities, hindering efforts to address AMR.

The World Health Organisation’s Global Antimicrobial Resistance and Use Surveil-
lance System (GLASS) has made significant progress in combating AMR. Evidence dem-
onstrates that 65.5% of the 194 WHO member states are enrolled on GLASS, with 55.2%
of these enrolled (107 countries) actively submitting AMR surveillance data [9]. How-
ever, healthcare facilities reporting AMR data were variable within the WHO Mediterra-
nean Region, with 9 countries reporting less than 5%, 8 countries reporting 5-50%, and
only 2 countries reporting more than 50% by 2021 [9]. Evidence of the Eastern Medi-
terranean countries disaggregated by income status showed high-income countries (6)
had reported approximately 92,081 isolates [10]. Middle-income countries (11) reported
104,329, and low-income countries (5) reported approximately 558 isolates [10]. Across
Sub-Saharan Africa, 19 out of 54 countries had reported AMR data by 2022, demonstrat-
ing low participation [11]. Progress in many countries, especially LMICs, is hindered
by inconsistent hospital-level testing, sparse data, and weak laboratory capacity. The
GLASS strategy involves creating a national coordinating centre to manage and report
surveillance data and establishing a national reference laboratory to support surveillance
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efforts. The strategy also ensures that the reference laboratory adheres to quality assur-
ance standards and complies with international laboratory standards [9].

Artificial intelligence (AI) and machine learning (ML) have been proposed as potential
tools to enhance AMR surveillance and accelerate detection, prediction, and control of
resistant HAIs. These Al tools have multiple merits and limitations, despite their prom-
ising prospects, as summarised in Table 1.

ML models can forecast resistance trends using hospital-level historical antibiotic use
and resistance data. For example, these models canpredict year-to-year changes in resis-
tant bloodstream pathogens with good performance [25]. Also, interpretable ML applied
to Intensive Care Unit (ICU) admission data can help predict bloodstream infections
and their resistance profiles, supporting more timely empirical therapy [26]. These appli-
cations directly contribute to Sustainable Development Goal 3, which focuses on the
Health and well-being of individuals [27, 28].

However, there is fragmented information on the application of Al models across
hospital settings to combat the rising AMR threat. This study describes and critically
synthesises existing applications of Al in hospital-based AMR surveillance and identi-
fies emerging trends, limitations, and research gaps. The goal is to support antimicro-
bial stewardship and infection prevention/control policies with real-time and actionable
intelligence.

2 Methods

This narrative review synthesised published evidence on the application of Al and ML
methods for AMR surveillance and HAIs monitoring in hospital settings. Although
not conducted as a systematic review, structured search and selection procedures were
applied to enhance transparency and reproducibility. We searched multiple databases,
including PubMed, Scopus, and Google Scholar. We also included other databases, such
as the World Health Organisation website and other credible sources that have devel-
oped Al-based AMR tools, such as the Wellcome Trust. Search terms included “Al-
surveillance framework’, “Hospital Acquired Infections’, “Hospital Infections Resistance’,
“AMR in hospitals’, “Al in AMR’, and “Predictive Modelling in Hospital Infections” The
search strategy combined MeSH terms and free-text terms using Boolean operators. An
example of the PubMed search string used was; (“artificial intelligence“[MeSH Terms]
OR “machine learning” OR “deep learning” OR “predictive modelling” OR “algorithm*”
OR “neural network*”) AND (“antimicrobial resistance” OR “AMR” OR “drug resistance,
microbial“[MeSH Terms] OR “healthcare-associated infection*” OR “hospital-acquired
infection®” OR “nosocomial infection*” OR “HAI”) AND (“surveillance” OR “early warn-
ing” OR “forecast*” OR “risk prediction” OR “clinical decision support” OR “outbreak
detection”) AND (“hospital*” OR “inpatient” OR “tertiary care” OR “clinical setting”).
Equivalent search terms were adapted for Scopus and Google Scholar. Snowballing was
used, with the reference lists of included articles manually screened to identify addi-
tional relevant studies. Approximately 70 articles were included with the last date of lit-
erature review on 27 February 2026.

Studies were included if they described the development, validation, implementation,
or evaluation of Al or machine learning methods applied to antimicrobial resistance
surveillance or healthcare-associated infection monitoring in hospital settings. These
inclusion criteria followed the intervention, outcome, and setting constructs. Full-text
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articles in English were considered, while those in other languages were excluded due to
the limitations of language translation. Preprints were also excluded, especially because
they are not peer-reviewed. Titles and abstracts were screened for relevance, followed by
full-text review of potentially eligible articles.

Given the narrative nature of the review, formal risk-of-bias assessment tools were not
applied. Studies were evaluated descriptively based on methodological transparency,
data sources used, and model validation approaches. Reported performance metrics,
for example, AUC, sensitivity, specificity, and calibration, were also used for evaluation.
Given the heterogeneity of study designs, datasets, and reported metrics, quantitative
pooling or meta-analysis was not attempted. Findings are presented as a descriptive
synthesis.

2.1 Foundations of Al-driven AMR surveillance in hospitals

Antimicrobial resistance (AMR) is a global health challenge, with hospitals serving as
some of its epicentres. The intensive use of broad-spectrum antibiotics, high patient
turnover, and frequent invasive procedures create conditions that encourage the selec-
tion and spread of resistant organisms [29]. Traditional surveillance systems remain
largely fragmented, even though they are essential. Manual laboratory reporting, delays
in incorporating prescribing data, and poor interoperability among hospital information
systems often limit the timely detection of emerging resistance trends [30]. This creates
a significant data challenge, as the vast amount of information relevant to AMR exists in
silos. This data fragmentation undermines the potential for Al-integrated surveillance
[31]. Al offers a transformative opportunity to reframe AMR surveillance from a pas-
sive to a proactive approach. Predictive modelling can forecast the likelihood of resistant
infections in high-risk patients or wards [32]. Natural language processing (NLP) when
applied to electronic clinical notes can further enrich structured datasets by capturing
patterns that traditional coding systems may miss [33]. Also, anomaly detection can
flag abnormal prescribing practices or unusual microbial profiles in real time which can
facilitate earlier intervention and more effective antimicrobial stewardship [34].

The foundation of such Al-driven surveillance depends on integrating diverse hospi-
tal data streams. For example, electronic Health Records (EHRs) provide patient-level
demographic and clinical data. Laboratory information systems contribute microbio-
logical cultures and antimicrobial susceptibility testing results, while pharmacy records
offer prescribing patterns essential for stewardship analysis. These parameters, along
with the suitable model, are further summarised in Table 2. Al can utilize data from
these parameters to establish trends and patterns that can predict HAIs prompting
immediate action. Microbial genomics can now provide detailed insights into resistance
determinants and transmission pathways, enabling hospitals to track specific clones and
resistance genes across wards [35]. By harmonising heterogeneous datasets, Al-powered
platforms can also generate dashboards for infection-control teams. These can then per-
mit proactive hotspot detection, real-time evaluation of prescribing practices, and rapid
assessment of intervention outcomes. Therefore, Al-driven surveillance systems hold
the potential to enhance infection prevention and control and to strengthen hospital
resilience against the escalating global threat of antimicrobial resistance [29, 30].
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2.2 Al-powered surveillance and early detection systems

Developing Al-powered surveillance systems has revolutionised the speed and accuracy
of infectious disease outbreak detection, especially in hospital-acquired infections [36,
37]. Several individual studies reported higher sensitivity or specificity, although perfor-
mance metrics varied widely depending on dataset characteristics, reference standards,
and validation methods. For example, an ML model using random forests to predict
multidrug-resistant Escherichia coli in surgical clinics in Turkey achieved higher accu-
racy, with an AUC of 0.99 for Ertapenem and ampicillin [38]. Across 127 hospitals in
the United States, AUCs ranged from 0.743 to 0.847 for predicting resistance in Esch-
erichia coli and Klebsiella spp [39]. These systems can provide more efficient diagnostic
methods and more thorough surveillance. These results lead to an increase in reported
infectious diseases within and outside hospitals. AI-powered surveillance can also lever-
age innovations such as rapid epidemic intelligence from internet-based sources. This
approach can use informal data via internet-based intelligence methods to enable more
responsive epidemic monitoring [36, 40].

Comprehensive global surveillance has been facilitated by Natural Language Process-
ing (NLP) which is a subfield of Al focused on enabling machines to interpret human
language. This has been instrumental in extracting meaningful insights from multilin-
gual data streams, including clinical notes. Large Language Models (LLMs) and other
advanced Al systems can facilitate scalable human language processing. Integrated with
real-time analysis of structured and unstructured data, they enable a comprehensive
dynamic assessment of global disease threats [40]. Their ability to utilise signals from
vast amounts of health and non-health data sources, including news reports, social
media trends, and web searches, gives them a distinct advantage over traditional sur-
veillance methods, which typically rely solely on health-related data [40, 41]. However,
the combination of social media, news media, and web-based data streams into AI-sup-
ported AMR surveillance systems risks misinformation, signal duplication, and inclu-
sion of unverified cases. To mitigate these risks, robust safeguards are required. These
may include source credibility scoring, cross-platform triangulation, semantic de-dupli-
cation algorithms, and confidence tagging of suspected versus laboratory-confirmed
events [42—44]. Temporal smoothing thresholds and anomaly persistence criteria should
be applied to minimise amplification of transient media spikes. Detection of automated
or coordinated messaging behaviour is also essential to reduce susceptibility to propa-
ganda-driven distortion. Al-generated alerts should be reviewed by humans before esca-
lation. Digital signals must also be periodically calibrated against laboratory-confirmed
surveillance data to ensure fidelity [41]. Transparent documentation of data sources and
validation procedures further strengthens trust and accountability in hybrid digital-
AMR surveillance systems.

Al-powered clinical decision support systems (CDSS), which often use a Markov deci-
sion process, can review antimicrobial prescriptions. These systems provide feedback
to healthcare professionals, helping them identify incorrect prescriptions and prevent
adverse effects, including AMR. This can eventually reduce morbidity, mortality, and
sepsis rates [45]. While AI-powered surveillance systems show great promise for AMR
surveillance, they face significant limitations, particularly in low- and middle-income
countries. A primary challenge is the fragmented nature of many AI models, which
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hinders practical cross-source data synthesis and makes it difficult to combine and anal-
yse information from various sources.

The lack of reliable data and the poor quality of electronic medical records (EMRs)
in these regions further hinder integration. Limited-quality data is another significant
obstacle that prevents Al algorithms from producing meaningful predictions and con-
clusions about AMR and from engaging in real-time surveillance [8]. In fragmented
health systems, datasets are often inconsistent, incomplete, or poorly coded. However,
Al can play a transformative role in generating and augmenting high-quality data nec-
essary for model training and validation. Natural language processing (NLP) models
can extract structured clinical variables from unstructured sources such as handwritten
charts, discharge summaries, microbiology reports, pharmacy logs, and infection con-
trol notes. Machine learning algorithms can identify outliers, reconcile duplicate entries,
impute missing values, and standardise terminology, for example, by mapping local drug
names to WHO ATC codes or by harmonising laboratory breakpoints [37]. Such pre-
processing increases data reliability and allows pooled analysis across hospitals.

2.3 Predictive modelling and outbreak forecasting

AT has accelerated predictive modelling across the AMR-HAI continuum. For example,
AT has estimated future resistance prevalence through bedside risk scoring and real-time
outbreak alerts. Al-based bedside risk-scoring models can integrate prior colonisation
history, recent antibiotic exposure, healthcare contact intensity, patient comorbidities,
and real-time local epidemiological indicators to estimate the probability of a resistant
infection. For example, machine Learning algorithms have been trained to learn from
longitudinal antibiograms and antibiotic consumption data across hospitals in England.
These developments have demonstrated hospital-specific resistance levels that are rela-
tively stable and predictable, enabling forward forecasting to guide stewardship and for-
mulary planning [25]. These models have been applied, and can be applied, at different
levels of the hierarchy of AMR spread. For example, at the population and meso-levels,
such as in a hospital or a network, AMR forecasting models increasingly integrate sur-
veillance, pharmacy, and laboratory information system data. A 2024 proof-of-concept
study demonstrated an ML pipeline that predicts the probability of antimicrobial sus-
ceptibility across multiple pre-culture stages, including sampling, direct examination,
and initial culture [46]. The results from these predictions offered actionable lead time
before the antibiogram was finalised. By relying on routinely collected ecology data, this
approach can be implemented with minimal privacy burden.

Additionally, various strategic frameworks advocate antimicrobial learning systems
that iteratively retain models trained on local data to reduce diagnostic latency. These
models can also target high-risk settings and integrate outputs into stewardship work-
flows [47]. These strategic frameworks can consist of multiple algorithmic methods,
such as classification algorithms based on logistic regression, decision trees, and sup-
port vector machines. These methods can explore different variables to predict antimi-
crobial susceptibility. For example, evidence shows that a simplified score-based model
was developed among hospitals in Lower Saxony, Germany, to determine the transmis-
sion of Methicillin-Resistant Staphylococcus aureus using logistic regression. This model
identified three major predictors with 75% sensitivity, 78.8% specificity, and an AUC
of 0.8 [48]. These predictors could easily be transformed into clinical scores that can
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forecast the MRSA spread. Other algorithmic methods include regression models that
may employ clustering techniques, such as K-means, to identify and predict AMR across
clusters [47]. The combined use of these frameworks can lead to better AMR identifica-
tion and more effective stewardship. Further evidence indicates strong discrimination in
HALI prediction tasks. In selected studies focusing on surgical site infections and urinary
tract infections, some models achieved AUC values exceeding 0.80 [37]. However, these
results are not directly comparable across studies due to heterogeneity in populations
and outcome definitions [37]. Also, external and internal validation, as well as trans-
portability, remain recurring gaps that must be addressed to ensure reliable deployment
across sites.

At the point of care, ML models trained on EHRs identify patients at risk of resistant
infections or adverse outcomes. Examples include XGBoost models that estimate resis-
tance to multiple agents in Enterobacterales bloodstream infections, supporting empiric
therapy choices [49]. “Personalised antibiogram” models using structured EHR features
have achieved AUCs of approximately 0.74—0.78 across five commonly used antibiot-
ics [49]. These findings demonstrate that compact, interpretable feature sets can rival
larger, opaque models and are easier to implement in clinical systems [50]. Thus, tempo-
ral data is critical and should be enhanced using time-series deep learning. Such models
should focus on routine clinical measures to improve individualised risk prediction for
bloodstream infections, enabling earlier detection [50]. For transmission-sensitive HAISs,
graph-based and network-aware models are emerging as early-warning tools. These
have been widely used and offer an opportunity to further integrate them into healthcare
to monitor and track these infections [51]. Such systems can prioritise screening, isola-
tion, and environmental decontamination before clusters amplify. At the system level,
hospital-wide resistance forecasting enables proactive inventory management. It also
enables preemptive stewardship interventions when models signal impending rises in
specific phenotypes, such as Extended-Spectrum Beta-Lactamases (ESBL) and Carbape-
nem-Resistant Enterobacteriaceae (CRE). Embedding these predictions into dashboards
and alerting pipelines operationalises the “sense-and-respond” loop, thereby improving
responses and actions [25, 47].

2.4 Intelligent antimicrobial stewardship and infection control automation

Al-supported systems have the potential to improve infection-detection sensitivity,
detect outbreaks earlier, and enhance risk stratification for resistant pathogens. These
systems can also improve harmony between empiric therapy and susceptibility pat-
terns in selected hospital settings [37]. Recent findings demonstrate the effectiveness of
automated antimicrobial stewardship programs (ASPs) as a cost-saving tool to improve
patient care [52]. Adopting clinical decision support systems within electronic health
records significantly improved adherence to Staphylococcus aureus bacteraemia man-
agement bundles and improved outcomes [52, 53]. The creation of antibiograms using
custom Python code streamlined the process, as data generation was fast and customis-
ing antimicrobial sensitivity data was easy. For example, a five-year report on ASP imple-
mentation across four hospitals demonstrated decreased antimicrobial use, healthcare
costs, and healthcare-related infections [54, 55]. These developments point to the use of
smart automation to support antimicrobial stewardship strategies.
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Automated systems have shown promise through infection-control alert systems. Such
systems analyse microbiological and patient data and predict potential clusters of patho-
gens, providing comprehensive surveillance compared to conventional manual surveil-
lance [56, 57]. These systems can identify sporadic and endemic outbreaks of pathogens
with detection rates of 33—-100%, depending on the pathogen and outbreak definition,
algorithm design, and evaluation methodology [57, 58]. Therefore, attention should be
directed to ensuring alignment between algorithm design and the diverse population
characteristics in which these systems are used. Future trends in automated infection
detection could include the use of emerging technologies, such as natural language pro-
cessing and machine learning, to further improve outbreak identification and response
[24, 29, 59]. For example, during the COVID-19 pandemic, Al was helpful in environ-
mental disinfection and contact tracing. Mobile robots enabled by artificial intelligence
can help plan efficient disinfection coverage patterns to reduce costs more quickly [60].
Furthermore, Al demonstrated competitive performance compared with human capa-
bilities in rapid screening, diagnosis, and treatment monitoring [61, 62].

Topological data analysis (TDA), a set of algorithms that derive features from a data-
set’s global properties, also shows promise in both molecular modelling of outbreak
risk within microbial populations and in predicting disease spread within human popu-
lations [63—-65]. TDA combines spatial and temporal datasets into a single TDA sum-
mary, which is typically a barcode. This then tracks changes across time points with a
time-series machine-learning algorithm, providing a robust initial analysis of trends
and simplified risk tracking, as in the COVID-19 outbreak [64]. TDA, using persistent
homology, has been applied in evaluating resistosomes from approximately 146 bacte-
rial isolates at Johns Hopkins [66]. This methodology uncovered distinct clinical patterns
among the bacterial isolates, enhancing understanding of resistance patterns. Merg-
ing this TDA-based time-series analysis approach can improve AMR tracking by cou-
pling gene or molecular analyses with TDA methods. These can then be forecasted to
future time points using deep learning or standard time-series algorithms. Integration of
molecular or genetic TDA models of microbial evolution with TDA models of hospital-
acquired infection datasets can improve forecasting within hospital systems and track
the likelihood of major HAI outbreaks or the emergence of multidrug-resistant strains.
The application of TDA could follow the workflow is shown in Fig. 1.

TDA applied to microbial datasets

£
4
4

TDA applied to hospital acquired infection
datasets

Merging of TDA results

Time series modeling to forecast resistance
strain evolution and spread through a hospital

Fig. 1 The potential workflow of Topological data analysis algorithms and their application in AMR surveillance.
This workflow can be applied to the different hospital datasets involving data relevant to AMR
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2.5 Roadmap for sustainable Al integration into AMR programs

Integrating Al sustainably into AMR programs requires both technical expertise and
pragmatic governance. Lessons from recent successes indicate that Al performs best
when models are locally validated, explainable, and embedded in clinical workflows
rather than run as isolated pilots [38, 39, 46]. For example, hospital-level resistance fore-
casting that leverages local antibiograms and prescribing data improved forward fore-
casts and stewardship planning [25]. Also, Al-enabled, interpretable decision support
for common infections increased clinician trust and actionability in several proof-of-
concept studies [67, 68]. A summary of the different lessons from the previous evidence
to enhance Al integration into AMR programs is provided in the Table 3 below.

Other strategies for effectively integrating Al into HAIs and AMR programs include
multi-stakeholder collaboration. Various co-design teams, such as clinicians, microbi-
ologists, Infection Prevention and Control committees, Information Technology, data
scientists, pharmacists, pharmacologists, and policymakers, can collaborate to develop
these strategies [67]. These can work together through user-centred design and work-
shops, ward-based pilot dashboards, and continuous feedback loops to refine the models
and decision thresholds [25]. A prospective roadmap for integrating Al to detect and
manage HAIs over several months to years is shown in Fig. 2.

Governments must invest in data infrastructure at the hospital level through training
local data stewards and adopting modular, low-cost pilots within hospital and ward set-
tings. At the technical level, hospitals may require electronic health records capable of
structured data extraction, such as organism identification, susceptibility testing results,
and Minimum Inhibitory Concentration (MIC) values. Other information for extraction
can include antibiotic prescribing records, such as drug class, duration, and days of ther-
apy, as well as admission—discharge—transfer data to enable real-time epidemiological
modelling [37]. A robust laboratory information system must permit automated, time-
stamped export of culture and antibiogram data into a secure clinical unit. On-premises
servers or compliant cloud environments must be in place and support real-time data
streaming and model version control [37]. These servers could also support audit log-
ging, explainability modules, cybersecurity safeguards, and mechanisms for recalibration
as resistance patterns shift. Governance structures, including antimicrobial stewardship
(AMS) oversight committees, local validation frameworks prior to scale-up, transpar-
ent documentation of model performance, and safeguards, are also relevant for this Al
integration [28]. Also, Al tools must be embedded directly into prescribing workflows,
for example, computerised provider order entry systems or stewardship dashboards, to
influence decisions rather than remain parallel analytics tools.

Table 3 The different lessons and why they matter for integrating Al into AMR programs

Lesson (short) Evidence/why it matters

Local data with continuous retraining Hospital forecasts and local antibiogram models out-
perform one-size-fits-all models [25]

Interpretability builds uptake Explainable models increased clinician acceptance in
stewardship pilots [67, 68]

Network models detect transmission earlier Graph-based approaches flagged vancomycin-resistant

enterococci (VRE) carriers before clusters expanded [34]
Integrate into workflows (not silo) Embedding predictions into dashboards/AMS work-
flows enabled action [25]
Link discovery to surveillance Al in antibiotic discovery complements surveillance to
reduce long-term burden [69]
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PHASE O i E?;il?)lish Al-AMR steering
« Conduct needs assessment
« Map data & systems

« Define use cases

Preparation &
Assessment

0!

PHASE 1 « Develop MVS

Proof-of-Concept » Test feasibility & utility
/ Pilots » Train local workforce

PHASE 2  Validate and integrate
Validation & » Expand to additional sites

Early Scale

PHASE 3 < Governance & financing

Institutionalization « Continuous improvement

& Cl

Fig.2 A proposed roadmap that can be adopted to integrate Al for AMR from HAls: MVS: Minimum Viable System

The impact of this adoption can be evaluated using clinical endpoints at the patient
or hospital level [25, 70]. Patient-level endpoints can include improvement in appropri-
ate empiric therapy rates, reduction in time to active antibiotic therapy, and decreases
in unnecessary broad-spectrum antibiotic exposure, such as carbapenem days of ther-
apy. Other endpoints can include safe de-escalation rates after susceptibility results and
clinician adherence to Al-supported recommendations. Hospital-level endpoints may
include reductions in incidence density of multidrug-resistant organism infections per
1,000 patient-days and earlier outbreak detection intervals. Stabilisation or decline in
resistance prevalence for targeted pathogen—antibiotic pairs and improved compliance
with infection prevention measures can also be captured [28]. Safety endpoints, such as
rates of missed resistant infections, adverse drug reactions, and frequency of clinician
override, are also essential to ensure that Al integration does not introduce unintended
harm.

3 Conclusion

AMR in HAIs represents a growing crisis that threatens patient outcomes and health sys-
tem resilience worldwide. Traditional surveillance approaches, while foundational, are
reactive, fragmented, and insufficient to keep pace with the rapid emergence and spread
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of resistance. Al integration can shift this paradigm from delayed response to proac-
tive prediction, early detection, and timely intervention. Studies that have used machine
learning models have demonstrated their potential to forecast resistance trends, iden-
tify high-risk patients, and issue early-warning alerts with increasing accuracy. However,
sustainable AI adoption depends on more than technical innovation. It requires robust
multi-stakeholder collaboration, regulatory alignment, ethical safeguards, and invest-
ments in capacity building, particularly in low- and middle-income countries. Embed-
ding AI tools into clinical workflows, strengthening electronic health record systems,
and ensuring continuous model retraining are essential steps toward meaningful impact.
By combining these strategies, Al-driven surveillance can reinforce infection control and
mitigate the growing threat of AMR in hospital settings.

4 Limitations

This narrative review is subject to selection bias and does not provide a quantitative syn-
thesis of effect sizes or pooled outcomes, unlike systematic reviews and meta-analyses.
The included literature may reflect thematic emphasis rather than a comprehensive cov-
erage of all available evidence. Also, there is heterogeneity across the selected studies
in study design, AI methodologies, models, clinical settings, and reported endpoints.
This limits direct comparability across the different studies. Future studies can expand
this topic through systematic literature reviews to ensure consistent comparisons across
studies. Also, much of the current evidence base consists of proof-of-concept or retro-
spective validation studies, with relatively few prospective, implementation trials. Future
studies can focus on prospective experimental evaluations of Al applications for AMR
monitoring in hospital settings.

Abbreviations

Al Artificial intelligence
AMR Antimicrobial resistance
ASP Antimicrobial stewardship programs

BERT Bidirectional encoder representations from transformers
CDSS  Clinical decision support systems

@ Continuous improvement

CNN Convolutional neural networks

CRE Carbapenem-resistant enterobacteriaceae
HAls Hospital-acquired infections

EHR Electronic health records

ESBL Extended-spectrum beta-lactamases

FNN Feedforward neural networks

GANs  Generative adversarial networks
GRU Gated recurrent unit

LLMs Large language models

LSTM  Long short-term memory

MDR Multi-drug resistance

ML Machine learning

NLP Natural language processing

RNN Recurrent neural networks

SSls Surgical site infections

TDA Topological data analysis

UTls Urinary tract infections

VAEs Variational autoencoders

VRE Vancomycin-resistant enterococci

Acknowledgements
Not applicable.

Author contributions
IA, CF, and DT conceptualised the study.MOY, JGM, AO, GBN, LEN, DT, CF, GM, and TDE developed the different sections
of the paper.lA, JSN, and DT compiled the first manuscript draft.LEN, TDE, SGN, LNO, and GM reviewed the manuscript



Ayesiga et al. Discover Public Health (2026) 23:533 Page 14 of 17

draft and made appropriate changesAll authors reviewed the final manuscript draft, made appropriate changes, and
approved it for submission to a journal.

Funding
No funding was obtained to develop this review.

Data availability
No datasets were generated or analysed during the current study.

Declarations

Ethics approval and consent to participate
Ethical approval is not applicable to this paper. However, the paper was developed in accordance with and guided by
the SANRA guidelines.

Consent for publication
All authors consent to the publication of this paper.

Competing interests
The authors declare no competing interests.

Author details

'Department of Community Health, Mbarara University of Science and Technology, Mbarara, Uganda
2School of Public Health, University of Port Harcourt, Port Harcourt, Nigeria

3Global Health and Infectious Diseases Research Group, Kumasi Centre for Collaborative Research in Tropical
Medicine, Kumasi, Ghana

“Public Health Department, Federal Medical Centre, Keffi, Nasarawa State, Nigeria

°Department of Community Medicine, Abubakar Tafawa Balewa University, Bauchi, Nigeria

®Department of Nursing, Mbarara University of Science and Technology, Mbarara, Uganda

’Molecular Laboratory Department, Uganda Virus Research Institute, Entebbe, Uganda

8Department of Paediatrics, Makerere University College of Health Sciences, Kampala, Uganda

“Department of Community Medicine, David Umahi Federal University of Health Sciences, Uburu, Ebonyi State,
Nigeria

1%Department of Research, Joint Clinical Research Center, Kampala, Uganda

""Department of Laboratory, Ruharo Mission Hospital, Mbarara, Uganda

2Department of Mathematics, Post Urban Ventures, Miami, USA

13Department of Research, Tropical Health and Education Trust, Kampala, Uganda

Received: 21 January 2026 / Accepted: 11 March 2026
Published online: 17 April 2026

References

1. Antimicrobial Resistance Collaborators. Global burden of bacterial antimicrobial resistance in 2019: a systematic analysis.
Lancet (London, England). 2022;399(10325):629.

2. Canadian Nosocomial Infection Surveillance Program. Healthcare-associated infections and antimicrobial resistance in
Canadian acute care hospitals, 2018-2022. Can Commun Dis Rep. 2024;50(6):179.

3. Organisation for Economic Co-operation and Development and World Health Organisation. OECD-WHO Briefing Paper
on Infection Prevention and Control. Addressing the Burden of Infections and Antimicrobial Resistance Associated with
Health Care. Focus on G7 countries. OECD-WHO. 2022. https://www.oecd.org/health/Addressing-burden-of-infections-an
d-AMR-associated-with-health-care.pdf. Accessed 17 Feb 2026.

4. Balasubramanian R, Van Boeckel TP, Carmeli Y, Cosgrove S, Laxminarayan R. Global incidence in hospital-associated infec-
tions resistant to antibiotics: an analysis of point prevalence surveys from 99 countries. PLoS Med. 2023;20(6):¢1004178.

5. Avershina E, Shapovalova V, Shipulin G. Fighting antibiotic resistance in hospital-acquired infections: current state and
emerging technologies in disease prevention, diagnostics and therapy. Front Microbiol. 2021;12:707330.

6.  Kritsotakis El, Kontopidou F, Astrinaki E, Roumbelaki M, loannidou E, Gikas A. Prevalence, incidence burden, and clinical
impact of healthcare-associated infections and antimicrobial resistance: a national prevalent cohort study in acute care
hospitals in Greece. Infect Drug Resist. 2017;10:317-28.

7. Woh PY, Zhang X. The burden of ESKAPE pathogen-related hospital-acquired infections: clinical and financial perspective
from a systematic review. J Hosp Infect. 2025;162:377-85.

8. Ayesiga |, Yeboah MO, Okoro LN, Edet EN, Gmanyami JM, Ovye A, Atimango L, Gadzama BN, Kembabazi E, Atwau
P. Artificial intelligence-enhanced biosurveillance for antimicrobial resistance in sub-Saharan Africa. Int Health.
2025;17(5):795-803.

9. World Health Organization. Global Antibiotic Resistance Surveillance Report 2025: WHO Global Antimicrobial Resistance
and Use Surveillance System (GLASS). 2025. https://iris.who.int/bitstreams/8831cd08-44cc-4741-9e30-5b1293150bda/do
wnload. Accessed on 14 Feb 2026.

10. Sarhan M, Koya SF, Tayler E, Amer H, Allegranzi B, Hutin Y. Implementation of GLASS-AMR: an assessment in WHO's Eastern
Mediterranean Region. Mass Gathering Med. 2025. https://doi.org/10.1016/j.mgmed.2025.100046.

11. World Health Organisation. Analysis of antimicrobial resistance trends in the WHO African Region: insights from GLASS
data, 2024 report. 2026. https://iriswho.int/bitstreams/ce240e90-8c66-4143-90b3-86fe671674c7/download. Accessed 14
Feb 2026.


https://www.oecd.org/health/Addressing-burden-of-infections-and-AMR-associated-with-health-care.pdf
https://www.oecd.org/health/Addressing-burden-of-infections-and-AMR-associated-with-health-care.pdf
https://iris.who.int/bitstreams/8831cd08-44cc-4741-9e30-5b1293150bda/download
https://iris.who.int/bitstreams/8831cd08-44cc-4741-9e30-5b1293150bda/download
https://doi.org/10.1016/j.mgmed.2025.100046
https://iris.who.int/bitstreams/ce240e90-8c66-4143-90b3-86fe671674c7/download

Ayesiga et al. Discover Public Health (2026) 23:533

20.

21,

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.

35.

36.

37.

38.

39.

40.

41.

42.

Zubair M, Din I, Sarwar N, Elov B, Makhmudov S, Trabelsi Z. Revolutionising sepsis diagnosis using machine learning and
deep learning models: a systematic literature review. BMC Infect Dis. 2025;25(1):1-32.

Rosnati M, Fortuin V. MGP-AttTCN: an interpretable machine learning model for the prediction of sepsis. PLoS One.
2021;16(5):€0251248.

Bhowmik BR, Varna SA, Kumar A, Kumar R. Deep neural networks in healthcare systems. In: Machine learning and deep
learning in efficacy improvement of healthcare systems. CRC Press; 2022. p. 195-226.

Wang M, Wei Z, Jia M, Chen L, Ji H. Deep learning model for multi-classification of infectious diseases from unstructured
electronic medical records. BMC Med Inform Decis Mak. 2022,22(1):41.

Nasarudin NA, Al Jasmi F, Sinnott RO, Zaki N, Al Ashwal H, Mohamed EA, et al. A review of deep learning models

and online healthcare databases for electronic health records and their use for health prediction. Artif Intell Rev.
2024,57(9):249.

Hou GY, Hanson AC, Schulte PJ, Lal A, Dong Y, Gajic O, Zhong X. A hybrid CNN-GRU model for real-time prediction of
sepsis clinical trajectories in the ICU. IEEE Rob Autom Lett. 2025;1.

Zeng Z,Tang X, Liu Y, He Z, Gong X. Interpretable recurrent neural network models for dynamic prediction of the extuba-
tion failure risk in patients with invasive mechanical ventilation in the intensive care unit. Biodata Min. 2022;15(1):21.
Madan S, Lentzen M, Brandt J, Rueckert D, Hofmann-Apitius M, Frohlich H. Transformer models in biomedicine. BMC Med
Inform Decis Mak. 2024;24(1):214.

Chataut S, Bhatta S, Dahal B, Ojha G, Raut S, Subedi B, et al. Generative artificial intelligence in healthcare: a systematic
review of GANss, diffusion models, large language models, and variational autoencoders for medical applications. Eur J
Appl Sci Eng Technol. 2025;3(4):182-203.

Singh Y, Farrelly CM, Hathaway QA, Leiner T, Jagtap J, Carlsson GE, et al. Topological data analysis in medical imaging: cur-
rent state of the art. Insights Imaging. 2023;14(1):58.

Gebhart T, Fu X, Funk RJ. Go with the flow? A large-scale analysis of health care delivery networks in the United States
using Hodge theory. In: 2021 IEEE International Conference on Big Data (Big Data) 2021; pp. 3812-3823. IEEE.

Zanni R, Galvez-Llompart M, Machuca J, Garcia-Domenech R, Recacha E, Pascual A, et al. Molecular topology: a new
strategy for antimicrobial resistance control. Eur J Med Chem. 2017;137:233-46.

Guerrero-Flores S, Contreras-Peruyero H, Ibarra-Rodriguez JM, Lovaco-Flores JA, de la Nieto- Rosa FS, Fontove-Herrera F,
et al. Topological data analysis captures horizontal gene transfer in antimicrobial resistance gene families among clinically
relevant bacteria. Front Microbiol. 2025;16:1461293.

Vihta KD, Pritchard E, Pouwels KB, Hopkins S, Guy RL, Henderson K, et al. Predicting future hospital antimicrobial resistance
prevalence using machine learning. Commun Med. 2024;4(1):197.

Ferrari D, Arina P, Edgeworth J, Curcin V, GuidettiV, Mandreoli F, et al. Using interpretable machine learning to predict
bloodstream infection and antimicrobial resistance in patients admitted to ICU: early alert predictors based on EHR data
to guide antimicrobial stewardship. PLoS Digit Health. 2024;3(10):e0000641.

Aslam B, Asghar R, Muzammil S, Shafique M, Siddique AB, Khurshid M, et al. AMR and sustainable development goals: at a
crossroads. Global Health. 2024;20(1):73.

Bhattacharya R, Bose D, Rodriguez RV, Kaur T, Pillai M. A one health plan to combat antimicrobial resistance for improving
global health through sustainable development. Discover Public Health. 2025;22(1):521.

World Health Organisation. Global Antimicrobial Resistance and Use Surveillance System (GLASS) Report, World Health
Organisation. 2022. ; 2022 Dec 8. https://books.google.co.ug/books?hl=en&lr=&id=dHsOEQAAQBAJ&oi=fnd&pg=PR4&dq
=29.9%09World+Health+Organisation.+(2021).+Global+action+plan+on+antimicrobial+resistance:+Annual+report+2020
AWHO.+Accessed+1+January+2026&ots=EZY8rgNw06&sig=uBI233A_MWI_oO4RNgW70NtCOPg&redir_esc=y#v=onepa
ge&q&f=false. Accessed 14 Feb 2026.

O'Neill J. Tackling drug-resistant infections globally: Final report and recommendations. Review on Antimicrobial Resis-
tance. Wellcome Trust. 2017;84 Accessed on 14 Feb 2026.

Stemkens R, Schouten JA, van Kessel SA, Akkermans RP, Telgt DS, Fleuren HW, et al. How to use quality indicators for anti-
microbial stewardship in your hospital: a practical example on outpatient parenteral antimicrobial therapy. Clin Microbiol
Infect. 2023;29(2):182-7.

Tang R, Luo R, Tang S, Song H, Chen X. Machine learning in predicting antimicrobial resistance: a systematic review and
meta-analysis. Int J Antimicrob Agents. 2022,60(5-6):106684.

Topol EJ. High-performance medicine: the convergence of human and artificial intelligence. Nat Med. 2019;25(1):44-56.
Shen Y, Wu W, Zhang L, Zhou W, Xu H. Applications of artificial intelligence in antimicrobial resistance surveillance. Front
Med (Lausanne). 2020;7:465.

Gwinn M, MacCannell D, Khabbaz RF. Integrating advanced molecular technologies into public health. J Clin Microbiol.
2019,57(3):200461-18.

Suvvari TK, Kandi V. Artificial intelligence enhanced infectious disease surveillance - a call for global collaboration. New
Microbes New Infect. 2024;,62:101494.

El Arab RA, Almoosa Z, Alkhunaizi M, Abuadas FH, Somerville J. Artificial intelligence in hospital infection prevention: an
integrative review. Front Public Health. 2025;13.

Tolan HK, Aydin |, Tanyildizi-Kokkulunk H, Karakug M, Akkaya Y, Kaya O, isman FK. Machine learning model for predicting
multidrug resistance in clinical Escherichia coli isolates: a retrospective general surgery study. Antibiotics. 2025;14(10):969.
Goto M, Bandyopadhyay A, Shi Q, Wang Y, Perencevich EN, Hernandez D, Street WN. Personalised Antibiogram: A Novel
Multi-Task Machine Learning Framework for Simultaneous Prediction of Antimicrobial Resistance Profile with Enhanced
Detection of Carbapenem Resistance in Enterobacteriaceae. Clin Infect Dis. 2026. ciag027.

Kaur J, Butt ZA. Al-driven epidemic intelligence: the future of outbreak detection and response. Front Artif Intell. 2025.
https://doi.org/10.3389/frai.2025.1645467.

Ali H. Al for pandemic preparedness and infectious disease surveillance: predicting outbreaks, modeling transmission, and
optimizing public health interventions. Int J Res Publ Rev. 2025;6(2):4605-19.

Menz BD, Kuderer NM, Bacchi S, Modi ND, Chin-Yee B, Hu T, et al. Current safeguards, risk mitigation, and transparency
measures of large language models against the generation of health disinformation: repeated cross sectional analysis.
BMJ. 2024. https://doi.org/10.1136/bmj-2023-078538.

Page 15 of 17


https://books.google.co.ug/books?hl=en&lr=&id=dHsOEQAAQBAJ&oi=fnd&pg=PR4&dq=29.%09World
https://books.google.co.ug/books?hl=en&lr=&id=dHsOEQAAQBAJ&oi=fnd&pg=PR4&dq=29.%09World
https://doi.org/10.3389/frai.2025.1645467
https://doi.org/10.1136/bmj-2023-078538

Ayesiga et al. Discover Public Health (2026) 23:533

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Huang X, Ruan' W, Huang W, Jin G, Dong Y, Wu C, et al. A survey of safety and trustworthiness of large language models
through the lens of verification and validation. Artif Intell Rev. 2024;57(7):175.

Dong Y, Mu R, Zhang Y, Sun S, Zhang T, Wu C, et al. Safeguarding large language models: a survey. Artif Intell Rev.
2025;58(12):382.

Othman ZK, Ahmed MM, Adebisi YA, Okesanya OJ, Oziama BA, Ezedigwe SG, Musa SS, Marouf BH, Lucero-

Prisno DE Ill. Leveraging artificial intelligence to combat antimicrobial resistance in geriatric care. Digit Health.
2025;11:20552076251346612.

Urena R, Camiade S, Baalla Y, Piarroux M, Vouriot L, Halfon P, et al. Proof of concept study on early forecasting of
antimicrobial resistance in hospitalised patients using machine learning and simple bacterial ecology data. Sci Rep.
2024;14(1):22683.

Howard A, Aston S, Gerada A, Reza N, Bincalar J, Mwandumba H, et al. Antimicrobial learning systems: an implementation
blueprint for artificial intelligence to tackle antimicrobial resistance. Lancet Digit Health. 2024;6(1):e79-86.

Raschpichler G, Raupach-Rosin H, Akmatov MK, Castell S, Ribsamen N, Feier B, et al. Development and external validation
of a clinical prediction model for MRSA carriage at hospital admission in Southeast Lower Saxony, Germany. Sci Rep.
2020;10(1):17998.

Haredasht FN, Maddali MV, Ma SP, Chang A, Kim GY, Banaei N, Deresinski S, Goldstein MK, Asch SM, Chen JH. Enhanc-

ing Antibiotic Stewardship: A Machine Learning Approach to Predicting Antibiotic Resistance in Inpatient Care. INAMIA
Annual Symposium Proceedings 2025 May 22 (Vol. 2024, p. 857).

Ming DK, Vasikasin V, Rawson TM, Georgiou P, Davies FJ, Holmes AH, Hernandez B. Utilising routinely collected clinical data
through time series deep learning to improve identification of bacterial bloodstream infections: a retrospective cohort
study. Lancet Digit Health. 2025;7(3).e205-15.

Donabauer G, Rath A, Caplunik-Pratsch A, Eichner A, Fritsch J, Kieninger M, et al. Al modeling for outbreak predic-

tion: a graph-neural-network approach for identifying vancomycin-resistant enterococcus carriers. PLoS Digit Health.
2025;4(4):.e0000821.

Brotherton AL, Rab S, Kandiah S, Kriengkauykiat J, Wong JR. The impact of an automated antibiotic stewardship interven-
tion for the management of Staphylococcus aureus bacteraemia utilizing the electronic health record. J Antimicrob
Chemother. 2020;75(4):1054-60.

Rogers J, Christensen P, Olsen R, Long S. Bringing calm to antibiotic stewardship: customizing and automating antibio-
gram creation at a multi-hospital institution. Am J Clin Pathol. 2021;162(Supplement1):5161-161.

Al-Omari A, Al Mutair A, Alhumaid S, Salih S, Alanazi A, Albarsan H, et al. The impact of antimicrobial stewardship program
implementation at four tertiary private hospitals: results of a five-years pre-post analysis. Antimicrobial Resistance & Infec-
tion Control. 2020;9(1):95.

Pinto-de-Sé R, Sousa-Pinto B, Costa-de-Oliveira S. Brave new world of artificial intelligence: its use in antimicrobial
stewardship—a. Syst Rev Antibiot. 2024;13(4):307.

Aghdassi SJS, Kohlmorgen B, Schréder C, Pefia Diaz LA, Thoma N, Rohde AM, et al. Implementation of an automated
cluster alert system into the routine work of infection control and hospital epidemiology: experiences from a tertiary care
university hospital. BMC Infect Dis. 2021;21(1):1075.

Schroder C, Pefa Diaz LA, Rohde AM, Piening B, Aghdassi SJS, Pilarski G, et al. Lean back and wait for the alarm? Testing
an automated alarm system for nosocomial outbreaks to provide support for infection control professionals. PLoS One.
2020;15(1):¢0227955.

Baker MA, Yokoe DS, Stelling J, Kleinman K, Kaganov RE, Letourneau AR, Varma N, O'Brien T, Kulldorff M, Babalola D, Bar-
rett C, Drees M, Coady MH, Isaacs A, Platt R, Huang SS. for the CDC Prevention Epicenters Program. Automated outbreak
detection of hospital-associated pathogens: Value to infection prevention programs. Infect Control Hosp Epidemiol.
2020;41(9):1016-21.

Branch-Elliman W, Sundermann AJ, Wiens J, Shenoy ES. The future of automated infection detection: innovation to trans-
form practice (part lll/Ill). Antimicrobial Stewardship & Healthcare Epidemiology. 2023;3(1):e26.

Nasirian B, Mehrandezh M, Janabi-Sharifi F. Efficient coverage path planning for mobile disinfecting robots using graph-
based representation of environment. Frontiers in Robotics and Al. 2021;8:624333.

Konya A, Nematzadeh P. Recent applications of Al to environmental disciplines: a review. Sci Total Environ.
2024,906:167705.

Banerjee |, Robinson J, Kashyap A, Mohabeer P, Sathian B. COVID-19 and artificial intelligence: the pandemic pacifier. Nepal
J Epidemiol. 2020;10(4):919-22.

Soliman M, Lyubchich V, Gel YR. Ensembile forecasting of the Zika space-time spread with topological data analysis. Envi-
ronmetrics. 2020;31(7):22629.

Segovia-Dominguez |, Zhen Z, Wagh R, Lee H, Gel YR. TLife-LSTM: forecasting future COVID-19 progression with topologi-
cal signatures of atmospheric conditions. InPacific-Asia Conference on Knowledge Discovery and Data Mining. 2021 May
9 (pp. 201-212). Cham: Springer International Publishing.

Drach K, Glushakov S, Kotenko I. Understanding the spread of COVID-19 in the United States using topology and machine
learning for time series. Proceedings of the Pharmaceutical Users Software Exchange. 2020.

Guerrero-Flores S, Contreras-Peruyero H, Ibarra-Rodriguez JM, Lovaco-Flores JA, de la Nieto- Rosa FS, Fontove-Herrera F,
et al. Topological data analysis captures horizontal gene transfer in antimicrobial resistance gene families among clinically
relevant bacteria. Front Microbiol. 2025;16:1461293.

Cavallaro M, Moran E, Collyer B, McCarthy ND, Green C, Keeling MJ. Informing antimicrobial stewardship with explainable
Al. PLOS Digit health. 2023;2(1):e0000162.

Yang J, Eyre DW, Lu L, Clifton DA. Interpretable machine learning-based decision support for prediction of antibiotic
resistance for complicated urinary tract infections. NPJ Antimicrob Resist. 2023;1(1):14.

Wan F, Torres MD, Peng J, de la Fuente-Nunez C. Deep-learning-enabled antibiotic discovery through molecular de-
extinction. Nat Biomed Eng. 2024,8(7):854-71.

Page 16 of 17



Ayesiga et al. Discover Public Health (2026) 23:533 Page 17 of 17

70.  Ardila CM, Gonzalez-Arroyave D, Tobdn S. Machine learning for predicting antimicrobial resistance in critical and high-
priority pathogens: a systematic review considering antimicrobial susceptibility tests in real-world healthcare settings.
PLoS One. 2025;20(2):¢0319460.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.



	﻿The application of artificial intelligence in surveillance and control for antimicrobial resistance in hospital-acquired infections
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Methods
	﻿2.1﻿ ﻿Foundations of AI-driven AMR surveillance in hospitals
	﻿2.2﻿ ﻿AI-powered surveillance and early detection systems
	﻿2.3﻿ ﻿Predictive modelling and outbreak forecasting
	﻿2.4﻿ ﻿Intelligent antimicrobial stewardship and infection control automation
	﻿2.5﻿ ﻿Roadmap for sustainable AI integration into AMR programs

	﻿3﻿ ﻿Conclusion
	﻿4﻿ ﻿Limitations
	﻿References


