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ARTICLE INFO ABSTRACT
Keywords: Antimicrobial stewardship programs (ASPs) are essential in optimizing the use of antibiotics to address the global
Artificial intelligence concern of antimicrobial resistance (AMR). Artificial intelligence (AI) and machine learning (ML) have emerged

Antibiotic stewardship programs
Machine learning
Antimicrobial resistance

as promising tools for enhancing ASPs efficiency by improving antibiotic prescription accuracy, resistance pre-
diction, and dosage optimization. This systematic review evaluated the application of Al-driven ASPs, focusing
on their methodologies, outcomes, and challenges. We searched all of the databases in PubMed, Scopus, Web of
Science, and Embase using keywords related to “AI” and “antibiotic.” We only included studies that used AI and
ML algorithms in ASPs, with the main criteria being empirical antibiotic selection, dose adjustment, and ASP
adherence. There were no limits on time, setting, or language. Two authors independently screened studies for
inclusion and assessed their risk of bias using the Newcastle Ottawa Scale (NOS) Assessment tool for observa-
tional studies. Implementation studies underscored Al's potential for improving antimicrobial stewardship pro-
grams. Two studies showed that logistic regression, boosted-tree models, and gradient-boosting machines could
effectively describe the difference between patients who needed to change their antibiotic regimen and those
who did not. Twenty-four studies have confirmed the role of machine learning in optimizing empirical antibiotic
selection, predicting resistance, and enhancing therapy appropriateness, all of which have the potential to reduce
mortality rates. Additionally, machine learning algorithms showed promise in optimizing antibiotic dosing,
particularly for vancomycin. This systematic review aimed to highlight various AI models, their applications in
ASPs, and the resulting impact on healthcare outcomes. Machine learning and AI models effectively enhance
antibiotic stewardship by optimizing patient interventions, empirical antibiotic selection, resistance prediction,
and dosing. However, it subtly draws attention to the differences between high-income countries (HICs) and low-
and middle-income countries (LMICs), highlighting the structural difficulties that LMICs confront while simul-
taneously highlighting the progress made in HICs.

1. Introduction to mortality and morbidity, as well as a considerable cost burden on
healthcare systems. In 2015, AMR accounted for >33,000 deaths and
Antimicrobial resistance (AMR) is an important contributing factor 874,541 disability-adjusted life-years (DALYs) in the European Union
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(EU) and European Economic Area (EEA), with the greatest impact
noted among infants and the elderly [1]. The attributable deaths to
bacterial AMR were responsible for 1.27 million deaths in 2019 and are
expected to reach 8.2 million (6.85-9.65) by 2050 globally, prompting
the urgent need for new antibiotics [2-4]. Moreover, infections associ-
ated with AMR result in substantial health care costs, totaling billions
each year. Specifically, the data highlight the critical necessity for robust
antibiotic stewardship programs (ASPs) to address the morbidity and
economic cost of AMR, which amounts to nearly 900 million DALYs and
US$3.5 billion annually. AMR is likely to become the next pandemic if
immediate action is not taken [1,5,6].

Low- and middle-income countries (LMICs) bear the majority of the
burden of antimicrobial resistance. These countries have limited ca-
pacity to implement action plans due to insufficient personnel and
financial resources associated with large-scale initiatives. Therefore,
global action from international institutions is essential. For example, in
sub-Saharan Africa, customized approaches are necessary to effectively
address AMR challenges [7,8]. In a comparison between LMICs and
high-income countries, the World Health Organization (WHO) devel-
oped initiative programs, such as Global Action Plans (GAPs) on anti-
microbial resistance, which have been translated into National Action
Plans (NAPs) in May 2015 [9,10]. However, due to financial constraints
and the short lifespan of newly discovered antibiotics, pharmaceutical
corporations have not developed new classes of antibiotics since the
1980s [11]. All these limitations make the ASPs less costly and highly
efficient plans, which are crucial for tackling this worldwide challenge
[12]. A systematic review correlated the implementation of ASPs in
African countries with improvements in adherence to guidelines,
appropriate antibiotic prescriptions, and a reduction in surgical site
infections (SSIs) [13]. AMR is posing significant economic pressure on
healthcare systems, leading to increased hospitalizations, longer stays,
higher costs for diagnosis and treatment, and reduced safety in treat-
ments. On the other hand, infections that are difficult to prevent and
control (IPC) can have a detrimental effect on trade, agriculture, and
others, increasing the number of sick and dead farmed animals [14]. The
One Health paradigm, a multidisciplinary approach aimed at balancing
and optimizing the health of humans, animals, and ecosystems, em-
phasizes that AMR impacts not only human health but also the health of
animals and ecosystems. This dependency emphasizes the need for
comprehensive approaches to tackle AMR in all fields [15]. Therefore, to
address the issue of antibiotic resistance, specialists have concluded that
finding new antibiotics alone is not enough [16,17]. Their findings
suggest that the primary strategy should concentrate on hindering the
spread of resistant strains, and prior literature strongly indicates a link
between antibiotic use and resistance [18]. A study conducted from
2015 to 2020, utilizing 34,672 bacterial samples, discovered a correla-
tion between the monthly use of third-generation cephalosporins and
the development of antibiotic resistance in Enterobacter species (r =
0.38, 95 % CI: 0.11-0.60) [19].

The core purpose of antibiotic stewardship programs should be
centered on addressing antibiotic misuse and overuse. Concerning the
optimal therapy selection, dosage, and duration, ASPs optimize the use
of antibiotics while reducing costs, improving therapeutic results, and
decreasing AMR in human healthcare, animal health, and the environ-
ment [20-22]. The cornerstone of all ASPs includes the precise selection
of appropriate empiric antibiotics, limiting antibiotic use in unnecessary
situations, adjusting doses accurately, and ensuring early de-escalation
of empiric antibiotics [23-26]. To promote efficient antibiotic use and
fight AMR, the WHO developed the AWaRe (Access, Watch, and
Reserve) categorization system, which groups medicines based on their
importance and stewardship requirements. With the addition of a
comprehensive manual, the AWaRe framework now offers evidence-
based guidelines for empirical antibiotic treatments in the first and
second lines as well as goals for tackling resistance. The AWaRe program
also offers recommendations on the optimal selection of 39 antibiotics
for the management of 35 bacterial infections as part of these guidelines.
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Clinical guidelines and national action plans must include tools like
AWaRe to improve patient outcomes and combat improper prescribing,
a major cause of AMR [27,28].

Machine learning (ML), a branch of artificial intelligence (AI) [29],
uses data analysis to forecast results and categorize inputs, while deep
learning (DL) uses neural networks inspired by the human brain [30].
Healthcare has greatly benefited from Al, especially in the areas of
therapy optimization and diagnostic precision. AI models, such as con-
volutional neural networks (CNNs), have improved early detection and
therapies in medical imaging by effectively detecting diseases, including
pneumonia and cancer [31,32]. Al has helped clinical decision support
systems (CDSS), particularly in customized medicine. ML algorithms can
predict treatment results based on genetic information, which helps with
therapy customization [33]. AI has also been used to anticipate disease
outbreaks and manage public health. By analyzing a range of data
sources, Al systems have provided crucial insights on the prevalence of
diseases like COVID-19 [34].

The success of Al in this field has enabled similar uses in other
healthcare fields, such as antibiotic stewardship programs. ASPs are
utilizing AI and ML as game-changing techniques to enhance antibiotic
dosing and decrease unnecessary prescriptions. In hospital settings, they
detect inappropriate prescriptions, improve decision-making, and fore-
cast antibiotic resistance. Pinto-de-Sa et al. [35], Johns et al. [36], and
Amin et al. [37] demonstrated the potential of Al to enhance ASPs by
utilizing sophisticated algorithms to optimize antibiotic administration,
identify incorrect prescriptions, predict resistance, and ensure adher-
ence to ASPs at a low cost. Based on similar data inputs, this algorithm
can predict outcomes for new patients. The systematic review aimed to
evaluate the clinical implications of Al algorithms in assisting physicians
to enhance the quality of antibiotic prescriptions, concentrating on three
key areas: 1) selection of empiric antibiotic regimens; 2) dose adjust-
ment; and 3) adherence to antibiotic stewardship programs.

2. Materials and methods
2.1. Ethics statement

The systematic review used the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) guideline [38]. This
guideline provides a standard framework that ensures the reproduc-
ibility and transparency of systematic reviews, featuring a checklist that
covers the most important components, including objectives, methods,
and results. The protocol was registered in the database of the Interna-
tional Prospective Register of Systematic Reviews (PROSPERO) (No.
CRD42023468907). The Ethics Committee of Tehran University of
Medical Sciences (TUMS) approved this systematic review and con-
ducted it in accordance with ethical guidelines (No. IR.TUMS.TIPS.
REC.1402.126). We aimed to systematically review the studies, focusing
until December 24, 2023, that addressed the use of Al algorithms to
assist in prescribing antibiotics to hospitalized patients.

2.2. Search strategy and data source

Using a combination of MeSH terms and/or keywords related to
broad subjects such as antibiotic resistance, stewardship, machine
learning, deep learning, and artificial intelligence, we conducted a
comprehensive search of PubMed, Scopus, Web of Science, and Embase
on December 24, 2023. (Supplementary Table S1.). We also manually
searched through additional resources, including websites and citations,
to ensure we didn't miss any relevant research. Two independent re-
viewers carried out the first screening stage, using the title and abstract
as criteria, after eliminating duplicate articles. After a full-text
screening, the reviewers resolved any disagreements or conflicts
through reviewer discussion.
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2.3. Eligibility criteria

Regardless of their publication date and participant age, we included
all studies evaluating the use of Al in the prescription of antibiotics in all
hospital settings up until December 24th, 2023. We excluded studies
conducted in vitro, studies not published in English, animal studies,
conference abstracts, letters to editors, reviews, and case studies.

- Participants and setting: We included studies treating 18-year-old
inpatients with antibiotics and incorporating artificial intelligence
(AI) technology into their antibiotic regimen. We did not apply any
restrictions on the setting (i.e., primary, secondary, or tertiary care),
nor did we include the timing of publication studies.

Study design: Any types of original studies will be included in this
review except for case-reports and case-series with less than five
included participants, involving all hospitalized patients.
Intervention: The studies will be included if they used any types of Al
and related models, such as machine learning, deep learning, and
any automated machine intelligence, used in antibiotic prescription.
Outcome measures: 1. improvement in the quality of antibiotic
prescriptions; 2. anticipating microbial resistance; 3. optimization of
antibiotic usage; and 4. accuracy in antibiotic prescriptions.

2.4. Data synthesis

The included studies were categorized into three categories by two
different authors and also rechecked by another superior author. The
first group of studies proposed algorithms for stewardship or antibiotic
change intervention programs. The second group included studies that
suggested algorithms for choosing empirical antibiotics or predicting
antibiotic resistance. The third group included studies that suggested
strategies for dose adjustment or examined dose adequacy.

Two reviewers independently extracted the following items from the
included studies, based on the aforementioned study groups; a third
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reviewer engaged in discussions to resolve any discrepancies: the first
author's name, the publication year, the study design, the country, the
study groups, the age and gender of the participants, the inclusion and
exclusion criteria of participants in each study, the type of Al and al-
gorithms implemented, the hospital settings in which Al was used, the
aim of the study, the list of prescribed antibiotics, the types of infections
for which the antibiotics were prescribed, the microorganisms detected,
a list of numerical measurements evaluating the quality of Al algorithms
[including area under curve (AUC), accuracy, precision, recall, receiver
operating characteristic curve (ROC)], and a summary of each study's
outcomes are among the items included in this list.

2.5. Risk of bias (ROB) assessment

Two reviewers independently assessed the quality of the included
studies using the Newcastle Ottawa Scale (NOS) for nonrandomized
studies [39]. The NOS evaluates sample selection, comparability of
groups, and ascertainment of exposure with a rating scale ranging from
0 to 9. The NOS allocates four points for selection, two points for
comparability, and three points for outcomes. We then classified the
studies as good, fair, or poor. Studies scoring 7-9 indicate the lowest risk
of bias and highest quality, while those scoring <4 indicate the highest
risk of bias and lowest quality. Studies scoring between 4 and 6 are
considered to have a moderate risk of bias and quality.

The heterogeneity in the studies' demographics, Al models, features,
and objectives prevented the need for a meta-analysis.

3. Results
3.1. Study selection and characteristics
The PRISMA flow diagram in Fig. 1. outlines the search process. We

retrieved a total of 5870 articles after conducting a systematic search of
the relevant databases. After removing duplicates, titles and abstracts

Identification of studies via databases and registers

Identification of studies via other methods

c . - X
-.2_, }F;Eg(l\)/ll':z '(ie:t;fé%i ;rom. Records identified only from:
_g Embase (n = 1894) _| Records removed before screening: Websites (n = 0)
kS . _ Duplicate records removed (n = 2069) Organisations (n = 0)
s Web of Science (n = 261) Citation searching (n = 4)
2 Scopus (n = 2054)
— 1
Records screened . _
(title/abstract) (n = 3801) Records excluded (n = 3739)
=] . .
g Reports sought for retrieval »| Reports not retrieved (n = 0) Ref)orts sought for retrieval . Rei)orts not retrieved
@ n=62 (n=1) (n=0)
8| [n=62)
S
3 | —
1 Reports excluded: (n = 4)
Reports excluded: (n = 34) 3 Conf. papers with data
Reports assessed for 10 Not on hospitalized patients Reports assessed for ,| from another article
cligibilit .| 4 Not original articles eligibility (n = 4) included
g_ Y *| 15 Did not use an Al algorithm 1 Not on hospitalized
(n=62) 2 Not English patients
3 Case-reports

A

Studies included in

systematic review
(n=28)

Fig. 1. PRISMA flowchart depicts the study selection process. This flowchart illustrates the number of studies screened, evaluated for eligibility, and included in

the systematic review in accordance with PRISMA criteria.
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were reviewed independently by two researchers, and 3739 irrelevant
studies were excluded based on initial title and abstract screening. Upon
assessing the remaining studies for eligibility criteria, we excluded 34
articles. This systematic review finally included 28 publications.

Table 1. provides a summary of the characteristics of the included
studies. All the included studies were published between 2007 and 2024,
with the majority occurring in the last three years. Studies were con-
ducted in various regions across Europe, America, and Asia. Given the
study design, all (except one) included cohort studies, and one study was
a case-control study, as presented in Table 1. 25 studies employed ma-
chine learning methods, while six studies used deep learning methods.
Three studies utilized both machine learning and deep learning
methods. Data from training group participants with a mean + SD age of
64.28 + 8.47 years were pooled for this systematic review.

3.2. Quality assessment

23 out of 28 studies had a high quality based on the criteria of cohort
or case-control quality assessment tool (rate 7-9). The quality score of
the remaining five studies varied between 4 and 6 which were catego-
rized as fair quality studies. None of our included articles had low
quality based on NOS criteria. Detailed information on quality assess-
ment is illustrated in Supplementary Tables S2.

3.3. Proposing algorithms for antibiotic change intervention or
stewardship programs

Two studies [40,41] evaluated the effect of developing an algorithm
on antibiotic change intervention or stewardship programs, as shown in
Table 2.1.

Bystritsky et al. [41] used logistic regression and boosted-tree models
in a retrospective cohort study of inpatients who were tracked by the
antimicrobial stewardship program and were given antibiotic regimens.
They aimed to use classic statistical modelling and machine-learning
methods with information to determine which patients on antibiotics
needed stewardship action. Electronic health records (EHR) provided
the data. They used an antibiotic susceptibility test for validation.
Finally, they found that both the logistic regression and boosted-tree
models were effective at telling the difference between groups. The
area under the receiver operating characteristic curves (AUROC) was
0.73 and 0.75, respectively, and there was no significant difference (P =
.07). In their report, both models displayed accurate calibration. To
identify one patient requiring stewardship intervention, we would need
to evaluate a substantial number of patients (41.7-45.5) for both models
tuned to 85 % sensitivity (Table 2.1. and Supplementary Table $3.1.)

Tran-The et al. [40] trained two methods, extreme gradient boosting
(XGB) and light gradient boosting machines (LGBM), among a cohort of
inpatients receiving systemic antibiotics and monitored by a multidis-
ciplinary ASP team at a tertiary hospital in the Republic of Korea. The
main finding of the study was that the models were excellent at telling
the difference between situations (AUROC-IV to PO: 0.81, early de-
escalation: 0.78, late de-escalation: 0.72, discontinue: 0.80) when
tested on a hold-out set. They identified 41 %, 16 %, 22 %, and 17 %
more cases requiring discontinuation, IV to PO, and early and late de-
escalation, respectively. They came to the conclusion that both models
of Al-powered prioritization of ASP interventions can make things run
more smoothly by finding cases that would benefit most from different
kinds of interventions and giving full explanations for those cases
(Table 2.1. and Supplementary Table S3.1.).

3.4. Proposing algorithms for the selection of empirical antibiotics or
prediction of antibiotic resistance

24 studies [42-62] evaluated the effect of various implemented al-
gorithm models on the selection of empirical antibiotics and/or the
prediction of antibiotic resistance. Table 2.2. and Supplementary
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Table S3.2 describe the characteristics of these studies.

According to Corbin et al. [42], the use of machine learning models
trained on electronic health record data (EHR) has the potential to
improve antibiotic stewardship by enabling doctors to confidently pre-
scribe narrower-spectrum empiric antibiotics.

Elligsen et al. [43], in a prospective clinical implementation study,
found that the use of a logistic regression multivariable model increased
the likelihood of therapy de-escalation, resulting in a higher proportion
of patients receiving the narrowest appropriate therapy at the time of
culture with comparable time to therapy, compared to the control
group. They finally concluded that the use of these predictive models
could control empiric antibiotic selections for gram negatives, enabling
an early de-escalation of therapy without compromising the adequacy of
antibiotic coverage.

Feretzakis et al.'s studies demonstrated the potential role of machine
learning techniques in improving empiric therapy selection, reducing
the antimicrobial resistance burden [44], and recognizing antibiotic
resistance to select effective empirical therapy [45,46].

As a result of using machine learning and a simple decision tree to
sort macrolide in people with community-acquired pneumonia, the
death rate was 27 % lower (OR: 1.83, 95 % CI 1.48-2.27; p < .001)
compared to people who got the usual care, according to a study by
Konig et al. [47].

Lewin-Epstein et al. [48], observed similar results to support the role
of machine learning algorithms in predicting antibiotic resistance in
bacterial infections among hospitalized patients.

A study by Moehring et al. [49], using machine learning modelling to
look at electronic health record data from 3 hospitals over the course of
3 years, found that two-stage models were very good at detecting anti-
microbial use, with an average area under the curve of 0.85 and an
average absolute error of 1 day of therapy. Also, the models tended to
underestimate the number of days of therapy for encounters with
extended lengths of stay. Overall, in this study, models using variables
derived from electronic health records reliably identified antimicrobial
exposure.

Antimicrobial resistance prediction in complex urinary tract infec-
tion [Yang et al. [50]], machine learning's potential applications in
antimicrobial resistance prediction [Moran et al. [51]], and high-
precision appropriate empiric antibiotic therapy susceptibility infor-
mation [Oonsivilai et al. [52]] were also assessed.

Implementing the machine learning prediction model as a decision-
support tool to guide antibiotic prescribing in busy emergency de-
partments is simple [53]. However, creating a backpropagation neural
network (BPNN) to identify multidrug-resistant organisms in critically
ill patients presents a different challenge. In this study, the AUC of BPNN
for the training set, the test set, and the validation set were 0.889 (95 %
CI 0.852-0.925), 0.919 (95 % CI 0.856-0.983), and 0.811 (95 % CI
0.731-0.891), respectively. They finally concluded that the BPNN model
can be useful and potentially effective in predicting multidrug-resistant
organisms in ICU patients [54].

In a different study by Tran et al. [55], employing electronic medical
records, machine learning models such as LightGBM, XGBoost, and
Random Forest consistently showed higher accuracy in predicting
antibiotic resistance in bacterial infections among ICU patients.

Shi et al. [56], evaluated the role of machine learning models in
surgical antimicrobial prophylaxis, demonstrating that these efficient
models can aid the antimicrobial stewardship team in auditing surgical
antimicrobial prophylaxis Rich et al. [57], found that the use of a ma-
chine learning-based model led to improved detection of antimicrobial
resistance and improved empirical antibiotic therapy in patients with
urinary tract infections.

Some studies evaluated the use of machine learning for the predic-
tion of ciprofloxacin resistance with promising results [58,59].

A different population cohort study created machine learning-based
models to predict antibiotic non-susceptibility and support the empirical
selection of antibiotics for UTIs related to healthcare [60].
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Table 1
Participants' characteristics of included studies.
Study Country  Study  Target group % Male  Mean No. of No. of Inclusion criteria Exclusion criteria Type of Al Hospital Antibiotics Type of infections ~Microorganisms
design Age training testing implemented setting prescribed treated/infection detected
(years) group group site
participants participants
Bystritsky United Cohort >18 years of 56.6 % 56.8 16,448 1827 NR Days on which Machine All settings Meropenem, Sepsis, UTI NR
2020 states age who patients were being  learning of hospital  Piperacillin-
received at least seen by the infectious Tazobactam,
1 antimicrobial diseases' consultation Vancomycin,
team were excluded Ampicillin,
Clindamycin,
Metronidazole
Corbin United Cohort  All microbial NR NR NR 2424 NR NR Machine All settings Ampicillin, Sepsis, UTI E. coli, K.
2020 states cultures learning of hospital ~Cefepime, pneumoniae, P.
ordered at Ceftriaxone, aeruginosa
Stanford Cefazolin,
University Ciprofloxacin,
Hospital Levofloxacin
Elligsen Canada Case Patients of 52 % 69 NR 383 Who were If final culture results Machine All settings NR Septicemia GN bacteria
2021 Control Acute care admitted to an from suspected learning of hospital
service with acute care source of bacteremia
BC+ to GNs service, were available and
receiving active  the source was not
medical care, pyelonephritis, if the
and had a patient was not
positive blood receiving active
culture for a medical care, if the
single GN blood culture was
organism, with  polymicrobial, if
sensitivities antimicrobial
pending. sensitivity testing
was not performed on
the isolated organism
(ie, Haemophilus
influenzae,
Bacteroides fragilis),
or if the patient had
died or was
discharged at the
time of culture
identification.
Feretzakis Greece Cohort Data from 44 % 61.68 310 35 2-year period NR Machine ICU NR Blood, NR
2020 microbiology (2017 and 2018), learning tracheobronchial
laboratory from the data of the aspirates/
ICU patients Microbiology bronchoalveolar
Laboratory from lavage fluid, urine,
ICU patients in a skin/wounds/soft
public tertiary tissue specimens,
hospital intravascular
catheters, and
pleural and
peritoneal fluid.
Feretzakis Greece Cohort Antimicrobial 44 % 78.65 349 50 Antimicrobial NR Machine Internal NR Blood, Tissue, NR
2021 susceptibility susceptibility learning medicine Catheter, Sputum,
data of the bio- data from 499 ward Tracheobronchial,
patients Urine

(continued on next page)
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Table 1 (continued)

Study Country

Target group

% Male

Mean No. of
Age training
(years) group

participants participants

No. of
testing
group

Inclusion criteria

Exclusion criteria

Antibiotics
prescribed

Type of Al Hospital
implemented setting

Type of infections
treated/infection
site

Microorganisms
detected

Feretzakis Greece

2021 (2)

Imai 2019 Japan

Konig Germany Cohort

2019

pathological
laboratory

Data from the
clinical
microbiology
laboratory

Patients with IV 66.3 %
training,
67.1 %
TDM testing

VCM and
underwent

sets

Patients with
CAP

63.9 %

60.3 %

68.7 NR (9-
folds)

61 for 496
training

set 62 for

test set
(Median)

64.93 5796

NR (1-fold)

158

644

admitted to the
internal
medicine wards
of a public
hospital in
Greece from
January until
December 2018.
Data retrieved
from the clinical
microbiology
laboratory
concerning
patients
hospitalized in
the ICU of a
Greek public
tertiary hospital
(Sismanogleio
General
Hospital) over
one year period
(2019) were
analyzed.

(i) age of 18
years or older,
(ii) VCM trough
value measured
at the steady
state (defined
over 5 half-
lives), and (iii)
target trough
value set at
10-15 mg/L
during initial
TDM.

All patients
included in the
CAPNETZ cohort
study that were
diagnosed with
CAP which
exhibited at least
one of the
following
criteria: cough,
purulent sputum,
history of fever,
or focal chest
signs detected

NR

(i) patients who
underwent
hemodialysis,
including continuous
hemodiafiltration;
(ii) patients who
experienced
nephrotoxicity
during VCM therapy;
and (iii) patients with
missing data.

Patients who had
been hospitalized
within the 28 days
prior to the study and
those with severe
immunosuppression
or active tuberculosis
were excluded from
participation.

Machine ICU NR
learning

Machine
learning

All settings Vancomycin
of hospital

Machine
learning

All settings Macrolides
of hospital

Blood, Tissue,
Catheter,
Respiratory
samples, Urine,
pus, pleuritic fluid,
ascites

NR

Pneumonia

(continued on next page)

Acinetobacter
baumannii,
Klebsiella
pneumoniae and
Pseudomonas
seruginosa Strains

NR

NR
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Table 1 (continued)

Study Country  Study  Target group % Male  Mean No. of No. of Inclusion criteria Exclusion criteria Type of Al Hospital Antibiotics Type of infections ~Microorganisms
design Age training testing implemented setting prescribed treated/infection detected
(years) group group site
participants participants
during
auscultation.

Lewin- Israel Cohort Patients who 58 % 72 13,768 2430 Retrieved EMRs NR Machine All settings Ceftazidime, NR E. coli, Klebsiella
Epstein had positive of patients who learning, of hospital ~Gentamicin, pneumoniae,
2021 bacterial had positive Deep Imipenem, Staphylococcus

culture results bacterial culture learning Ofloxacin, coag. Neg. group,
results from Sulfamethoxazole- Pseudomonas
Rabin Medical Trimethoprim aeruginosa, Proteus
Center, Israel, for mirabilis,
the period May Staphylococcus
2013 through aureus
December 2015.
The dataset
included the
bacterial species
isolated from the
patients and
their resistance
profiles to the
antibiotics
tested.

Moehring United Cohort Inpatient 45 % NR 136,235 34,059 Inpatient visits at Encounters with Machine NR NR NR NR
2021 states encounters at 3 Encounters Encounters two community admission dates learning

different hospitals and one occurring prior to the
hospitals academic time period were

medical center
within the Duke
University
Health System
were examined
from October 1,
2015, to
September 30,
2017. The
analysis
encompassed
encounters with
at least one day
of exposure to an
inpatient unit,
including
instances of
short-stay
patients in
inpatient areas.
Inclusion criteria
involved
encounters
where the
admission date
fell within the
study period.

excluded.

(continued on next page)
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Table 1 (continued)

Study Country  Study  Target group % Male  Mean No. of No. of Inclusion criteria Exclusion criteria Type of Al Hospital Antibiotics Type of infections ~Microorganisms
design Age training testing implemented setting prescribed treated/infection detected
(years) group group site
participants participants
Moran United Cohort  All patients NR 69 12,556 3139 NR NR Machine All settings Co-amoxiclav, Blood or urine E. coli, Klebsiella
2020 Kingdom from whom (median) Admissions Admissions learning of hospital piperacillin/ pneumoniae or
E. coli, tazobactam, Pseudomonas
K. pneumoniae, carbapenems aeruginosa
or P. aeruginosa
was isolated
from blood or
urine cultures
within 48 h of
admission.
Oonsivilai Cambodia Cohort Childrenwithat NR 2.79 195 48 Children Bloodstream Machine All settings (Ampicillin and Blood NR
2018 least one between infections with learning of hospital gentamicin) OR
positive blood February 2013 organisms that are Ceftriaxone OR
culture and January likely skin None
2016 were contaminants such as
included in the = coagulase-negative
present study. Staphylococci, Gram-
positive bacilli, and
mixed growths of
environmental Gram-
negative bacilli were
excluded.
HU 2007 Taiwan Cohort Cases of 66.67 % 61.29 790 197 Clinical cases of NR Machine All settings Vancomycin NR NR
vancomycin vancomycin learning of hospital
administrations administrations Deep
from a tertiary learning
medical center in
southern
Taiwan, which
were clinically
administered
between January
2000 and July
2004.
Wong Singapore Cohort Patients witha 61.2% 36 501 214 Eligible patients Patients who were Machine All settings NR URTI NR
2020 primary (median) were 21 years subsequently learning of hospital
diagnosis of and older, admitted were
uncomplicated presenting for excluded from the
URTI the first time at  study
TTSH ED with a
primary
diagnosis of
uncomplicated
URTI within 30
days, and who
provided
informed
consent.
Yang 2023  United Cohort  Specimens of NR NR NR 15,806 in NR NR Machine All settings  Nitrofurantoin, Complicated UTI NR
states UTIs treated total learning of hospital ~Cotrimoxazole,

with antibiotics

Ciprofloxacin,
Levofloxacin

(continued on next page)
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Table 1 (continued)

Target group

Inclusion criteria

Exclusion criteria

Type of Al
implemented setting

Antibiotics
prescribed

Type of infections ~Microorganisms
treated/infection detected
site

Study Country
Wang China
2023

Tran 2023 Vietnam

Shi 2022 Taiwan

Rich 2022 United
states

Adults with
microbial
culture
performed

Adults with
positive BCs

Patients
receiving at
least one
antimicrobial
drug

Adults with UTI  23.6 %

All adults (aged
> 18 years and
> one-time
microbial culture
performed
during ICU
hospitalization)
in ICU

All patients who
were 18 years of
age or older on
admission (in
175 Hospital) or
at the time of
taking the AST
test (in Phu Tho
Hospital) and
had positive
bacterial
cultures.

NR

Patients who died or
were discharged from
the ICU within 48 h,
those with
incomplete case data,
or individuals
diagnosed with
MDRO infection prior
to ICU admission
were excluded from
the study.

NR

NR

Patients aged 18 NR

years or older,
diagnosed with a
UTI between
January 1, 2011,
and July 1, 2019,
and residing in a
zip code sharing
the same first
three digits as
the health
network,
patients must
have undergone
an antibiotic
susceptibility

Deep
learning

Machine
learning

Machine
learning

Machine
learning

NR

Aminoglycosides,
Fluoroquinolones,
Polymyxins,
Carbapenem,
fourth-generation
Cephalosporin, and
Trimethoprim
derivatives

Cefazolin,
Cefoxitin,
Cefuroxime,
Gentamicin and
amikacin,
Ciprofloxacin,
Levofloxacin,
Amoxicillin/
Clavulanic acid,
Ampicillin/
Sulbactam, and
Piperacillin/
Tazobactam.
Trimethoprim /
Sulfamethoxazole
Nitrofurantoin
Ciprofloxacin

Blood, urine, NR
sputum, pus,
drainage fluid, and

secretions.

Blood, Klebsiella species,
cerebrospinal fluid Pseudomonas
(CSF), aeruginosa, E. coli,
tracheobronchial/  Acinetobacter,
bronchoalveolar Staphylococcus
fluid, urine, skin/  aureus
wound/tissue

specimens,

catheters, pleural
and peritoneal

fluid

Surgical NR

prophylaxis

UTI E. coli, K.
pneumoniae, E.
faecalis,
Enterobacter, P.
mirabilis,
Citrobacter, P.
aeruginosa

(continued on next page)
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Table 1 (continued)

Study Country  Study  Target group % Male  Mean No. of No. of Inclusion criteria Exclusion criteria Type of Al Hospital Antibiotics Type of infections ~Microorganisms
design Age training testing implemented setting prescribed treated/infection detected
(years) group group site
participants participants
test for their
infection.
Mintz Israel Cohort Patients with 47.9 % NR 4986 554 Patients who had NR Machine All settings  Ciprofloxacin NR E. coli, Klebsiella
2023 positive positive bacterial leaning of hospital pneumoniae,
bacterial cultures tested Deep Morganella
culture for ciprofloxacin learning morganii, Proteus
susceptibility mirabilis,
between 2016 Pseudomonas
and 2019. aeruginosa,
Staphylococcus
aureus
Lee 2023 South Cohort Adults with UTI 26 % 72.1 418 132 The EMRs of all  Patients with UTI Machine All settings NR UTI E. coli, K.
Korea adult patients with multiple learning of hospital pneumonia
(age > 18 years) pathogens
diagnosed with
UTI and having a
positive urine
culture (>105
CFU/mL)
Kim 2023 South Cohort  Adults with UTI 40 % 64.4 4523 502 Patients aged 18 Cases where the Machine All settings Ampicillin, UTI E. coli, Klebsiella
Korea years or older sample showed no learning of hospital ~Ampicillin and pneumoniae,
suspected to growth of colonies or Sulbactam, Enterobacter
have HA-UTIs had no test result Cefepime, aerogenes,
that were Ciprofloxacin, Enterobacter
managed Gentamicin, cloacae, Serratia
between 2010 Piperacillin and marcescens,
and 2021 at Ajou Tazobactam, Acinetobacter
University Trimethoprim and baumannii,
Medical Center. Sulfamethoxazole, Pseudomonas
Imipenem aeruginosa,
Enterococcus
faecalis,
Enterococcus
faecium,
Staphylococcus
aureus, and
Coagulase-
negative
staphylococci
Goodman United Cohort Inpatient 58 % NR NR 17,503 in NR NR Machine All settings NR NR
2022 states antimicrobial total learning of hospital
orders that
were reviewed
by the PAF
program
Corbin United Cohort  Adults with 39.90% 70.4 NR 6920 in Patients aged 18 NR Machine All settings  Ciprofloxacin, Blood, urine, E. coli,

2022 states positive culture total years or older learning of hospital Levofloxacin, cerebral spinal Staphylococcus
who required Trimethoprim/ fluid or fluid aureus, Klebsiella
hospital Sulfamethoxazole, microbial culture  pneumoniae,
admission were Nitrofurantoin, Enterococcus
included. Vancomycin, faecalis,
Additionally, the Ampicillin, Streptococcus

(continued on next page)
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Table 1 (continued)

Study Country  Study  Target group % Male  Mean No. of No. of Inclusion criteria Exclusion criteria Type of Al Hospital Antibiotics Type of infections ~Microorganisms
design Age training testing implemented setting prescribed treated/infection detected
(years) group group site
participants participants
cohort was Cefazolin, agalactiae (Group
limited to Ceftriaxone, B), Proteus
patients for Vancomycin + mirabilis,
whom an order Ceftriaxone, Pseudomonas
for at least one Meropenem, aeruginosa,
positive blood, Vancomycin + Streptococcus
urine, cerebral Meropenem, anginosus group,
spinal fluid, or Cefepime, Enterococcus
fluid microbial Piperacillin- faecium
culture, as well Tazobactam,
as at least one Vancomycin +
order for Piperacillin-
intravenous or Tazobactam,
intramuscular Vancomycin +
antibiotics, was Cefepime
placed within the
first 24 h after
presentation to
the emergency
department.
Cavallaro United Cohort Patients with NR NR NR 5190 All patients from NR Machine All settings Co-amoxiclav, Blood, Urine E. coli, Klesbiella
2023 Kingdom positive BC or Admissions whom bacterial learning of hospital ~ Ciprofloxacin, pneumoniae, or

ucC overall pathogens Meropenem, Pseudomonas
Escherichia coli, Piperacillin/ aeruginosa
Klebsiella Tazobactam
pneumoniae, or
Pseudomonas
aeruginosa were
isolated in blood
or urine cultures
were included.

Cai 2023 Italy Cohort  Adult women 0 39.9 NR 1043 NR NR Deep All settings Amikacin, UTI E. coli, Klebsiella
with recurrent overall learning of hospital Amoxicillin, spp., Enterococcus
cystitis Cephalothin, spp., Enterococcus

Cephalexin, faecalis,
Ceftriaxone, Enterococcus
Ciprofloxacin, faecium, Proteus
Fosfomycin, mirabilis,
Gentamicin, Enterobacter spp.,
Levofloxacin, Pseudomonas spp.
Meropenem,
Nitrofurantoin,
Piperacillin/
Tazobactam,
Cotrimoxazole,
ESBL (cefpodoxime
R)
Tzelves Greece Cohort Patients with 40.20 % 65.7 NR 239 overall patients with Patients who did not Deep Urology Amikacin, UTI Pseudomonas
2022 urolithiasis urolithiasis who  suffer from learning department Amoxicillin/ aeruginosa,
were admitted to urolithiasis or those Clavulanic Acid, Acinetobacter
the urology not presenting with a Ampicillin/ baumannii,
department of positive urine culture Sulbactam, Klebsiella

(continued on next page)
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Table 1 (continued)

Study Country

Mean No. of No. of Inclusion criteria
Age training testing
(years) group group

participants participants

Exclusion criteria
implemented setting

Antibiotics Type of infections ~Microorganisms
prescribed treated/infection detected

site

Tran 2024 South
Korea

Sismanogleio
General Hospital

64.5 20,339 5085 Adult patients
(training aged 18 to 90
set), 65.2 years who were
(testing hospitalized at
set) SNUBH between

January 1, 2014
to December 31,
2019. Within this
cohort, patients
who had
received at least

Cefepime,
Cefotaxime,
Ceftazidime,
Ciprofloxacin,
Colistin,
Gentamicin,
Imipenem,
Levofloxacin,
Meropenem,
Tetracycline,
Tigecycline,
Tobramycin,
Trimethoprim/
Sulfamethoxazole,
Norfloxacin,
Aztreonam,
Cefoxitin,
Ceftriaxone,
Cefuroxime,
Ertapenem,
Nitrofurantoin,
Piperacillin/
Tazobactam,
Ceftolozane/
Tazobactam,
Fosfomycin,
Daptomycin,
Linezolid,
Rifampin,
Teicoplanin,
Vancomycin,
Ceftazidime/
Avibactam,
Doripenem,
Ceftaroline,
Mupirocin,
Oxacillin,
Penicillin,
Pristinamycin,
Quinupristin/
Dalfopristin
NR NR

pneumoniae,
Klebsiella
aerogenes,
Enterobacter
cloacae,
Escherichia coli,
Enterococcus
faecalis, Proteus
mirabilis,
Enterococcus
faecium, and
Staphylococcus
aureus

NR

(continued on next page)
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Goodman et al. [61], conducted a retrospective cross-sectional study
in a hospital setting to examine the connection between antimicrobial
use, patient characteristics, and the impact of antimicrobial stewardship
program interventions. They utilized multivariable logistic regression
models for their analysis. They also developed a prediction model for
antimicrobial stewardship intervention using random forests and a
machine-learning algorithm. In this study involving 17,503 prospective
audits with feedback reviews, approximately 24 % (4219) led to inter-
vention. Adjusted analyses revealed that the presence of a clinical
pharmacist on the ordering unit or consultation with an infectious dis-
ease specialist was associated with lower odds of intervention (17 % and
56 %, respectively). Fluoroquinolones had the highest adjusted odds of
intervention (3.22 times more likely). The researchers concluded that a
predictive model effectively reduced the number of prospective audits
requiring feedback review while maintaining high sensitivity. This study
highlights the potential of machine learning for enhancing antimicrobial
stewardship programs.

An artificial intelligence (AI)-based system's deployment dramati-
cally decreased the potential of mismatched therapy as compared to
observed prescriptions, according to a different study by Cavallaro et al.
[62]. The system's ability to provide reliable confidence scores and ex-
planations encourages wider use of Al in healthcare settings.

Microorganisms

detected

Type of infections
treated/infection

site

Antibiotics
prescribed

Hospital

3.5. Proposed an algorithm in dose adjustment or investigation of dose
adequacy

implemented setting

Type of Al

Table 2.3. and Supplementary Table S3.3. also evaluate the develop-
ment of scientific algorithms and statistical models to optimize anti-
biotic dosing.

Imai et al. [63], conducted a study to develop an optimal algorithm
for determining initial vancomycin dosing using machine learning with
decision tree analysis. The study included 654 patients who received

Inclusion criteria Exclusion criteria

g intravenous vancomycin and underwent therapeutic drug monitoring.
) 5% 3 The patients were divided into two training and testing groups. The
: 3 29 .. . .
o) :>-§ s 23 decision tree algorithm was the most successful at getting the vanco-
S 2= we @ s . . . :
EEEE e mycin therapeutic range in this model evaluation compared to other
cgE 3 8¢ .
E§a&T =3 dose-setting methods.

Hu et al. [64], concluded that they can apply their developed deci-
sion tree algorithm in clinical practice to optimize initial vancomycin
dosing. Their study demonstrated the utility of machine learning in
guiding drug dose determination. Decision support systems have proven
useful in predicting the suitability of vancomycin dosing regimens.

Fig. 2 divides the frequency of algorithm use in various studies into
three categories based on the type of algorithm implementation.

The majority of the reviewed studies are from high-income countries
(HICs), showcasing extensive Al applications and well-supported ASPs
that enhance antibiotic use via conscientious, data-driven strategies.
While our findings indirectly support this trend, the limited number of
studies from low- and middle-income countries (LMICs) often concen-
trate on pilot studies or capacity-building, rather than large-scale
implementations. This suggests the necessity for further research and
support to facilitate extensive Al integration and large-scale imple-
mentations globally.

No. of
testing
group

training
participants participants

No. of
group

Mean
(years)

Age

% Male

4. Discussion

Target group

To the best of our knowledge, no systematic review of all three
important aspects of Al algorithms in antibiotic prescription had been
published before the submission of this article: 1) antibiotic regimen
selection, 2) antibiotic dose adjustment, and 3) adherence to antibiotic
stewardship programs (ASPs). The findings of this study provide a
comprehensive overview of the use of Al algorithms and devices to select
the best-personalized antibiotic option and dosage in all inpatient hos-
pital settings.

To inform empirical antibiotic treatment decisions, clinicians
frequently consult host clinical data, ASP tactics (such as early de-

Study
design

Country

Study

NR: Not reported, NA: Not applicable, UTL: Urinary tract infection, E. coli: Escherichia Coli, K. pneumoniae: Klebsiella Pneumoniae, P. aeruginosa: Pseudomonas Aeruginosa, BC: Blood culture, GN: Gram negative, ICU: Intensive
Care Unit, IV: intravenous, VCM: Vancomycin, TDM: Therapeutic Drug Monitoring, CAP: Community-Acquired Pneumonia, URTI: Upper Respiratory Tract Infection, ED: Emergency Department, TTSH: Tan Tock Seng

Hospital, AST: Antimicrobial Susceptibility test, MRSA: Methicillin-Resistant Staphylococcus Aureus, HA-UTI: Hospital-Acquired Urinary Tract Infections, SPP: Species.

Table 1 (continued)
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Table 2.1

Artificial Intelligence In Medicine 162 (2025) 103089

A summary of findings of studies which proposed an algorithm in antibiotic change intervention or antibiotic stewardship programs.

Study Type of Aim of study Covariates Type of A summary of findings
algorithms validation/
implemented comparator
Bystritsky Logistic To use classic statistical modellingand ~ Age, Sex, Service, BC, UC, ICU Antibiotic Both the logistic regression and boosted-
2020 regression, machine-learning methods with admit, Fever susceptibility tree models had reasonable discriminating
Boosted-tree information from the EHR to test power, with AUROCs of 0.73 (95 %
models determine which patients on confidence interval [CI], 0.69-0.77) and
antibiotics needed stewardship action. 0.75 (95 % CI, 0.72-0.79), respectively (P
= .07). Both models displayed accurate
calibration. The number of patients that
would need to be evaluated to identify one
patient who needed stewardship
intervention was substantial for both
models (41.7-45.5 for models tuned to an
85 % sensitivity).
Tran 2024 XGBoost, To predict the necessity for Age, sex, Length of stay, Admission =~ NR The models exhibited robust
LightGBM stewardship intervention for each to ICU, Total antibiotics duration, discrimination when assessed on a hold-

patient

Number of antibiotics ever used,
Number of events, Number of days,
Number of patients

out test set, with AUROC values of 0.81 for
Intravenous to Oral (IV to PO), 0.78 for
Early de-escalation, 0.72 for Late de-
escalation, and 0.80 for Discontinue
interventions. These models are
anticipated to enhance the effectiveness of
Antimicrobial Stewardship Program (ASP)
activities by prioritizing cases that would
benefit from various ASP interventions,
accompanied by detailed explanations.

NR: Not reported, NA: Not applicable, EHR: electronic health record, BC: blood culture, ICU: Intensive care unit, UC: Urine culture, IV: Intravenous, PO: by mouth.

escalation and narrow-spectrum antibiotics), and local resistance pat-
terns [65].

ASPs are crucial for optimizing antibiotic use and addressing AMR,
as evidenced by studies such as Nathwani et al. [66]. Nonetheless,
resource limitations, especially in low- and middle-income countries
(LMICs), pose substantial obstacles to their widespread adoption [67].
Recent studies, such as those by Akpan et al. [68] and Siachalinga et al.
[69], demonstrate encouraging initiatives to tackle these challenges via
customized treatments in LMIC contexts.

ML and AI technologies hold promise for enhancing diagnostic pre-
cision, automating repetitive procedures, and providing data-driven
insights for antibiotic prescription—especially in settings with limited
resources. These technologies can assist ASPs, but their reliance on
training datasets is a significant drawback [70]. For instance, a narrative
review [71] highlighted a significant limitation of using AI in AMR,
specifically the reliance of algorithms on a training dataset. External
validation datasets from epidemiologically distinct regions often yield
poor performance from algorithms. When used on patients from
different regions, systems trained on data from epidemiologically
distinct regions usually fail. This issue is particularly critical in LMICs,
where the burden of AMR is high, but there is a deficiency in high-
impact data [13]. However, advanced procedures, such as few-shot
learning [72] and transfer learning [73] methods, can lessen this bias
by increasing algorithmic robustness and efficiency [74].

Few-shot learning is a machine learning framework that employs
techniques to maximize performance with a minimal amount of training
data when data scarcity is present [75]. Transfer learning is a technique
that utilizes a pre-trained model to enhance the performance of another
model on a different task [76]. Before these technologies are widely used
in human healthcare for algorithm training, further efforts are required
to identify answers to these problems, allowing for successful ASP
integration on a global scale. Organizing global data-sharing networks
and collaborative research to create large databases for training algo-
rithms that develop robust programs to assist physicians in prescribing
antibiotics based on local epidemiological and demographic patterns is a
potential solution [77,78]. The Al developments mostly occur in high-
income countries (HICs), making them more feasible in these coun-
tries. Building these technologies in LMICs can also provide an effective,

14

low-cost solution to tackle AMR in developing countries [79]. We sug-
gested that HICs have effectively deployed Al-driven ASPs to optimize
antibiotic usage and fight AMR, while LMICs face systemic issues such as
limited resources. Accessible Al solutions and cooperative projects are
essential for equitable progress.

Building on the challenges and opportunities previously discussed,
recent studies have underscored the need for innovative strategies to
overcome financial limitations in order to mitigate the disproportionate
burden of AMR in LMICs [4,80]. Al and machine learning (ML) provide
an opportunity to close this gap by improving data analysis, predicting
resistance patterns, and optimizing antibiotic use.

Table 2. displays the variables most frequently used in AI algorithms
across various studies. These variables include age, sex, type of infec-
tion, comorbidities, previous antibiotic usage, and place of residence.
Incorporating a broader spectrum of variables may enhance decision-
making for each individual, which is a key advantage of automated
systems over human judgment. The two studies, which proposed algo-
rithms for antibiotic stewardship programs, demonstrated efficient
performance in identifying patients who needed antibiotic regimen
intervention and in facilitating early de-escalation. Such strategies must
reverse antimicrobial resistance patterns [40,41].

The majority of articles focused on the selection of empiric antibi-
otics. According to their culture results, a study from 2024 revealed that
36.5 % of participants received inappropriate empiric antibiotics from
clinicians [81]. Another tertiary hospital in the Netherlands observed a
similar rate of 29.8 % over a six-year period [82]. Choosing the appro-
priate antibiotics can reduce hospital stays, morbidity, and mortality,
thereby lowering the economic burden of infectious diseases [83,84].
Furthermore, the use of inappropriate antibiotics can escalate bacterial
resistance rates [85]. All of our included studies, which compared the
appropriateness of empiric treatment rates between clinicians and Al,
have demonstrated that algorithms consistently outperform clinicians
[43,47,51,62]. For instance, Moran et al.'s machine learning algorithm
demonstrated the potential to reduce unnecessary broad-spectrum
antibiotic use by 40 % [51].

Excessive antibiotic dosages can cause significant concerns in
healthcare due to their contribution to antibiotic resistance, adverse
effects, and patient inconvenience. These factors can decrease adherence

Descargado para Daniela Zufiga Agiiero (danyzuag@gmail.com) en National Library of Health and Social Security de ClinicalKey.es por Elsevier en abril 30,
2025. Para uso personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Table 2.2

Artificial Intelligence In Medicine 162 (2025) 103089

A summary of findings of studies which proposed an algorithm in selection of empiric antibiotics or prediction of antibiotic resistance.

Study Type of algorithms Aim of study Covariates Type of validation/ A summary of findings
implemented comparator
Corbin RF, XGBoost, LASSO 1) Predict whether bacteria NR MIC to labeled as Based on widely available EHR
2020 regression will grow at all in microbial Resistant, data, machine learning methods
cultures; 2) Predict which Intermediate, can predict lack of growth in
antibiotics an infecting Sensitive microbiological cultures as well
bacteria will be susceptible to; as the likelihood of bacterial
and 3) Create individualized resistance to specific antibiotics.
antibiograms for specific Personalized antibiograms,
patients based on patient EHR which use patient-specific
histories and machine learning medical histories, outperform
models. regular antibiograms in terms of
bacterial susceptibility.
Personalized antibiograms have
the potential to improve
antibiotic stewardship by
enabling doctors to confidently
prescribe narrower-spectrum
empiric antibiotics.
Elligsen Logistic regression To promote antibiotic de- Age, sex, admitting service, Number of Patients who got the intervention
2021 escalation while maintaining acquisition of bacteremia Episodes of had a higher likelihood of having
(and maybe improving) the (community, hospital ward, Bacteremia De- their therapy de-escalated (29 vs
appropriateness of empiric intensive care unit [ICU]), previous  escalated During 21 %; aOR = 1.77; 95 % CI,
antibiotic coverage. hospital admission, previous ICU the Empiric Period 1.9-2.87; P = .02). The
admission, organism genus, intervention also increased the
previous microbiology sensitivity proportion of patients receiving
results, and previous antibiotic the narrowest appropriate
exposures therapy at the time of culture
finalization (44 % in the control
group versus 55 % in the
intervention group; aOR = 2.0;
95 % CI, 1.27-3.27; P = .003).
The time to sufficient therapy
was comparable in the
intervention and control groups
(5vs4 h; P=.95).
Feretzakis SVC, SVM, SMO, kNN, J48, ML techniques to predict Gender (binary), age (numerical), Antimicrobial The RIPPER algorithm attains an
2020 RF, RIPPER, MLP antimicrobial resistance based type of sample (categorical), Gram Susceptibility test F-measure of 0.678, while the
StackEnsemble, only on data available in the stain (binary), antibiotics confirmed by MIC Multilayer perceptron classifier
VotingEnsemble, hospital information system (categorical), and finally the class achieves an ROC area of 0.726,
SparseNormalizer, XGBoost, attribute, which in our case is the yielding commendable
SparseNormalizer, LightGBM antimicrobial susceptibility outcomes. The experiment
(binary). underscores the efficacy of the
Multilayer perceptron and J48
(C4.5) algorithms in handling
ICU antimicrobial susceptibility
data, as evidenced by their
notable ROC Area assessments.
Feretzakis StackEnsemble, To assess AutoML-trained Age, Sex, Gram stain, Type of Antimicrobial In both the original and balanced
2021 VotingEnsemble, models to predict AMR using sample, patients' demographics Susceptibility test datasets, the stack ensemble
SparseNormalizer, only data from the clinical confirmed by MIC technique delivered the top-
GBoostClassifier, microbiology lab's LIS. This notch performance, scoring an
SparseNormalizer, LightGBM includes things like sample area under the curve-weighted
type, Gram stain, antibiotic metric of 0.822 and 0.850,
susceptibility results, and respectively. This underscores
basic patient info. the potential of AutoML
implementation for
antimicrobial susceptibility data,
offering clinicians valuable
insights into potential antibiotic
resistance and assisting them in
choosing suitable empirical
antibiotic therapy, while also
considering the local
antimicrobial resistance
landscape.
Feretzakis JRip, RF, MLP, Class.Regr., Employing machine learning Age, gender, bacterial species, Antimicrobial The Classification via regression
2021 (2) REPTree techniques to forecast sample type, antibiotics, Susceptibility test model exhibited the highest
antibiotic resistance by antimicrobial susceptibility confirmed by MIC performance, yielding ROC areas

leveraging data from the
clinical microbiology
laboratory, accessible within
the LIS.
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of 0.933 and 0.918, respectively.

(continued on next page)
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Study Type of algorithms

implemented

Aim of study

Covariates

Type of validation/
comparator

A summary of findings

Konig 2019 DT

Lewin- L1 regularized logistic
Epstein regression, XGBoost, a neural
2021 network, and an ensembled

model

Moehring RF

2021

Moran XGBoost
2020

Oonsivilai RF, boosted decision trees, DT,
2018 Logistic regression,

regularized logistic

To aid in making personalized
decisions regarding the use of
macrolides for optimizing the
individual patient's clinical
outcome.

To predict the antibiotic
resistance profiles of bacterial
infections of hospitalized
patients using ML algorithms
applied to patients' electronic
medical records (EMRs).

To assess the accuracy of
identifying inpatient
antimicrobial use, and
evaluated variables of
differing complexity and
feasibility of measurement
derived retrospectively from
electronic health records.

Predicting antibiotic
resistance for three Gram-
negative bacterial species

To predict whether the
causative organisms are
susceptible to: i) ampicillin

Smoking history, chronic
comorbidities including chronic
kidney disease, chronic liver
disease, chronic respiratory disease,
history of heart insufficiency
(herein “heart insufficiency™), other
cardiovascular diseases (herein
“cardiovascular comorbidity™),
cerebrovascular disease, other
neurological diseases, diabetes
mellitus and former malignancy

patients' demographics,
comorbidities, hospitalization
records, and previous antibiotic
usage within the hospital, age, sex.

NR

NR

NR

16

The primary
outcome:180-day
survival.

Antimicrobial
Susceptibility test

Antimicrobial
exposure

The medical staff
prescribing/ A
simple point
scoring tool

Antimicrobial
Susceptibility test

Discovered a straightforward
decision tree based on patient
characteristics, including chronic
cardiovascular and chronic
respiratory comorbidities, along
with leukocyte counts in
respiratory secretions upon
enrollment. Patients who were
identified and treated in
accordance with our treatment
recommendation exhibited a
lower mortality rate of 27 % (OR
1.83, 95 % CI 1.48-2.27; p <
.001) compared to those
receiving the standard of care.
Stratifying macrolide treatment
based on this straightforward
treatment guideline may
substantially decrease mortality
in CAP.

The ensemble method surpassed
individual models, delivering
precise predictions on test set
data. This underscores the
capability of ML in forecasting
antibiotic resistance in bacterial
infections among hospitalized
patients. Additionally, it
highlights the significant
improvement in predictions
through promptly acquired
information about the infecting
bacterial species. Clinicians
ought to contemplate adopting
such systems to facilitate
accurate empirical therapy and
potentially mitigate antibiotic
misuse.

Two-stage models exhibited high
fidelity in identifying
antimicrobial use, with a mean
area under the curve of 0.85 and
a mean absolute error of 1.0 days
of therapy. Incorporating more
complex variables, particularly
diagnosis information, enhanced
accuracy. Accuracy levels
fluctuated depending on location
and antibiotic group. Notably,
models tended to underestimate
the number of days of therapy for
encounters with extended
lengths of stay. Overall, models
utilizing variables derived from
electronic health records reliably
identified antimicrobial
exposure.

The AUC of the receiver
operating characteristic curve for
the point-scoring tools ranged
from 0.61 to 0.67, showing no
significant improvement over the
antibiotic selection made by
medical staff. However, the
machine-learning system
exhibited a slightly better
performance (AUC 0.70),
statistically speaking. It has the
potential to decrease the
utilization of unnecessary broad-
spectrum antibiotics by up to 40
%.

The random forest method
exhibited the best overall
predictive performance, as

(continued on next page)
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Study Type of algorithms

implemented

Aim of study

Covariates Type of validation/

comparator

A summary of findings

regression, KNN, SVM radial
kernel, SVM linear kernel,
SVM polynominal kernel

Wong 2020  Logistic regression, LASSO,

CART

Yang 2023 Logistic regression
XGBoost
TabNet

TabNet self-training

Wang 2023 BPNN

and gentamicin; ii)
ceftriaxone; iii) none of the
above.

To decide if patients need
empiric antibiotic

To predict antibiotic resistance

To develop a model for
predicting multidrug-resistant
organisms

URTI viruses (PCR), CRP at the
point of care, Demographic, clinical
and laboratory data

PCR for respiratory
viruses

Antimicrobial
Susceptibility test

Age,ethnicity,prior AB resistance,
prior AB exposure, prior infecting
organisms, comorbidity dignoses,
where the specimen was collected,
colonization pressure, prior visit to
skilled nursing facilities, infection
at other sites, prior procedures.

Antimicrobial
Susceptibility test

Gender, age, body mass index,
length of hospitalization, length of
ICU stay, and comorbid diseases
(including diabetes, hypertension,
chronic lung disease, liver disease,
chronic renal disease, congestive
heart failure, and cerebrovascular
disease). Invasive procedures
included surgical situations,
mechanical ventilation, central
venous catheters, gastrointestinal
decompression, peripherally
inserted central venous catheters,
extracorporeal membrane
oxygenation, urinary tube, and
other drainage tubes in ICU.
Medication included antibiotic use,
hormone, and nutritional support
therapy during ICU. Laboratory
indicators included albumin,
prealbumin, C-reactive protein,
procalcitonin, white blood cells,
blood-urea-nitrogen, and
creatinine within the first 24 h of
their ICU stay. APACHE II score,
Glasgow coma scale, and nutrition

17

determined by the area under the
receiver operating characteristic
curve (AUQC). Specifically, for
predicting susceptibility to
ceftriaxone, the random forest
method achieved an AUC of 0.80
(95 % CI 0.66-0.94), while for
susceptibility to ampicillin and
gentamicin, it yielded AUCs of
0.74 (0.59-0.89). Additionally, it
achieved an AUC of 0.85
(0.70-1.00) for predicting
susceptibility to neither, and an
AUC of 0.71 (0.57-0.86) for
Gram stain results. The most
important variables for
predicting susceptibility were...
(remainder of the sentence is cut
off).

The area under the receiver
operating curve (AUC) on the
validation set for the models
were similar: LASSO: 0.70 (95 %
CIL: 0.62-0.77), logistic
regression: 0.72 (95 % CI:
0.65-0.79), decision tree: 0.67
(95 % CI: 0.59-0.74). When
combining the results from all
models, it was determined that
58.3 % of study participants
would not require antibiotics.
These models can be readily
implemented as a decision
support tool to aid in guiding
antibiotic prescribing in busy
emergency departments.
Machine learning-driven
approaches have the potential to
mitigate the risk of administering
non-susceptible treatments,
expedite effective clinical
interventions, and offer
personalized treatment
recommendations. Furthermore,
these techniques offer the
advantage of providing model
interpretability, thereby
elucidating the rationale behind
the generated predictions.

The AUC of BPNN for the
training set, the test set and the
validation set were 0.889 (95 %
CI 0.852-0.925), 0.919 (95 % CI
0.856-0.983), and 0.811 (95 %
CI 0.731-0.891), respectively.

(continued on next page)
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Study Type of algorithms Aim of study Covariates Type of validation/ A summary of findings
implemented comparator
risk screening (NRS)-2002 score
within 24 h of admission in the ICU
Tran 2023 Regularized logistic To predict AMR Age, gender, place of residence Antimicrobial Among all the models examined,
regression, RF, XGBoost, (province and town/district, Susceptibility test LightGBM, XGBoost, and
LightGBM, occupation, having insurance or Random Forest consistently
not, diagnosis at admission by the demonstrated higher accuracy,
International Code of Diseases (ICD- Fl-score, and ROC values
10), dates of admission and compared to other models in
discharge, treatment results, and both datasets. Consequently,
complication XGBoost, LightGBM, and
Random Forest emerged as the
top-performing machine learning
models for predicting antibiotic
resistance in bacterial infections
among ICU patients using
electronic medical records
(EMRs).
Shi 2022 Spread subsample-decision For auditing appropriate Age (numeric), gender (binary) Antimicrobial The Multilayer Perceptron,
tree, surgical antimicrobial hospital type (nominal), patient Susceptibility test Simple Logistic, and decision tree
Decision Tree prophylaxis specialty (nominal, 29 distinct algorithms exhibit exceptional
Bagging-Decision Tree values), diagnosis (nominal, 20 performance in identifying the
AdaBoost-Decision Tree distinct values), central vascular appropriateness of surgical
SMOTE-Decision Tree catheter in place on survey date prophylaxis. Moreover, the
Simple- Logistic (binary), peripheral vascular Bagging and SMOTE algorithms
MLP catheter in place on survey date can enhance the predictive
(binary), urinary catheter in place capabilities of decision tree
on survey date (binary), under classifiers when dealing with
endotracheal intubation on survey imbalanced datasets. Leveraging
date (binary), under tracheostomy these efficient models can assist
intubation on survey date, the antimicrobial stewardship
ventilator used on survey date team in auditing surgical
(binary), patient has active antimicrobial prophylaxis.
healthcare-associated infection
(binary), blood stream infection
present on survey date (binary),
urinary tract infection present on
survey date (binary), pneumonia
present on survey date (binary),
surgical site infection present on
survey date (binary), antimicrobial
agents used (nominal, 15 distinct
values), indication for antimicrobial
use (nominal, three distinct values),
diagnosis sites for antimicrobial use
(nominal, 16 distinct values),
Rich 2022 DT, boosted logistic To develop a culture- Age, sex at birth, race (categorized Antimicrobial Although the discriminative

regression, RF

independent diagnostic model
of resistance to antimicrobial
agents commonly used in the
treatment of UTIs

as Black, White, or other/
unknown), ethnicity (Hispanic or
non-Hispanic), and three-digit zip
code of residence, Prior diagnoses,
diabetes, congestive heart failure,
renal, peripheral vascular,
cerebrovascular, chronic
pulmonary, rheumatic, peptic ulcer,
and liver diseases, hemiplegia or
paraplegia, any malignancy except
malignant neoplasm of skin,
metastatic solid tumor, HIV/AIDS,
and dementia, hypertension,
pregnancy, immune deficiency
(non-HIV infection-related),
nicotine dependence, birth control
usage, history of UTI, vaginal
infection, and urinary tract
abnormalities hypertension,
pregnancy, immune deficiency
(non-HIV infection-related),
nicotine dependence, birth control
usage, history of UTI, vaginal
infection, and urinary tract
abnormalities, dysuria, frequency,
urgency, hematuria, and
pyelonephritis

18

Susceptibility test ability of the prediction models
was moderate, their utility in
identifying patients at higher risk
for resistant infections, based
solely on Electronic Health
Records (EHR), was evident.
These models have the potential
to aid clinical decision-making
regarding the ordering of urine
cultures and decisions regarding
empiric therapy for these
patients.

(continued on next page)
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Study Type of algorithms

implemented

Aim of study

Covariates

Type of validation/
comparator

A summary of findings

Neural networks
Lasso

Random forest
XGBoost
Ensemble model

Mintz 2023

Lee 2023 Gradient Boosting Decision

Tree

Kim 2023 LASSO, XGBoost, RF

Goodman RF
2022

Corbin
2022

LASSO, XGBoost, RF

To predict Ciprofloxacin
susceptibility

To predict susceptibility to
antibiotics in UTI

To develop prediction models
to estimate the probability of
antibiotic non-susceptibility in
patients with suspected HA-
UTIs

(1) To ascertain the patient
and treatment attributes
correlated with a greater or
lesser likelihood of
intervention in a PAF program;
and (2) To create prediction
models aimed at identifying
antimicrobial orders that
could potentially be omitted
from review because of a high
probability that, even if
reviewed, they would not have
warranted intervention.

To Develop and assess
personalized antibiograms -
machine learning models that
utilize electronic health record
data to forecast antibiotic
susceptibility outcomes. To
Examine the effectiveness of

Age, sex, comorbidity,
Ciprofloxacin resistant infection in
the past 60 days,

Age. Gender, bedridden, mental
change, nursing home residence,
medical device, infection type,
comorbidity, antimicrobial
susceptibility

Age, gender, Length of stay, cancer,
type 2 DM, pneumonia, previous AB
use, Previous MDRO exposure,
Transferred, Non-susceptibility,
Prevalent pathogen

Age, sex, EMR-documented
antibiotic allergy, Prior MDRO
history, Sepsis/bacteremia

Age. Sex. Race, ethnicity, language,
insurance payer, emergency
department

19

Antimicrobial
Susceptibility test

Clinicians

Antimicrobial

Susceptibility test

ASP

Clinicians

This research constructs ML
models for anticipating
ciprofloxacin resistance in
hospitalized patients. These
models demonstrate strong
predictive capability, are
effectively calibrated, yield
significant net benefits across
various scenarios, and utilize
predictors in line with existing
literature.

The Gradient Boosting Decision
Tree model significantly reduced
the probability of using
ineffective antibiotics in the ED
by 20 % through adjustment of
the decision threshold.
Furthermore, the algorithm was
able to narrow down the number
of predictors to twenty and
identify five variables with high
importance, while maintaining
similar model performance.
Machine learning holds promise
in aiding clinicians to predict
antibiotic resistance, thereby
enhancing the efficacy of
empirical antimicrobial
treatment for UTI in the ED.
The model achieved the best
performance for ampicillin with
LLR (AUROC 73.4). Extreme
Gradient Boosting showed
optimal performance only for
gentamicin (AUROC 66.9). In the
simplified models, LLR yielded
the highest AUROC for
ampicillin, ampicillin/
sulbactam, cefepime,
gentamicin, and trimethoprim/
sulfamethoxazole (AUROC 70.6,
71.8, 73.0, 65.9, and 73.0,
respectively). The model for
ciprofloxacin demonstrated the
best performance with XGBoost
(AUROC 70.3), while the model
for imipenem performed most
effectively in the stacked
ensemble (AUROC 71.3).

A machine learning classifier
with a C-statistic of 0.76
decreased reviews by 49 % while
achieving 78 % sensitivity.
Additionally, a “workflow
simplified” regression model,
focusing on antimicrobial class
and clinical indication variables
along with two strong predictors
identified by machine learning,
reduced reviews by one-third
with an 81 % sensitivity rate.
These prediction models
significantly alleviated PAF
review caseloads while
maintaining high sensitivities.
Our findings and methodology
could serve as a model for other
ASPs.

Targeted empiric antibiotic
prescribing using personalized
antibiograms has the potential to
enhance patient safety and
antibiotic stewardship by
minimizing the unnecessary
administration of broad-

(continued on next page)
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Study Type of algorithms Aim of study Covariates Type of validation/ A summary of findings
implemented comparator
antibiotic choices guided by spectrum antibiotics, which
personalized antibiograms contribute to the proliferation of
compared to decisions made resistant organisms.
by clinicians. To Methodically
assess the balance in
performance when fewer
broad-spectrum antibiotics are
chosen among a population of
patients.
Cavallaro Gradient boosted decision tree ~ Reducing the number of Admission data (including Before Al An Al-based system significantly
2023 prescriptions mismatched to Summary Hospital-level Mortality assistance decreases the likelihood of
resistant culture test results Indicator (SHMI) diagnostic codes, treatment mismatches compared
consultant specialties, admission to observed prescriptions.
methods, admission and discharge
dates), patient demographics (age
and sex), prescription records (also
including antibiotics administered
during any prior admissions dating
from January 2010), and clinical
records of culture tests (including
antibiotic susceptibilities)

Cai 2023 ANN To assess a neural network Age, marital status, Sexual Traditional linear ANN is a viable and dependable
designed to forecast the intercourse per week, Hormonal statistics model tool for guiding antimicrobial
clinical effectiveness of status, Parity, Number of UTIs selection in the empirical
empirical antibiotic treatment #/year, Previous use of antibiotics treatment of uncomplicated
for symptomatic UTI (in the last 3 months), Previous cystitis within clinical urological

treatment of ABU, Bacterial strains practice, as well as for predicting
the recurrence of UTIs. In
comparison to traditional linear
statistical methods, the ANN
offers a notable advantage in
terms of decision-making and
prediction accuracy, resulting in
improved adherence to antibiotic
stewardship principles in the
management of recurrent UTIs in
adult women.

Tzelves WEKA-Data Mining Software predicting bacterial resistance Age, gender, Gram stain (positive, Antimicrobial Artificial intelligence technology

2022 negative), bacterial species, sample Susceptibility test can effectively predict antibiotic

type, antibiotics and antimicrobial
susceptibility

resistance patterns, achieving an
accuracy of 77 % when informed
by Gram staining information
and nearly 87 % accuracy when
identifying specific
microorganisms. This knowledge
can greatly assist urologists in
prescribing the appropriate
antibiotic 24-48 h before test
results become available.

RF: Random Forest, XGBoost: eXtreme Gradient Boosting, LASSO regression: Least Absolute Shrinkage and Selection Operator regression, EHR: Electronic Health
Record, MIC: Minimum Inhibitory Concentration, aOR: Adjusted Odds Ratio, SVC: Support Vector Classifier, SVM: Support Vector Machine.

SMO: Sequential Minimal Optimization, KNN: k-Nearest Neighbors, RIPPER: Repeated Incremental Pruning to Produce Error Reduction, MLP: Multi-Layer Perceptron,
LightGBM: Light Gradient Boosting Machine, ML: Machine learning, AMR: Antimicrobial Resistance, Class.Regr.: Classification Regression Trees, REPTree: Reduced
Error Pruning Tree, DT: Decision Tree, CART: Classification and Regression Trees, BPNN: Backpropagation neural network, ROC: Receiver Operating Characteristic,
DM: diabetes mellitus, LLR: Lasso logistic regression, ASP: Antimicrobial Stewardship Programs, TabNet: Tabular Learning Neural Network, ANN: Artificial Neural

Network, PAF: Prospective audit and feedback.

to therapy and negatively impact patient outcomes [86]. Furthermore,
studies show that sub-MIC levels of antibiotics are associated with
increasing rates of bacterial resistance and virulence [87]. Dose
adjustment using Al was the primary focus of two studies included in the
review [63,64]. These studies used neural networks and decision trees,
which is a type of machine learning algorithm, both of which performed
better than conventional dose-adjusting approaches.

Previous systematic reviews have provided valuable insights into the
role of AI in ASPs. Pinto-de-S4a et al. [35] showed the value of Al in
anticipating resistance and enhancing antibiotic selection. The study
concentrated on the application of Al in antibiotic stewardship,
encompassing 18 studies, and revealed that the most frequently utilized
algorithms were logistic regression and random forest, each used in
eight studies. The AUC for all algorithms ranged from 0.64 to 0.992.

20

While Johns et al. [36] concentrated on the identification of inappro-
priate prescriptions in hospital settings. The study, which encompassed
13 studies, underscored the potential of machine learning algorithms in
identifying inappropriate drug prescriptions within hospital settings.
The review also identified a significant gap in the existing original
literature in this field. Amin et al. [37] continued by emphasizing how
advanced ML algorithms may enhance prescription practices. The study
analyzed five research articles on the use of Al to enhance antibiotic
prescribing. While these studies demonstrated significant potential for
ML in this context, none assessed performance during clinical imple-
mentation. Our review explores Al-driven solutions for empiric anti-
biotic selection, dose adjustment, and program adherence, highlighting
their potential to enhance ASP effectiveness in diverse clinical and
geographical contexts.
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A summary of findings of studies which proposed an algorithm in dose adjustment or investigation of dose adequacy.

Study Type of algorithms Aim of study Covariates Type of validation/ A summary of findings
implemented comparator

Imai 2019 DT Algorithm for initial ~Age, sex, BW, body mass index (BMI), Scr, To compare with three The DT algorithm outperformed

dose settings of VCM  eGFR, creatinine clearance (CCr), duration conventional Dose- conventional dose-setting methods
of therapy, concomitant medications Setting Methods in achieving the VCM therapeutic
(nonsteroidal anti-inflammatory drugs range, making it a viable option for
(NSAIDs), furosemide, amphotericin B, clinical implementation.
aminoglycosides, piperacillintazobactam Additionally, the utility of machine
(PIPC-TAZ), and vasopressor drugs learning in optimizing drug dosage
(etilefrine, noradrenaline, olprinone, settings is evident.
milrinone, dopamine, and dobutamine),
residence in the intensive care unit (ICU),
initial VCM daily dose, initial VCM trough
value, and days to initial TDM. All data
items, except for duration of therapy,
initial VCM trough value, and days to
initial TDM.”

HU 2007 One compartment To construct decision Gender, age, weight, and SCR, as well as  Classified the peak or  The utilization of Bagging could be
model, DT C4.5, Neural support systems for  the vancomycin regimen administered (i. ~trough concentration advantageous in improving the
networks, Bagged predicting the e., daily dosage and time interval between produced by a regimen performance of decision support
decision tree C4.5, regimen adequacy of administrations) revealed by TDM systems built using decision-tree

Bagged neural networks vancomycin induction C4.5.

DT: Decision Tree, VCM: Vancomycin, TDM: Therapeutic Drug Monitoring.
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Fig. 2. illustrates the categorization of algorithm usage frequency in studies, based on the type of algorithm implementation. Group 1 (blue) highlights the
effectiveness of algorithms in antibiotic change intervention or antibiotic stewardship programs; Group 2 (orange) focuses on the effectiveness of algorithms in
selecting empirical antibiotics or predicting antibiotic resistance; and Group 3 (green) emphasizes the effectiveness of algorithms in adjusting dosages or investigating
dose adequacy.

Abbreviations: LR/LASSO (Logistic Regression/LASSO Regression), XGBoost (Extreme Gradient Boosting), LightGBM (Light Gradient Boosting Machine), RF
(Random Forest), SVM (Support Vector Machine), NNs (Neural Networks), DT (Decision Trees), MLP (Multi-Layer Perceptron), AdaBoost (Adaptive Boosting). (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

The type of algorithm and architecture are important determinants
of the robustness of the final model [88]. The accuracy results of
different models in this study can guide future researchers and algorithm
designers in implementing the best available architecture to create the
most efficient algorithms. In this study, while previously established
algorithms, such as decision trees and random forests, achieved
acceptable performances, newer algorithms, like XGBoost, demonstrate
stronger classification abilities. Further studies are needed to assess this

21

superiority.

Although the implementation of ASPs, antibiotic dose adjustments,
and improved antibiotic choices are crucial for addressing the AMR
crisis, limitations in human resources and funding present significant
barriers, particularly in less developed countries. Implementing Al in
antibiotic prescriptions offers a cost-effective solution to this crisis.
Conducting this study alongside parallel research helps us understand
our current position and the distance we need to cover to practically
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apply these technologies in healthcare settings, while also paving the
way for future researchers to address limitations in algorithm
development.

This comprehensive review faced several limitations. A primary
concern was the limited number of studies that compared the perfor-
mance of algorithms and clinicians within the same setting and with the
same patient group. Additionally, the varied purposes for using Al across
different studies complicated comparisons of algorithm performance. As
a result, this variability precludes the possibility of conducting quanti-
tative and I? analyses to measure heterogeneity among the studies. A
significant constraint faced by Al algorithms is the variation in national
conditions and policies regarding antibiotic prescription, ASPs, and the
availability of drug choices worldwide. This variation creates a chal-
lenge in training and using these algorithms on a global scale.

5. Conclusion

The articles in this comprehensive review highlight the significant
potential of artificial intelligence algorithms, such as machine learning
and deep learning, in enhancing clinical decision-making. These tech-
nologies can reliably guide clinicians in determining the most appro-
priate empirical treatments, adjusting dosages, and ensuring adherence
to antibiotic stewardship program recommendations, ultimately sup-
porting efforts like antibiotic de-escalation. Among these technologies,
popular algorithms include XGBoost, decision trees, and random forests.

Moving forward, it is essential to address limitations by promoting
collaborative research and developing global data-sharing networks,
especially between high-income and low-income countries. These ini-
tiatives may enhance the development of scalable AI models suited to
various healthcare settings and increase the total efficacy of ASPs.

Supplementary Tables S1 to S3 provide supplemental files. Addi-
tionally, in Supplementary File 4, we provide detailed explanations of
the Al terms mentioned to enhance understanding for readers unfamiliar
with these concepts. Supplementary data to this article can be found
online at https://doi.org/10.1016/j.artmed.2025.103089.
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