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ABSTRACT

The challenge of antimicrobial resistance (AMR) represents one of the most pressing global health crises, particularly, in resource-
constrained settings like Africa. In this paper, we explore artificial intelligence (AI) and machine learning (ML) potential in
transforming the potential for antimicrobial stewardship (AMS) to improve precision, efficiency, and effectiveness of antibiotic
use. The deployment of AI-driven solutions presents unprecedented opportunities for optimizing treatment regimens, predicting
resistance patterns, and improving clinical workflows. However, successfully integrating these technologies into Africa’s health
systems faces considerable obstacles, including limited human capacity and expertise, widespread public distrust, insufficient
funding, inadequate infrastructure, fragmented data sources, and weak regulatory and policy enforcement. To harness the full
potential of AI and ML in AMS, there is a need to first address these foundational barriers. Capacity-building initiatives are
essential to equip healthcare professionals with the skills needed to leverage AI technologies effectively. Public trust must be cul-
tivated through community engagement and transparent communication about the benefits and limitations of AI. Furthermore,
technological solutions should be tailored to the unique constraints of resource-limited settings, with a focus on developing
low-computational, explainable models that can operate with minimal infrastructure. Financial investment is critical to scaling
successful pilot projects and integrating them into national health systems. Effective policy development is equally essential to
establishing regulatory frameworks that ensure data security, algorithmic fairness, and ethical AT use. This comprehensive ap-
proach will not only improve the deployment of AI systems but also address the underlying issues that exacerbate AMR, such as
unauthorized antibiotic sales and inadequate enforcement of guidelines. To effectively and sustainably combat AMR, a concerted
effort involving governments, health organizations, communities, and technology developers is essential. Through collabora-
tions and sharing a common goal, we can build resilient and effective AMS programs in Africa.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

AMR has been identified by the World Health Organization
(WHO) as one of the Top 10 global health threats [1]. AMR is
a phenomenon that occurs when microorganisms develop the
ability to resist the drugs designed to kill them. AMR threat-
ens to render the cornerstone of modern medicine ineffective
against infections, which consequently lead to prolonged ill-
nesses, increased healthcare costs, and even mortality [2].
Africa stands particularly vulnerable in the face of AMR due
to limited healthcare resources and the high burden of infec-
tious diseases, coupled with poor or inadequate diagnostic
capacity.

In 2015, the World Health Assembly adopted a global action
plan (GAP) on AMR, which outlines five objectives: improve
awareness and understanding of AMR through effective com-
munication, education, and training; strengthen the knowledge
and evidence base through surveillance and research; reduce
the incidence of infection through effective sanitation, hygiene,
and infection prevention measures; optimize the use of antimi-
crobial medicines in human and animal health; and develop the
economic case for sustainable investment that takes account
of the needs of all countries and to increase investment in new
medicines, diagnostic tools, vaccines, and other interventions
[3]. Following the 2015 declaration, several countries adopted
the GAP on AMR and developed their National Action Plans
(NAPs) in line with the five GAP objectives. Although African
countries have made strides in establishing antimicrobial stew-
ardship (AMS) programs, the effective implementation of activ-
ities varies from country to country, with different challenges,
ranging from limited resources and inadequate local funding,
poor infrastructure, lack of trained personnel, and poor surveil-
lance systems with limited electronic health records (EHRs).
This results in inconsistent data collection practices and creates
a data gap, thereby hindering African countries from making
informed decisions and establishing comprehensive AMS pro-
grams [4-6]. Most of the activities included in the NAPs focus
their efforts on raising awareness among healthcare workers,
strengthening surveillance of antibiotic resistance patterns, and
promoting the development of local clinical prescribing guide-
lines [5].

AMS falls under the fourth objective, which is to optimize
the use of antimicrobial medicines. It has been identified as
one of the key strategies to combat AMR. AMS refers to the
multifaceted approach (including policies, guidelines, surveil-
lance, prevalence reports, education, and audit of practice)
that healthcare organizations have adopted to optimize pre-
scribing [7, 8]. These coordinated interventions are designed
to improve and measure the appropriate use of antimicrobial
agents by promoting the selection of the optimal antimicro-
bial drug regimen, including dosing, duration of therapy, and
route of administration. This helps to preserve the efficacy of
existing antibiotics and optimize clinical outcomes while min-
imizing unintended consequences of antimicrobial use, such
as toxicity and the selection and emergence of resistant patho-
genic organisms [9]. The WHO has developed regional policy
guidelines to support countries in implementing comprehen-
sive and integrated AMS activities. These guidelines provide
a set of evidence-based recommendations aimed at optimizing

antibiotic use and reducing AMR [10, 11]. They align with the
broader Global Action Plan on Antimicrobial Resistance and
complement the WHO's practical toolkit for AMS programs in
healthcare facilities.

Notably, Africa has made strides in establishing AMS pro-
grams. These concerted efforts often focus on raising aware-
ness among healthcare workers, strengthening surveillance
of antibiotic resistance patterns, and promoting the devel-
opment of local clinical prescribing guidelines [5]. However,
implementing effective AMS programs in Africa can be
challenging due to several factors. Limited resources such
as inadequate funding, infrastructure, and personnel hinder
African countries from establishing comprehensive AMS pro-
grams [6]. Additionally, inconsistent data collection practices
and limited EHRs create a data gap that hinders informed
decision-making [12] and restricts the reach and effectiveness
of existing programs [13]. Advanced technologies, including
artificial intelligence (AI), have been developed to enhance
AMS programs.

Al refers to the ability of machines to mimic human cognitive
functions such as learning and problem-solving [14]. Machine
learning (ML) is a subfield of AI focusing on algorithms that
can learn from data without being explicitly programmed
[1, 2, 15, 16]. Throughout this article, both AT and ML will be
discussed. While ML is a subset of Al this distinction will be
highlighted to emphasize the specific role and potential of ML
in AMS.

AT and ML offer a multitude of possibilities for optimizing
antibiotic use in Africa. Such powerful emerging computa-
tional technologies can transform African healthcare systems
and potentially overcome existing challenges while making
significant improvements in AMS [17-21]. Furthermore, the
advent of large language models (LLMs) that use advanced
neural networks to read, interpret, and manipulate data and
generate human-like responses with probabilistic modeling
has further brought transformative shifts in health systems.
For instance, chatbots developed through LLMs have been
widely used in diagnosis, pre-consultation, assistance, an-
swering medical queries [22], text analysis [23], management,
education, and training [24]. With all these capabilities, AI
concepts such as ML, deep learning, and large language mod-
els can tremendously transform AMS programs in Africa. For
instance, Al-based algorithms have been utilized to develop
non-knowledge-based and knowledge-based clinical decision
support systems (CDSS). Nonknowledge-based CDSS uses ge-
netic algorithms, ML, and multi-dimensional statistical pat-
tern recognition techniques to generate recommendations by
simply learning from clinical data of the past performance of
specific tasks [25, 26]. In contrast, knowledge-based CDSS
relies on clearly defined rules embedded in the knowledge
base [27], with the inference engine generating recommen-
dations to the end user through the communication interface
based on these rules [26]. These CDSSs tremendously assist
clinicians and other healthcare professionals in optimizing
antibiotic prescribing, analyzing patient medical data, pre-
dicting antibiotic resistance [28], and recommending the
most effective antibiotic based on established guidelines and
local resistance patterns [28]. Additionally, they can improve
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prescribing practices [29] and support remote training or clin-
ical support lines using chatbots. ML algorithms, in particu-
lar, can analyze vast datasets to predict patients at high risk of
developing AMR [30], enabling earlier intervention and more
targeted treatment approaches. Furthermore, Al-powered
CDSS can support monitoring antibiotic prescriptions, dos-
age, and distribution patterns across healthcare facilities [31],
thereby facilitating real-time identification of potential mis-
use and informing policy decisions to enhance AMS efforts
[32]. However, translating this potential into reality requires
careful consideration of several key factors for successful im-
plementation in the African context.

2 | The Potential Benefits of AI and ML for AMS
in Africa

Implementing AMS can be challenging and a daunting task,
particularly in resource-constrained settings such as rural and
marginalized communities in Africa. The difficulties arise from
limited resources such as the shortage of infectious disease and
antimicrobial experts, inadequate infrastructure, and difficul-
ties in tracking data across various electronic health systems
and pharmacies [31].

Despite these challenges, AT and ML offer significant potential
to enhance AMS in Africa. Al-based decision support systems
assist physicians and clinicians by reducing antibiotic misuse
and diagnosis errors. In resource-constrained settings, CDSS
helps reduce challenges associated with staff shortages such as
lack of awareness and community engagement. Al algorithms
and models consider different predictors when analyzing patient
data including prior antimicrobial use, culture and susceptibil-
ity data. This helps clinicians to determine the likelihood of an
infection with a resistant strain and choose the best empiric and
targeted regimens, optimize dose and reduce resistance. Such
capability enhances the clinical treatment of infections [33].
Non-knowledge-based CDSS, which employ ML and genetic al-
gorithms, can assess real-time patient and microbiological data
to recommend optimal treatments based on clinical history and
local resistance patterns. These algorithms can be continuously
updated with new data to refine their recommendations and en-
hance treatment outcomes [32, 34].

Moreover, integrating standard operating procedures, analytic
tools, data types, and quality control into a laboratory data ware-
house accessed by large language models could improve clinical
microbiology laboratory workflow [33]. When LLMs are used to
access and interpret integrated data, they can streamline labo-
ratory processes and improve efficiency. AI applications extend
beyond traditional methods; for example, predicting AMR pat-
terns from mass spectra profiles offers an alternative to conven-
tional laboratory-based susceptibility testing [35]. Additionally,
whole genome sequencing of bacterial isolates, combined with
EHR mining and ML, can retrospectively identify previously
unreported hospital epidemics. This capability enhances infec-
tion prevention and control planning. Evidence-based studies
indicate that Al-based systems can also identify regions with
high rates of antibiotic misuse. This detection enables targeted
treatments and helps secure funding for stewardship programs
[33, 34].

3 | Challenges to Implementation of AI and ML in
AMS in Africa

Evidence-based studies on the significance of AI, ML, and deep
learning in improving African health systems have been con-
ducted and shown promising results. However, the integration
of Al-based systems into health systems is still moving at a slow
pace because of several impediments. Inadequate resources [36]
and technological infrastructure [37] coupled with limited access
to reliable Internet connectivity and high-processing computers,
hinder the deployment of AI systems in many African countries’
health systems [38]. There is also a lack of readily available qual-
ity data for training, testing, and validating AT and ML algorithms
and models. The effectiveness and efficiency of CDSS developed
using deep learning, ML, and other Al-based computational tech-
niques rely on the vast amount of quality data. Noisy, incomplete,
inconsistent, and biased data affect the performance of AI algo-
rithms and models [39]. These challenges are exacerbated by lim-
ited healthcare infrastructure, existing healthcare inequalities,
inconsistent data collection procedures, limited EHRs, and secu-
rity and privacy concerns in Africa [7]. Such impediments hinder
the development and deployment of robust Al-based intelligent
technologies for accurate detection and prediction of AMR. In
addition, the development and integration of AI with healthcare
information systems for detecting and predicting AMR requires
huge financial investment, which might not always be available in
many African health systems. Many healthcare systems in Africa
are commonly funded through donors, health insurance schemes,
out-of-pocket payments, and non-profit organizations [40].

Developing AI systems for AMR requires highly skilled ex-
perts in ML, deep learning, AI, physicians, clinicians, and
other disciplines in medical informatics. Such professionals
are inadequate in Africa due to green pastures, which con-
sequently lead to high staff shortages in health systems and
ultimately hinder the adoption of AI systems for detecting and
predicting AMR [7]. In addition, there is also a lack of health
policies and frameworks that support the integration of Al
systems at national, provincial, regional, and district levels,
with the national health information systems [41]. Once such
policies are made available, issues around AI algorithm bias,
security and privacy concerns, and ethical use of Al in health
systems can be partially addressed through national health
policies, frameworks, and guidelines. In this context, address-
ing the misuse of antibiotics and weak regulatory frameworks,
which are critical factors in the rise of AMR, becomes relevant
[42]. Weak regulatory frameworks and ineffective policy im-
plementation contribute to the over-the-counter sale of anti-
biotics without prescriptions. Such practices exacerbate AMR.
These issues, coupled with limited access to healthcare and
socio-economic factors, further hinder effective AMR man-
agement. Therefore, the successful implementation of AI for
AMS in Africa must also tackle these broader challenges to
fully realize its potential.

4 | Practical Recommendations and a Way
Forward

Despite the challenges faced in implementing AI and ML for
AMS in Africa, several practical recommendations can guide
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the successful development, deployment, and integration of
these technologies.

4.1 | Capacity Building

Developing capacity-building in AI programs such as ML and
deep learning becomes imperative. It is essential to engage
healthcare professionals, key health system actors, and pol-
icymakers in comprehensive training initiatives [36]. Such
programs will enhance their understanding of AI's role in com-
bating AMR and how to integrate these technologies into their
daily workflows. A phased approach can be adopted, starting
with piloting AI projects for detecting and predicting AMR in
well-resourced healthcare facilities. These initial efforts should
be gradually expanded based on lessons learned and successes
achieved, allowing for iterative improvements and broader
implementation.

4.2 | Building Trust Among Key Stakeholders

Gaining the trust of key stakeholders, including the public,
healthcare providers, and policymakers, is essential for the suc-
cessful adoption and implementation of AI systems for AMS.
Engaging these groups throughout the development and de-
ployment process can significantly enhance trust and accep-
tance and potentially increase the adoption and utilization of AI
technology. This can be achieved through open communication,
educational initiatives, and demonstrating the ethical and bene-
ficial applications of AI in healthcare.

4.3 | Technology and Infrastructure

Given the limited resources and technological infrastructure
in many African settings, it is essential to develop AI algo-
rithms and models that are robust yet optimized for low com-
putational power and minimal Internet connectivity. These
solutions should be designed to work efficiently on portable
digital devices, making them accessible in resource-limited en-
vironments. AI systems must be developed, trained, tested, and
validated using relevant local datasets, which include data on
prevalent pathogens, resistance patterns, and antibiotic avail-
ability. Furthermore, addressing algorithmic bias is critical. AI
systems should be trained on diverse and representative local
datasets to ensure fairness and accuracy in predictions and
recommendations.

4.4 | Financing

Conducting well-designed pilot projects to demonstrate the fea-
sibility and effectiveness of AI solutions in real-world settings,
while also conducting rigorous cost-effectiveness research stud-
ies to quantify the benefits of AI interventions will inform re-
source allocation decisions. Moreover, mobilizing significant
financial investment is necessary to support the scaling and in-
tegration of successful AI projects. Funding should be directed
towards scaling pilots based on empirical evidence and inte-
grating these systems with existing national health information

TABLE1 | Glossary of abbreviations.

Abbreviation Definition
Antimicrobial resistance The ability of
(AMR) microorganisms

to resist the drugs
designed to kill them.

Coordinated interventions
aimed at optimizing
antimicrobial use.

Antimicrobial stewardship
(AMS)

The simulation of
human intelligence
processes by machines.

Artificial intelligence (AI)

A subset of AI that
focuses on algorithms
learning from data.

Machine learning (ML)

Large language models Advanced neural networks

(LLM) used for interpreting and
generating human-like text.
Antimicrobial resistance The ability of
(AMR) microorganisms
to resist the drugs
designed to kill them.

Clinical decision support
systems (CDSS)

Computer-based systems
that assist clinicians
in decision-making.

World Health Organization
(WHO)

A specialized agency
of the United Nations
focused on public health.

Global action plan (GAP) Refers to the WHO's plan

on antimicrobial resistance.

National action plan (NAP) A country's strategic
plan to address

antimicrobial resistance.

Electronic health record
(EHR)

Digital version of a
patient's paper record.

systems. This integration will strengthen electronic medical re-
cord systems and standardize data collection practices to ensure
high-quality data for AT applications.

4.5 | Policy

Educational workshops for policy advocacy could be an import-
ant starting point. This could involve organizing workshops for
policymakers, healthcare professionals, and experts to demys-
tify AT and ML concepts and showcase real-world applications.
This has the potential to contribute to the development of local
regulatory policies and frameworks that are crucial for the effec-
tive integration of AT into AMS programs. These policies should
address standards, interoperability, interpretability, trustwor-
thiness, and explainability of AI algorithms. Ensuring that AI
systems adhere to ethical guidelines and data privacy standards
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TABLE 2 | Potential benefits and challenges of AT and ML in AMS.

Aspect

Potential benefits

Challenges

Clinical decision-making

Efficiency and workflow

Surveillance and monitoring

Capacity building

Policy and standardization

Enhanced precision in antibiotic
prescribing; real-time analysis of patient
data to predict resistance patterns.

Optimizes clinical workflows; streamlines
laboratory processes and supports
remote decision-making through
chatbots and automated systems.

Improves surveillance of antibiotic usage and
resistance patterns; enables early detection
of misuse and emerging resistance trends.

Supports training initiatives and enhances
clinical support; builds capacity by
providing decision support in resource-
constrained environments.

Informs policy decisions with data-
driven insights; helps standardize clinical
guidelines and prescribing practices.

Lack of quality, comprehensive data;
difficulty in model training due to
incomplete or noisy datasets.

Limited technological infrastructure;
inadequate human expertise in AI and
ML applications in resource-poor settings.

Fragmented data sources; inconsistent
data collection practices; challenges
in integrating multiple systems.

Requires substantial financial
investment; staff shortages and the need
for ongoing professional training.

Weak regulatory frameworks; ethical
and privacy concerns; potential
algorithm bias impacting fairness.

TABLE 3 | Examples of evidence-based CDSS interventions and their impact on AMS.

CDSS intervention type

Approach

Impact on AMS

Non-knowledge-based CDSS

Knowledge-based CDSS

LLM-powered chatbots

Uses machine learning, genetic algorithms,
and statistical pattern recognition to
learn from historical clinical data.

Relies on predefined rules and clinical
guidelines embedded in a knowledge
base to generate recommendations.

Utilizes large language models to offer remote
clinical support, preconsultation advice, and
training via conversational interfaces.

Provides personalized, data-driven
treatment recommendations;
reduces antibiotic misuse and

supports early intervention.

Standardizes prescribing practices;
improves adherence to evidence-
based guidelines and reduces
inappropriate antibiotic use.

Enhances clinician training,
supports remote decision-making,
and increases patient engagement

through accessible guidance.

is essential for their successful deployment. Specifically, these
control measures should mitigate the limitations of AI systems,
such as the “black box” problem, where decision-making pro-
cesses are not transparent. Regulations should focus on enhanc-
ing data security, privacy, and algorithmic fairness to support
the ethical use of Al in health systems [34].

5 | Conclusion

The integration of Al and ML into AMS programs in Africa holds
transformative potential for enhancing healthcare outcomes and
combating AMR. Al-driven decision support systems can opti-
mize antibiotic use, predict resistance patterns, and streamline
clinical processes. However, successful implementation requires
addressing critical barriers, including capacity building, techno-
logical infrastructure, and policy development. With targeted in-
vestments and collaborative efforts, Al and ML can revolutionize

AMS in Africa, leading to more effective management of infec-
tions and preservation of antimicrobial efficacy (Tables 1-3).

Data Availability Statement

Data sharing not applicable to this article as no datasets were generated
or analysed during the current study.
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