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Abstract: Antimicrobial resistance (AMR) and healthcare-associated infections (HAIs) represent
escalating, interlinked global health crises demanding urgent, innovative solutions. While
comprehensive clinical practice guidelines for antimicrobial stewardship (AMS) and infection
prevention and control (IPC) exist, their translation into consistent, effective clinical practice remains
challenging due to information overload, data fragmentation, cognitive burden, and the static nature
of traditional guidance. The maturation of advanced computational systems, particularly those
leveraging machine learning (ML), natural language processing (NLP), large language models
(LLMs), and automation (collectively termed Al), presents a transformative opportunity. This paper
explores the paradigm shift facilitated by these systems, moving beyond passive support towards
active agency in adaptive, real-time decision-making for AMR surveillance, AMS, and IPC. Through
a critical analysis of current literature, including recent comprehensive global burden assessments,
examination of emerging capabilities, and exploration of practical use cases, we propose a conceptual
framework where computational systems underpin dynamic, context-aware "guardrails.” These aim
to support timely, evidence-based decisions, foster federated data analysis for enhanced surveillance
informed by real-world burden data, promote equitable access to insights, and strengthen global
resilience against specific high-burden pathogens and resistance patterns. However, significant
challenges remain, including the need for robust, multi-stage validation processes akin to therapeutic
development, managing algorithmic bias, ensuring data privacy, navigating complex ethical and
medico-legal landscapes, optimizing human-Al interaction to manage cognitive load, and addressing
disparities in regulatory frameworks and resources across nations, which risk creating inequities in
Al adoption and hindering global AMR control. We advocate for rigorous validation defining safety
and efficacy, enhanced clinician training integrated with human factors engineering, and
strengthened international collaboration to ensure the safe, fair, and effective deployment of these
powerful systems globally, aligned with demonstrated needs and intervention potentials.

Keywords: Al; ChatBot; NLP,AMR; IPC; LLM; AMS

1. Introduction: A Confluence of Crises and Capabilities at a Critical Tipping
Point

The global proliferation of antimicrobial resistance (AMR) constitutes a paramount public health
threat, necessitating innovative antimicrobial stewardship (AMS) strategies [1]. Recent
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comprehensive analyses estimate that bacterial AMR was associated with 4.71 million deaths globally

in 2021, with 1.14 million deaths directly attributable to it with a possible escalation in the next 25

years if we do not implement any strategy [2,3]. This burden undermines modern medicine,

threatening routine procedures and treatments for complex diseases [3]. The projected economic
impact is staggering, alongside the profound human cost [4] . Importantly, the AMR burden is not
static; while global attributable mortality rates showed a slight decrease from 1990 to 2021, the
absolute number of deaths associated with key resistance phenotypes, such as methicillin-resistant

Staphylococcus aureus (MRSA) and carbapenem-resistant Gram-negatives, has significantly increased

[2,3]. Furthermore, forecasts predict that without substantial intervention, annual deaths attributable

to AMR could reach 1.91 million by 2050 [6], underscoring the urgent need for effective action.

Concurrently, the COVID-19 pandemic starkly illuminated persistent vulnerabilities within infection

prevention and control (IPC) infrastructures [5]. Despite established international guidelines, real-

world implementation faces barriers including information overload, difficulties contextualizing
general advice to local realities, and challenges integrating recommendations into demanding clinical
workflows [4,6,7]. The slow cycle of traditional guideline updates cannot keep pace with the
documented rapid evolution of resistance patterns [6,8]. A critical finding from recent longitudinal

AMR burden studies is the stark divergence in trends across age groups: globally, AMR mortality

decreased by over 50% in children under five between 1990 and 2021, likely reflecting successes in

vaccination and potentially improved WASH infrastructure or probably also low natality [4].

Conversely, AMR mortality increased by over 80% in adults aged 70 and older during the same

period, highlighting the growing challenge AMR poses to aging populations with increasing

comorbidities [4].

Advanced computational systems, encompassing ML, NLP, LLMs, and automation, emerge as
essential instruments in this context [9-11]. They offer capabilities to:

e Synthesize diverse knowledge: Dynamically integrate guidelines, formularies, real-time local
antibiograms (crucial given demonstrated regional variations in resistance), complex patient
EHR data (including unstructured notes), genomic data, and research findings.

¢ Identify complex patterns: Detect early outbreak signals or predict resistance risk by analyzing
multi-modal data streams, potentially identifying trends far faster than traditional surveillance
allows. This is vital for tracking rapidly increasing threats like carbapenem resistance.

e Personalize guidance: Tailor antimicrobial and IPC recommendations based on individual
patient factors, pathogen genomics, real-time local resistance epidemiology, and stewardship
principles, offering precise decision support.

e Automate processes: Enhance IPC efficiency through automated surveillance, adherence
monitoring, and contact tracing.

Realizing this potential requires overcoming significant hurdles. Clinician education is vital [12],
alongside robust, globally coordinated regulatory frameworks ensuring safety, efficacy, and ethical
deployment [12]. A critical requirement is establishing validation pathways with rigor comparable
to pharmaceutical development, ensuring Al tools undergo systematic evaluation before widespread
clinical use [12]. The marked disparities in AMR burden and data availability across regions,
particularly the high burden and data scarcity in many LMICs documented by Naghavi et al. [3],
emphasize the need for equitable Al development and deployment to avoid widening global health
inequities. In our paper we would argue for transitioning from static guidelines to dynamic,
computationally-driven "guardrails" that actively assist clinicians and public health systems,
informed by real-world data on AMR burden and trends and subject to rigorous validation.

2. From Static Documents to Dynamic Decision Support: Reimagining Guideline
Implementation
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Traditional AMS and IPC rely on static guidelines, limiting their effectiveness due to information
overload, lack of contextualization, update delays, integration challenges, and cognitive burden [7].
The documented rapid rise in resistance to critical antibiotic classes like carbapenems between 1990
and 2021 [3] starkly illustrates the inadequacy of slow guideline update cycles. Clinicians need tools
that reflect current realities. Advanced computational systems, particularly LLMs integrated with ML
capabilities, enable dynamic knowledge management [9-11,13]. A well-designed system can:

e Integrate Multi-Source Data Dynamically: Continuously synthesize guidelines, regulations,
AWaRe classifications, frequently updated local/regional antibiogram data reflecting real trends
[6], formulary information, and patient-specific EHR data [13,14]. ML algorithms can effectively
model the complex interactions influencing resistance [14].

¢ Generate Context-Sensitive, Reasoned Outputs: Provide nuanced recommendations tailored to
the specific clinical scenario and local resistance context. For example, when treating a suspected
Gram-negative infection in a region with high documented carbapenem resistance [3], the system
could prioritize alternative agents or combination therapies based on integrated evidence and
local susceptibility data, explaining the rationale [14].

e Standardize Terminology and Facilitate Interoperability: Use LAMs to map local terms to
standardized codes, improving data quality for surveillance that can feed into burden estimation
models and enabling communication between systems. This is something Campania Region has
engaged as system to link different healthcare priority
[https://www forumriskmanagement.it/atti2024/formaforum/Borriello.pdf].

e Enable Real-Time Updates and Learning: Incorporate new evidence and resistance alerts
rapidly [3]. Future systems might incorporate feedback loops learning from local treatment
outcomes to refine guidance, although requiring rigorous validation [6].

This involves computational reasoning over complex data to provide personalized decision
support, acting as intelligent "guardrails" actively guiding clinicians toward evidence-based, locally
relevant best practices [6] (see Figure 1 for an illustration of this paradigm shift).

Traditional Approach
L Static Guidelines @
Al Transformation

Al-Enabled Approach

£ Dynamic Guardrails

Figure 1. Paradigm Shift from Static Guidelines to AI-Driven Guardrails.

Proactive Decisions

In the traditional model (top), clinicians rely on static, periodically updated guidelines that
support largely reactive decisions. Under an Al-enabled approach (bottom), continuously updated
“guardrails” synthesize real-time data and evidence to proactively guide clinical choices.

3. Expanding the Frontier: Concrete Applications in Computationally-Enhanced
Infection Management

These systems offer tangible applications informed by AMR burden data [3,4,6].

3.1. Revolutionizing AMR Surveillance with Predictive Analytics and Federated Systems

Computational systems enable proactive surveillance intelligence:
e Real-Time Pattern Recognition and Prediction: ML algorithms detect statistically significant

deviations in resistance patterns or HAI clusters earlier than traditional methods [9-11,14].
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Predictive models can forecast outbreaks or stratify patient risk, potentially focusing resources
on high-burden pathogens like MRSA or specific resistant Gram-negatives identified in burden
studies [3,6].

e Federated Learning for Scalable, Private Collaboration: Crucial for overcoming data privacy
barriers and addressing data scarcity highlighted in global burden studies [15]. By enabling
collaborative model training across diverse institutions (including those in data-sparse regions)
without sharing raw patient data, federated learning can generate more robust, representative
surveillance insights and improve the accuracy of burden estimation in LMICs [9-11,14,15].

o Integrating Diverse Data Streams: Al facilitates analysis of pathogen WGS data for transmission
tracking [3]. Future systems could integrate pharmacy data, environmental surveillance (e.g.,
wastewater), and animal health data to provide a comprehensive One Health perspective, crucial
for understanding AMR drivers beyond direct human infection [3]. Al could potentially identify
correlations between these data streams and the AMR burden trends documented by Naghavi et
al. [3].

3.2. Automating and Optimizing Infection Prevention and Control (IPC)
Computational systems streamline IPC tasks and improve adherence [4]:

e Intelligent Monitoring and Automated Alerts: Systems analyze sensor and clinical data,
automating tasks like hand hygiene monitoring and flagging patients for targeted IPC
interventions based on risk factors or potential HAI development [16-18]. This can free up IPC
professionals to focus on implementing interventions targeting high-burden HAIs [16].

e Streamlined Response and Optimized Resource Allocation: Automation speeds up contact
tracing and predictive analytics optimize resource use (e.g., cleaning, PPE, isolation capacity),

potentially leading to more efficient and effective outbreak management [19].

3.3. Empowering Clinicians with Advanced Decision Support Systems
CDS (computational data system) tools offer sophisticated support, but require careful

implementation [12].

e Knowledge Dissemination and Stewardship Support: Systems act as accessible knowledge
resources, interpreting guidelines and supporting diagnostic/antimicrobial stewardship,
particularly for non-specialists [1-3,20]. They can help clinicians navigate the complexity of
managing infections caused by pathogens identified as high-burden threats [12].

e Personalized Therapeutic Optimization: CDS integrating patient data with real-time local
resistance trends (informed by surveillance mirroring GBD findings [3]) can recommend
optimized therapy, promoting narrow-spectrum use where possible and guiding choices against
resistant organisms like MRSA or CRE [2,3]. Personalized antibiograms generated by ML [21] are
a key example.

e Addressing Current System Limitations & Cognitive Load: The documented unreliability of
current LLMs in complex clinical reasoning, their potential for hallucination, and struggles with
nuanced interpretation remain major safety concerns [21,22]. Validation studies show
performance varies significantly by task complexity [21]. While AI can potentially reduce
cognitive load by synthesizing complex information, poorly designed systems risk increasing it
through excessive or poorly timed alerts (alert fatigue) and demanding complex interactions [21].
The probabilistic nature requires users to understand outputs are predictions based on patterns,

not deterministic truths, necessitating critical evaluation.
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e Critical Oversight is Non-Negotiable: These tools augment, not replace, human judgment [12].
Clinicians must critically appraise outputs, verify against primary sources, and integrate
suggestions with clinical context, especially considering the potential life-and-death
consequences highlighted by AMR burden data [2,3,6].

These diverse applications across surveillance, IPC, and clinical support are summarized in
Figure 2.

Infection Prevention & Control

Al Engine - ML, NLP, LLMs,

Automation

Application Domains

| Infection Prevention & Control l Inputs: EHR, Sensors, Staff
I —— Logs, Imaging

Qutputs: HAI Detection,
Adherence Monitoring
Automated Gontact Tracing,
Resource Optimization

v

ML, Computer Vision,
Automation

Al Technalogies

Antimicrobial Stewardship -
Clinical Decision Support

¢

| AMR
| M|

AMS - Clinical Decision Support

Inputs: EHR, Guidelines,
Antibiograms, LLM Knowledge 3
Base, Patient Context

AMR Surveillance

Inputs: EHR, Lab Dala,
Genomics, Epidemiology, >
Environmental Data

Outputs: Early War
Analysis, Resi
Prediction, Burden Estimation

ML, Predictive Analytics,
Federated Leaming

Figure 2. Key Applications of Al Technologies Across AMR/IPC Domains.

This schematic depicts how core Al technologies (ML, NLP/LLMs, and automation) feed three
key application domains—Infection Prevention & Control (IPC), Antimicrobial Stewardship (AMS)
Clinical Decision Support, and AMR Surveillance. Each domain ingests specialized inputs (e.g.,
EHRs, sensor data, guidelines, lab/genomic/environmental data), applies tailored Al methods (e.g.,
computer vision and automation for IPC; LLM-based reasoning for AMS; predictive analytics and
federated learning for surveillance), and generates actionable outputs (e.g., real-time alerts,
personalized prescribing recommendations with human oversight, and early warning trend
analyses)

4. Navigating the Labyrinth: Critical Ethical, Legal, and Regulatory
Considerations
Responsible deployment demands navigating significant challenges [12].

e Safety, Accuracy, and Reliability: Rigorous validation against diverse, representative datasets is
paramount, including specific testing in populations disproportionately affected by AMR (e.g.,
older adults, specific geographic regions [2,3]) [12]. Continuous monitoring and strategies to
mitigate LLM limitations (hallucinations, variability) are essential [21,22].

e Bias and Fairness: Algorithmic bias can amplify health inequities, particularly if models are
trained primarily on data from well-resourced settings while the AMR burden is highest
elsewhere [9-12,21,22]. Mitigation requires diverse datasets, fairness audits, and conscious efforts

to ensure equitable access and benefit [9-12].
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e Explainability and Transparency (XAI - Explainable Artificial Intelligence): Understanding
system reasoning is crucial for trust [20]. While XAI methods offer insights [4], true transparency
about limitations and data provenance is vital [23].

e Data Privacy and Security: Adherence to GDPR/HIPAA and use of privacy-preserving
techniques are mandatory [12,24,25].

e Accountability and Liability: Clear legal frameworks defining responsibility are needed
[12,24,25].

e Regulatory Oversight and Global Disparities: Evolving frameworks (EU Al Act, FDA SaMD)
provide guidance in some regions [12,24-26]. However, the significant disparity in regulatory
capacity between high-income countries and many LMICs poses a major global risk [24-26]. Lack
of effective governance in high-AMR-burden regions could lead to unsafe Al deployment or
hinder the adoption of beneficial tools, allowing resistance to spread globally. International
bodies and wealthier nations have a responsibility to support regulatory capacity building and
promote adaptable standards in LMICs, leveraging data like the GBD AMR study to prioritize
efforts [12,24-26].

¢ Rigorous Validation (The Validation Roadmap): As previously argued. [12], clinical Al requires
validation akin to therapeutics. This implies a structured, phased approach:

o Phase 1/2 Equivalents: Focus on technical validation, feasibility, usability, and safety in
controlled or simulated settings. Establish accuracy against ground truths, assess workflow
integration potential, and refine algorithms based on early feedback. Define clear
performance metrics beyond simple accuracy (e.g., sensitivity/specificity for specific tasks,
calibration).

o Phase 3 Equivalents: Prospective, adequately powered clinical trials (ideally RCTs, potentially
pragmatic trials or stepped-wedge designs) comparing Al-augmented practice against the
current standard of care. Primary endpoints should be clinically relevant outcomes (e.g.,
patient mortality, length of stay, HAI rates, appropriate antibiotic use duration, resistance
emergence rates, adverse events) and secondary endpoints could include process measures
(guideline adherence, time to optimal therapy) and human factors (clinician satisfaction,
workload impact) [12,24]. Sample sizes must be sufficient for subgroup analyses (e.g., by
age, comorbidity, setting).

o  Phase 4 Equivalents: Post-market surveillance in real-world settings to monitor long-term
effectiveness, detect rare adverse events or safety issues, assess performance drift, and
evaluate generalizability across diverse populations and evolving clinical practices [12,24].

This necessitates ongoing data collection and analysis infrastructure.

4.1. Methodological Considerations in System Evaluation
Improving evidence quality requires addressing current gaps [20]. Beyond the phased validation
roadmap outlined above, key methodological considerations include:

e Study Design: Prioritizing prospective designs (RCTs, implementation studies) assessing impact
on clinically relevant outcomes, particularly in diverse settings reflecting global AMR burden
[4,6].

e Validation Practices: Adopting standardized protocols emphasizing external validation across
different populations/systems, transparent reporting of performance metrics (including fairness

and subgroup analyses) [20,22].
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e Reporting Transparency: Consistent use of guidelines (TRIPOD, STARD-AI, CONSORT-AI)
detailing data, methods, performance, limitations, and code/model availability where feasible
[23-25].

¢ Implementation Science: Rigorously evaluating usability, workflow integration (including
cognitive load impact), cost-effectiveness, and health equity alongside technical performance
[12,23-25]. User-centered design methodologies should be integral, not an afterthought.

The key challenges discussed across these domains and their proposed mitigation strategies are
summarized in Table 1.

Table 1. Key Challenges and Proposed Mitigation Strategies for AI Integration in AMR/IPC. This table
summarizes the primary challenges encountered when integrating advanced computational systems (AI) into
AMR and IPC efforts, categorized by domain, alongside corresponding mitigation strategies and

recommendations discussed in the literature.

Proposed Mitigation Strategy /
Category Challenge )
Recommendation

Use diverse, representative datasets; conduct

o ) fairness audits; employ bias mitigation
. . Algorithmic Bias & . )
Ethical / Social . techniques; ensure equitable access to
Health Equity ) ) ]
technology; involve diverse stakeholders in

design.

Implement robust  privacy-preserving

) techniques (federated learning, differential
Data Privacy & ) . ]
privacy, encryption); adhere strictly to

Confidentiality
GDPR/HIPAA; ensure transparent data
governance.
Develop clear legal frameworks defining
- responsibilities (developers, implementers,
Accountability & o o )
o clinicians); maintain comprehensive,
Liability
immutable audit trails; establish shared
responsibility models.
Promote standardized data formats (e.g.,
Data Quality, FHIR); invest in data infrastructure;
Technical / Data Standardization & implement data quality checks; encourage
Interoperability data sharing agreements; use NLP for

unstructured data.

o Conduct rigorous, standardized validation
Model Reliability, ) . .
(internal & extensive external); continuous

Accuracy & o .
) post-deployment monitoring; use techniques
Robustness (incl. LLM ) ) .
o like retrieval-augmented generation; report
Hallucinations)

confidence scores.
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Explainability &
Transparency (XAI)

Employ XAI methods (e.g., SHAP, LIME)
where appropriate; prioritize transparency
about model limitations, training data, and
intended use; balance performance with

interpretability.

Validation Rigor &

Consistency

Mandate prospective, multi-center validation
studies against clinical benchmarks; adhere
to reporting guidelines (TRIPOD, STARD-

Al); assess real-world clinical outcomes.

Employ user-centered design principles;

. . ensure seamless integration with
Operational / Workflow Integration L .
. EHRs/existing systems; develop intuitive
Implementable & Usability ) o ) )
interfaces; conduct usability testing with end-
users.
Implement comprehensive education on Al
o capabilities/limitations; foster critical
Clinician Trust, . . L .
o ) appraisal skills; engage clinicians early in
Training & Adoption .
development; demonstrate value proposition
clearly.
Invest in necessary IT infrastructure; develop
Resource Constraints scalable and adaptable solutions for varied
& Infrastructure resource settings; explore cost-effective
models; prioritize based on burden/need.
Foster international collaboration (e.g., via
Fragmented  Global .
Regulatory / . WHO) for harmonized or adaptable
Regulations & o
Global standards; develop clear guidelines for
Standards

development, validation, and deployment.

Lack of Capacity &

Resources in LMICs

Provide technical assistance and capacity-
building support to LMICs; ensure Al
solutions are designed considering LMIC

contexts; promote equitable global access.

Need for Post-Market

Surveillance

Establish
monitoring of deployed Al systems for safety,
drift,

mirroring  pharmaceutical

mechanisms for ongoing

performance and unintended
consequences,

practices.

5. Envisioning the Future: Towards an Integrated, Computationally-Enabled
Stewardship Ecosystem

do0i:10.20944/preprints202504.2347.v1
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The vision is an interconnected, intelligent ecosystem for infection management [16-18]. Key
components include:
e Federated Architecture: Enabling privacy-preserving analysis across diverse settings, crucial for

capturing global AMR trends and developing generalizable models [15].

e Seamless Workflow Integration & Human Factors Engineering: Embedding validated tools
into clinical systems with user-centered interfaces (UCD) that minimize disruption and optimize
cognitive load [27]. This requires co-design with end-users (clinicians, IPC staff, pharmacists)
throughout the development process, focusing on intuitive data presentation, efficient interaction
paradigms, and managing alert frequency and relevance to avoid fatigue. Cognitive ergonomics
must be a primary design consideration.

¢ Dynamic, Learning Knowledge Systems: Continuously updated "living guidelines" informed
by global evidence and real-time local/regional surveillance reflecting actual burden shifts [28].

¢ Augmented Clinical and Public Health Teams: Systems handling complex analytics, freeing
human experts for interpretation, intervention, and addressing equity issues revealed by burden
data [29].

¢ Robust Interdisciplinary Governance: Oversight structures involving diverse stakeholders to
guide ethical development, ensure fair access, and monitor real-world impact [24,30,31].

e Bridging Care Interfaces and One Health Integration: Facilitating data flow across healthcare
settings and integrating human, animal, and environmental surveillance data for a holistic
approach, guided by understanding where the AMR burden is highest [3,12,15]. Scenario

modeling [3] underscores the need to embed Al within wider health system strengthening efforts.

6. Conclusion
Call to Action: Building Intelligent and Equitable Guardrails for a Resilient Future

AMR and healthcare-associated infections continue to exact a staggering human and economic
toll—4.7 million deaths linked to bacterial resistance in 2021 alone, with direct mortality of 1.1 million
and projected rises without intervention [2,3], and multi-trillion-dollar economic losses forecast by
2050 [4]. Static guidelines and slow update cycles are insufficient to confront this accelerating crisis.
Our dynamic “guardrails” framework leverages advanced computational systems—ML, NLP, LLMs,
and automation—to enable. The necessary shift is towards dynamic, validated "intelligent
guardrails" providing real-time, context-aware decision support [5]. Realizing this requires
addressing the limitations of current systems (especially LLM reliability and safety) [9-11,13,31],
committing to rigorous, standardized, multi-phase validation akin to therapeutic development [12],
proactively managing bias and ensuring data privacy [32-34], optimizing human-Al interaction to
enhance, not hinder, clinical workflow and cognition, and navigating complex regulatory landscapes.
Critically, the stark global disparities in AMR burden, data availability, and regulatory capacity [3,4]
demand international cooperation to ensure equitable access and prevent resistance spread from
high-burden regions [2,3].
A concerted, global effort is essential. Success demands six pillars of action
1. Investment in High-Quality Validation Research: Prioritizing prospective, multi-center trials
(including RCTs and implementation studies) focusing on clinically relevant outcomes, safety,
and human factors, especially in high-burden regions [3,4,6]. Define clear metrics for efficacy
based on the phased validation model [5].

2. Development of Secure Data Infrastructure and Standards: Fostering federated networks and
interoperability to enable secure, equitable data sharing [15,24,25,36].

3. Global Cooperation on Regulation, Equity, and Capacity Building: Working towards

harmonized or adaptable regulatory standards, promoting ethical Al principles, and providing
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targeted support to LMICs for infrastructure and governance, informed by AMR burden data

[12,24,25,33,34,37].

4. Enhanced Clinician Training and Human-Centered Design: Equipping professionals for critical
Al use and designing tools through co-design processes that genuinely augment clinical
workflows and manage cognitive load effectively [12,35].

5. Promotion of Transparent, Interdisciplinary Governance: Establishing robust oversight
structures for the entire Al lifecycle [12,33,34].

6. Adherence to Therapeutic-Level Validation Benchmarks: Ensuring clinical Al systems undergo
scrutiny appropriate for their impact on patient safety, following a structured, phased validation
pathway [3,12,19,20].

By strategically investing in validated, ethically governed, human-centered, and equitably accessible
computational tools, integrated within broader health system strengthening efforts, we can build
effective guardrails (Figure 3). This requires moving beyond technological potential to foster adaptive
healthcare systems capable of mounting a unified, resilient global response informed by real-world

data on the AMR crisis [6]. The urgency is clear, the technology is maturing, and multi-stakeholder
commitment must follow.

Al-Driven Transformation in AMR/IPC

Enhanced AMR Surveillance E.--‘-’.9 ™ - Eﬁ Al-Enabled Transformation
4 Lo :
Diverse Data Inputs -1 : ! Lo ML
. ] I | !
Al ACthn ": : : E__ NLP
QOutputs -~ - - . LLMs
Al-Driven
Navigating Implementation @ P Transformation -
Imperatives in AMR/IPC
1 Y
Rigorous Validation "i : r- Sensor & Clinical Data
Ethics, Bias & Equity - r- AlAction
i
Regulation & Governance --' i *+ Outputs
1

@) Intelligent AMS & CDS

i—- Patient Data

Al Action
‘<. Qutputs

Figure 3. From Static Guidelines to an Integrated AI-Driven Ecosystem for AMR/IPC. Legend: A conceptual
roadmap showing the evolution from static AMR/HAI guidance to a unified, Al-driven stewardship ecosystem.
It begins with the Current State—rising AMR, overloaded guidelines, implementation gaps, and data silos—
then follows the AI-Enabled Transformation arrow into the central AI Engine (ML, NLP, LLMs, automation),
which powers dynamic, context-aware “guardrails.” Three application pillars —Enhanced AMR Surveillance,
Optimized IPC, and Intelligent AMS & CDS —detail their inputs, Al actions, and outputs. Beneath, Navigating
the Labyrinth outlines vital implementation imperatives (validation, ethics & equity, governance,
interoperability, human factors). Finally, the flow culminates in the Future Vision: a real-time, adaptive,
equitable ecosystem that seamlessly integrates workflows, augments clinical expertise, and strengthens global

resilience
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