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Abstract
The increasing threat of antimicrobial resistance has prompted a need for more effective antimicrobial stewardship programs 
(AMS). Artificial intelligence (AI) and machine learning (ML) tools have emerged as potential solutions to enhance decision-
making and improve patient outcomes in AMS. This systematic review and meta-analysis aims to evaluate the impact of AI 
in AMS and to assess its predictive performance and diagnostic accuracy. We conducted a comprehensive literature search 
across PubMed/MEDLINE, Scopus, EMBASE, and Web of Science to identify studies published up to July 2024. Studies 
included were observational, cohort, or retrospective, focusing on the application of AI/ML in AMS. The outcomes assessed 
were the area under the curve (AUC), accuracy, sensitivity, specificity, negative predictive value (NPV), and positive predic-
tive value (PPV). We calculated the mean pooled effect size (ES) and its 95% confidence interval (CI) using a random-effects 
model. The risk of bias was assessed using the QUADAS-AI tool, and the protocol was registered in PROSPERO. Out of 
3,458 retrieved articles, 80 studies met the inclusion criteria. Our meta-analysis demonstrated that ML models exhibited 
strong predictive performance and diagnostic accuracy, with the following results: AUC [ES: 72.28 (70.42–74.14)], accuracy 
[ES: 74.97 (73.35–76.58)], sensitivity [ES: 76.89; (71.90–81.89)], specificity [ES: 73.77; (67.87–79.67)], NPV [ES:79.92 
(76.54–83.31)], and PPV [ES: 69.41 (60.19–78.63)] across various AMS settings. AI and ML tools offer promising enhance-
ments due to their strong predictive performance. The integration of AI into AMS could lead to more precise antimicrobial 
prescribing, reduced antimicrobial resistance, and better resource utilization.

Keywords  Artificial intelligence · Antimicrobial stewardship · Machine learning · Systematic review · Meta-analysis

Introduction

Antimicrobial resistance (AMR) is one of the most press-
ing global health threats, contributing to increased morbid-
ity, mortality, and healthcare costs worldwide, leading to 
over 1.5 million deaths worldwide in 2019 alone [1], with 
a broader implication of 4.95 million deaths when associ-
ated with resistant bacterial infections [2]. The emergence 

of resistant pathogens has significantly complicated clinical 
decision-making, particularly in the context of antimicrobial 
stewardship (AMS), where the goal is to use antimicrobials 
judiciously to reduce resistance development while ensuring 
effective treatment [3]. However, studies have shown that 
approximately 30–50% of antimicrobial use in hospitals is 
inappropriate, contributing to the acceleration of resistance 
[4]. In the context of AMS, the ability to predict resistance 
patterns using rapid diagnostics is crucial. However, tradi-
tional culture-based methods of identifying resistance pat-
terns rely heavily on culture-based diagnostics, which can 
take up to 48–72 h, delaying optimal therapy. This uncer-
tainty in clinical decision-making increases reliance on 
empirical, often broad-spectrum antibiotic use, exacerbat-
ing resistance problems and negatively impacting patient 
outcomes [5].

Artificial intelligence (AI) and machine learning (ML) 
technologies have emerged as promising tools to support 
AMS by enabling rapid, data-driven predictions of AMR and 

 *	 Vincenza Gianfredi 
	 vincenza.gianfredi@unimi.it

1	 PhD National Programme in One Health approaches 
to infectious diseases and life science research, Department 
of Public Health, Experimental and Forensic Medicine, 
University of Pavia, 27100 Pavia, Italy

2	 Faculty of Medicine, University Vita-Salute San Raffaele, 
Milan, Italy

3	 Department of Biomedical Sciences for Health, University 
of Milan, Via Pascal 36, 20133 Milan, Italy

http://crossmark.crossref.org/dialog/?doi=10.1007/s10096-024-05027-y&domain=pdf
http://orcid.org/0000-0003-3848-981X


	 European Journal of Clinical Microbiology & Infectious Diseases

guiding antimicrobial therapy decisions. ML models, par-
ticularly those utilizing ML algorithms, have shown poten-
tial in various domains of healthcare, including diagnostic 
accuracy, predictive analytics, and clinical decision support 
[5]. In the context of AMS, AI-driven approaches could offer 
more timely and accurate predictions of antimicrobial resist-
ance, potentially guiding clinicians towards more targeted 
and appropriate therapies [6].

Despite these advancements, there remains a need to 
comprehensively evaluate the clinical utility of AI and ML 
models in AMS. Previous studies have reported various 
performance metrics, and some preliminary reviews have 
consolidated these findings [7]. However, the absence of any 
previous meta-analysis makes it impossible to statistically 
evaluate the overall predictive performance and diagnos-
tic accuracy of AI and ML tools in this domain, which is 
essential for understanding their value in real-world clinical 
settings.

This systematic review and meta-analysis aims to evalu-
ate the impact of AI and ML on antimicrobial stewardship, 
with a specific focus on their predictive performance and 
diagnostic accuracy. By analyzing key outcomes, including 
area under the curve (AUC), accuracy, sensitivity, specific-
ity, positive predictive value (PPV), and negative predictive 
value (NPV), this study will provide insights into the poten-
tial role of AI in improving clinical outcomes in the fight 
against AMR. Through the analysis of the current literature, 
we aim to inform future research and the implementation of 
AI technologies in AMS programs.

Methods

Protocol and registration

This systematic review adhered to the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses 
(PRISMA) guidelines. The protocol was registered with the 
International Prospective Register of Systematic Reviews 

(PROSPERO), registration number [PROSPERO ID 
CRD42024567640].

Literature search strategy

A comprehensive literature search was performed across 
PubMed/MEDLINE, Scopus, EMBASE, and Web of Sci-
ence (WoS) in July 2024. This systematic review seeks to 
answer the following question: “What is the impact and 
effectiveness of AI in AMS aimed at reducing AMR?”. The 
search strategy incorporated two key elements: artificial 
intelligence (and synonyms) and antimicrobial steward-
ship or antimicrobial resistance (and synonyms). Selected 
keywords, including MeSH terms and Title/Abstract terms, 
were combined using the Boolean operators “AND” and 
“OR”. The search strategy was initially developed for Pub-
Med/MEDLINE and subsequently adapted for Scopus, 
EMBASE, and WoS. The search strategies for each database 
are detailed in Table S1. Additionally, forward and backward 
citation searches were performed. No temporal filter was 
applied.

Eligibility criteria

Inclusion and exclusion criteria were defined based on the 
Population, Intervention, Comparison, Outcome, and Study 
design (PICOS) guidelines. Only studies involving patients 
(both inpatient or outpatient) requiring antimicrobial pre-
scriptions in settings (population) and using ML models in 
AMS were included. We included studies that developed 
and, where applicable, validated ML models aimed at 
improving antimicrobial stewardship practices. Moreover, 
our primary outcomes included predictive performance met-
rics (AUC, c-statistic, accuracy, sensitivity, specificity, PPV, 
NPV, and F1-score). Secondary outcomes included clini-
cal outcomes and improvement in patient health outcomes. 
Lastly, only observational studies published in English in 
international, peer-reviewed scientific journals, were consid-
ered eligible. A detailed description of the inclusion criteria, 
defined according to PICOS, is provided in Table 1.

Table 1   Inclusion criteria 
declined according to 
Population, Intervention, 
Comparison, Outcome, 
and Study design (PICOS) 
guidelines

AUC​ Area under the curve; PPV positive predictive value; NPV negative predictive value

Inclusion criteria

Population (P) Patients who require antimicrobial prescriptions in both inpatient or outpatient settings
Intervention (I) Artificial intelligence or machine learning tools used in antimicrobial stewardship
Comparison (C) Traditional clinical decision-making processes without the aid of artificial intelligence
Outcome (O) Main outcome: measure of the effectiveness of machine learning algorithms to support 

antimicrobial stewardship programs: AUC, c-statistic, accuracy, sensitivity, specific-
ity, PPV, NPV and F1-score

Secondary outcome: clinical outcomes and improvement in patient health outcomes
Study design (S) Observational, including cohort studies, prospective or retrospective
Time filter No temporal filter
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Study selection

Search results were imported into Mendeley for organization 
and de-duplication. Titles and abstracts were independently 
screened, in blind, by two reviewers using Rayyan software 
(https://​rayyan.​qcri.​org). Full-text articles were obtained and 
assessed, in blind by two reviewers against the eligibility 
criteria. Discrepancies were resolved through discussion or 
by consulting a third reviewer. A PRISMA flowchart was 
used to document the study inclusion process, recording the 
number of articles retained at each screening stage and rea-
sons for exclusion at the full-text screening stage.

Data extraction

Data extraction was performed in blind using a standardized 
template in Microsoft Excel (Microsoft Excel® for Micro-
soft 365 MSO, Redmond, WA, USA, 2019). The spread-
sheet was initially tested on three randomly selected articles 
to enhance consistency and agreement among the authors. 
Extracted data included: study characteristics (author name, 
year of publication, country where the study took place, 
study design), population characteristics (demographic 
data, sample size, hospital setting, type of infection, clini-
cal settings), ML model details (ML methods used, training 
data sets, number of features, data source i.e. clinical and/ 
or laboratory data), and outcomes (predictors, performance 
validation, clinical outcomes). Discrepancies in data extrac-
tion were resolved through discussion or by consulting a 
third reviewer.

Risk of bias assessment

The risk of bias in the included studies was assessed inde-
pendently in blind by two authors using the QUADAS-AI 
tool [8]. This tool allows for a detailed and structured assess-
ment of various bias domains, including patient selection, 
index test, reference standard, and type of validation. Dis-
crepancies in assessments will be resolved through discus-
sion and, if necessary, by consulting a third senior reviewer 
to reach a consensus. This comprehensive assessment is 
crucial for understanding the reliability and validity of the 
study findings.

Data synthesis and meta‑analysis

Data synthesis was organized into tables to provide an 
overview of study characteristics and findings. In the meta-
analysis, only performance measures with data from at 
least 5 distinct studies were included. Quantitative analyses 
were conducted on performance measurements related to 
validation, where available. A quantitative synthesis of the 
data was planned if feasible, using random-effects models 

to assess the AUC, accuracy, sensitivity, specificity, PPV, 
and NPV of ML models. Heterogeneity among studies was 
assessed using I2 statistics. Publication bias was assessed 
using funnel plots and Egger's test if at least ten studies were 
included in the meta-analysis.

ML models were grouped based on functional similari-
ties, considering their approach to data processing, under-
lying mechanisms and typical applications. This grouping 
facilitated a more coherent comparison across studies by 
ensuring that models with comparable characteristics were 
analysed together. Specifically, the following groups were 
identified:

•	 Decision Trees, including Random Forest (RF), Decision 
Tree (DT), Classification and Regression Trees (CART), 
and J48 (C4.5).

•	 Boosted Models, including Extreme Gradient Boosting 
(XGB), Gradient Boosted Decision Trees (GBDT), Cat-
egorical Boosting (CatBoost), Adaptive Boosting (Ada-
Boost), Boosted Decision Trees (Boosted DT), Boosted 
Logistic Regression (Boosted LR), and Gradient Boost-
ing Machine (GBM).

•	 Neural Networks were divided into two categories: 
generic networks, such as Artificial Neural Networks 
(ANN), Neural Networks (NN), Backpropagation Neu-
ral Networks (Backpropagation NN), and Neural Net-
works with SHapley Additive exPlanations (NN with 
SHAP); and recurrent networks, including Long Short-
Term Memory (LSTM), Bidirectional Long Short-Term 
Memory (Bidirectional LSTM), Recurrent Neural Net-
works (RNN), and Gated Recurrent Unit (GRU).

•	 Support Vector Machines (SVMs), including standard 
Support Vector Machines (SVM), SVM with Radial 
Basis Function kernel (SVM with RBF kernel), Sequen-
tial Minimal Optimization (SMO), Linear Support Vec-
tor Machines (Linear SVM), Polynomial Support Vector 
Machines (Polynomial SVM), and SVM C-Support Vec-
tor.

Results

Literature search

A total of 3,458 records were identified through searches in 
PubMed/MEDLINE (n = 992), Scopus (n = 1,134), Embase 
(705), and Web of Science (627) databases. Additionally, 
two articles were included based on reference screening. 
Following the initial removal of duplicates (n = 1,825), a 
total of 1,633 records underwent screening based on title 
and abstract. Subsequently, 1,477 records were eliminated 
due to non-original content and focus on different topics, 
resulting in 156 records deemed eligible for inclusion. Three 

https://rayyan.qcri.org
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articles [9–11] lacked full-text availability. Following the 
full texts assessment, 75 records were excluded, including 
80 records [12–90]. The study selection process is visually 
represented in Fig. 1.

Descriptive characteristics of included studies

The systematic review comprised 80 studies, encompassing 
a total of over 1.3 million patients. All studies were pub-
lished after the year 2000. The geographic distribution is 
notably concentrated (Figure S1), with the highest contribu-
tion from the USA (n = 20 studies) [14, 19, 20, 22, 28, 30, 
31, 36, 41, 43–45, 61, 62, 66, 67, 69, 72, 89, 90], Taiwan 
(n = 9) [13, 32, 39, 50, 59, 60, 78, 83, 84], Israel [21, 35, 53, 
56, 68, 73, 82, 91] and Spain [34, 49, 54, 57, 64, 65, 74, 80] 
with 8 studies each. Most studies (70%, n = 56) [12, 15–19, 
21–30, 32, 35, 38, 39, 46–50, 53–58, 60–62, 64, 65, 68, 70, 
72–84, 86–89, 92] were monocentric, conducted at a single 

institution (Table 2). Genitourinary infections were the pre-
dominant area of research focus, comprising 38.8% (n = 31) 
of total studies [12, 13, 16–20, 22, 23, 25, 33, 35, 41, 44, 
53, 56–60, 62, 68–71, 75, 76, 83, 86, 91, 92]. Bloodstream 
infections accounted for 26.3% (n = 21) of the studies [13, 
16, 17, 24, 31, 43, 46, 49, 50, 59, 60, 62–65, 69, 70, 77, 78, 
80, 83], followed by respiratory infections (21.3%, n = 17) 
[13, 16, 19, 22, 26, 42, 51, 59, 60, 64, 67, 69–71, 75, 85, 92]. 
The majority of the studies (82.5%, n = 66) [12–25, 28–30, 
32, 34–37, 40, 42, 43, 45–62, 64–69, 71–74, 77, 78, 80–82, 
85–92] report data on inpatient (I) populations, while only 
2.5% (n = 2) [27, 33] have outpatient data (O). A further 
7.5% (n = 6) [41, 44, 63, 75, 76, 83] include both inpatient 
and outpatient data (I/O), 5% (n = 4) [26, 31, 38, 84] report 
data on emergency patients, and 2.5% (n = 2) [39, 70] do not 
specify this information (NA).

Of the 80 included studies, only 7 [12, 29, 36, 44, 51, 59, 
83] used external validation and one [71] employed both 

Fig. 1   Flow diagram depicting the selection process
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internal and external. The number of features used in the 
studies varied greatly from a minimum of 5 [92] features to 
a maximum of 43,220 [20], with a mean of 1,375.3. Calibra-
tion was performed only in 16 models [14, 17, 18, 20, 24, 
29, 30, 33, 43–45, 68, 70, 71, 86, 89].

Characteristics of the features of the included 
studies

Figure 2 illustrates the distribution of key features analysed in 
the included studies. The most common were microbiologi-
cal/laboratory data (91.3%, n = 73) [12, 14–26, 28–43, 46–60, 
62–70, 72, 73, 75–90, 92], followed by clinical data (82.5%, 
n = 66)[12–15, 17, 19–26, 28–31, 33, 36–38, 40–62, 64–69, 
71–78, 82, 84–90]. Only 11.3% (n = 9) of the studies included 
pediatric populations [12–14, 24, 31, 41, 48, 75, 82].

ML algorithms and performance

Table 3 summarizes the algorithms used in the included studies. 
The most used algorithm was RF (n = 39) [12, 14, 16, 20–22, 
24, 28, 35, 39, 42, 44–46, 50–52, 54, 60, 62–66, 69, 72, 74–77, 
80–82, 84–87, 91, 92]. Boosted models were applied 34 times, 
with XGB used in 21 cases [12, 21, 28, 30, 35, 42, 47, 51, 53, 55, 
56, 60, 61, 63, 65, 72, 74, 77, 82, 84, 86], along with other Boost-
ing algorithms (Boosted DT n = 3[17, 24, 32], Gradient Boosted 
DT n = 3 [20, 68, 73], GBM n = 3 [43, 46, 65], Boosted LR n = 2 
[44, 46], CatBoost n = 1 [18], AdaBoost (n = 1)[13]. SVM models 
were used 22 times (most frequently SVM n = 13 [12, 18, 21, 
34, 39, 50, 54, 58, 60, 77, 80, 82, 85]and SVM with RBF kernel 
n = 4 [24, 34, 69, 81]). LASSO was used 8 times [20, 26, 31, 59, 
72–74, 86], primarily for variable selection and dimensionality 

reduction. Neural Networks, including both general NN (Arti-
ficial NN n = 5 [33, 42, 54, 58, 83], NN n = 4 [18, 37, 73, 90], 
Backpropagation NN n = 1 [29], NN with SHAP n = 1 [71]) and 
more advanced variants like Recurrent NNs (LSTM n = 2 [49, 
57], Bidirectional LSTM n = 2 [19, 57], Recurrent NN n = 2 [25, 
36], GRU n = 1 [57]), were also widely employed, totalling 18 
instances. DT models were also common, with DT used in 16 
cases [13, 24, 28, 32, 41, 42, 44, 48, 50–52, 58, 64, 67, 74, 77], 
J48 (C4.5) in three [85, 87, 92], and CART in two [26, 75].

Moreover, Table 3 provides a comprehensive quantitative 
summary of the predictive performance of various ML mod-
els, as measured by AUC. The AUC values range from 41.6 
[49] to 99.2 [13]. It was evaluated in three main contexts: 
predicting antibiotic resistance using ML models, assessing 
resistance to specific antibiotics, and predicting pathogen-
specific resistance to various antibiotics.

Accuracy ranged from 41.6 [49] to 100.0 [75], the latter 
achieved by an RF model (Table S2). Sensitivity values var-
ied from 0.0 [49], for predicting Quinolone resistance by an 
LSTM model to 100.0 [63, 82], attained by RF and XGB mod-
els (Table S3). Specificity ranged from 15.0 [63] to 100.0 [39, 
49, 65], with RF, Naïve Bayes, and LSTM models reaching the 
upper limit (Table S4). PPV ranged from 6.3 [67]to 100.0 [65, 
71, 82]; NPV spanned from 5.0 [71] to 99.6 [67] (Table S5).

Meta‑analysis

In our meta-analysis, ML models demonstrated strong 
predictive performance and diagnostic accuracy across 
various AMS settings, despite the considerable heteroge-
neity observed among the included studies. For the AUC, 
25 studies and 95 ML models were analyzed. The fixed 

Fig. 2   Distribution of the main features included in the Machine Learning (ML) models. NA = not available; ICU = Intensive care Unit setting
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effects model (FEM) revealed an ES of 83.40 (95% CI: 
83.40–83.40, p < 0.001) based on a total of 1,075,058 par-
ticipants, though significant heterogeneity was observed 
(I2 = 100%, p < 0.001). Applying a random effects model 
(REM), the ES decreased to 72.28 (95% CI: 70.42–74.14, 
p < 0.001), reflecting lower predictive performance when 
accounting for study variability. Publication bias was 
detected through visual inspection of the funnel plot and 
confirmed by Egger’s regression test (intercept: −484.04, 
p = 0.020). These results are presented in Fig. 3 (a: Forest 
plot, b: Funnel plot).

Regarding accuracy, we evaluated 8 studies comprising 
48 ML models. The FEM showed an ES of 76.15 (95% 
CI: 76.14–76.16, p < 0.001), again with high heteroge-
neity (I2 = 100%) and a total sample of 95,626 patients. 
The REM yielded a comparable ES of 74.97 (95% CI: 
73.35–76.58, p < 0.001). No evidence of publication bias 
was found in this case, as indicated by the funnel plot and 
Egger’s test (intercept: 31.69, p = 0.368). Results are illus-
trated in Fig. 4 (a: Forest plot, b: Funnel plot).

For sensitivity, 10 studies with 51 models were 
included. The FEM showed an ES of 72.68 (95% CI: 
72.67–72.70, p < 0.001), alongside substantial heteroge-
neity (I2 = 100%, p < 0.001). The REM, however, indi-
cated an improved ES of 76.89 (95% CI: 71.90–81.89, 
p < 0.001), based on 69,982 patients. No publication bias 
was detected, as confirmed by Egger’s test (intercept: 
117.04, p = 0.113). Corresponding plots are shown in 
Fig. 5.

When assessing specificity, 13 studies encompassing 59 
models were evaluated. The FEM provided an ES of 99.84 
(95% CI: 99.84–99.84, p < 0.001), although heterogeneity 
remained high (I2 = 100%, p < 0.001). The REM showed 
a significantly lower ES of 73.77 (95% CI: 67.87–79.67, 
p < 0.001), based on a total of 94,113 participants. Visual 
analysis of the funnel plot and Egger’s test (intercept: 
401.75, p < 0.001) confirmed potential publication bias. 
These findings are presented in Fig. 6.

For NPV, 6 studies with 12 models were included. 
The FEM reported an ES of 81.16 (95% CI: 81.14–81.18, 
p < 0.001), with high heterogeneity (I2 = 100%, p < 0.001), 
and a sample size of 21,338. The REM demonstrated 
a slightly lower ES of 79.92 (95% CI: 76.54–83.31, 
p < 0.001). No publication bias was identified (Egger’s 
test: intercept 70.68, p = 0.301). Results are shown in 
Fig. 7.

Lastly, for PPV, 5 studies with 11 models were analyzed. 
The FEM yielded an ES of 56.83 (95% CI: 56.81–56.85, 
p < 0.001), with high heterogeneity (I2 = 100%, p < 0.001) 
based on 10,976 participants. The REM showed a higher ES 
of 69.41 (95% CI: 60.19–78.63, p < 0.001). No publication 
bias was detected (Egger’s test: intercept 298.55, p = 0.533). 
These results are shown in Fig. 8.

Sensitivity analysis

Sensitivity analysis by study design was not conducted, as 
all included studies were cross-sectional. Instead, we per-
formed sensitivity analysis based on the type of ML models 
used. For AUC, when restricted to studies using DT models 
(CART, RF, J48 [C4.5], DT), 11 studies and 36 ML mod-
els were analyzed, covering a total of 291,984 patients. The 
FEM demonstrated an ES of 79.44 (95% CI: 79.44–79.44, 
p < 0.001), although there was considerable heterogeneity 
(I2 = 100%, p < 0.001). The REM showed a lower ES of 
68.18 (95% CI: 64.10–72.25, p < 0.001) (Fig. 9a and S2). 
Conversely, studies employing boosted models (XGB, 
GBM, CatBoost, Boosted LR, Boosted DT), comprising 9 
studies and 18 models with a sample of 324,381 patients, 
showed an ES of 78.26 (95% CI: 78.26–78.26, p < 0.001) 
under the FEM. The REM showed an ES of 74.05 (95% CI: 
68.02–80.09, p < 0.001) (Fig. 9b and S3).

For sensitivity, studies using decision tree-based ML 
models (5 studies, 18 models) with a sample of 23,155 
patients, showed an ES of 78.46 (95% CI: 78.43–79.49, 
p < 0.001) in the FEM, with high heterogeneity (I2 = 99.99%, 
p < 0.001). The REM produced an ES of 74.97 (95% CI: 
71.20–78.74, p < 0.001) (Fig. S4). In contrast, 5 studies 
using general neural networks (Artificial NN, NN, MLP), 
with 10 models and a sample size of 18,307 patients, showed 
an ES of 60.98 (95% CI: 60.95–61.00, p < 0.001) for the 
FEM, again with substantial heterogeneity (I2 = 99.99%, 
p < 0.001). The REM indicated an improved ES of 75.76 
(95% CI: 61.25–90.27, p < 0.001) (Figure S5).

For specificity, 6 studies using DT models (RF, CART, 
DT, J48) were included, covering 20 models and a sample 
of 24,211 patients. The FEM showed an ES of 51.89 (95% 
CI: 51.86–51.91, p < 0.001), with substantial heterogeneity 
(I2 = 100%, p < 0.001). The REM showed a higher ES of 
71.83 (95% CI: 59.13–84.53, p < 0.001) (Figure S6).

The high heterogeneity observed (I2 = 100%) can be 
attributed to differences in study designs, patient popula-
tions (e.g., ICU vs. general wards, adult vs. pediatric), and 
infection types (e.g., bloodstream vs. urinary infections). 
Additionally, variations in data sources (clinical vs. micro-
biological) contributed to the variability in outcomes.

Quality Assessment of included studies: QUADAS‑AI

A detailed analysis of the risk of bias assessment and con-
cerns regarding applicability was performed for each study 
and summarized in Figs. 10a and b. Risk of bias: 19 studies 
(24%) [13, 17, 26–28, 30, 32, 39–41, 53, 54, 56, 64, 67–70, 
85] had a high risk of bias in patient selection mostly due 
to the lack of a clear rationale for its sample size and the 
unspecified data source. Most of the studies had a high risk 
of bias for index test (55%), which was most often due to the 
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Fig. 3   a Forest plot and b funnel plot of the random effect model assessing the AUC​
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Fig. 4   a Forest plot and b funnel plot of the random effect model assessing the Accuracy
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Fig. 5   a Forest plot and b funnel plot of the random effect model assessing the Sensitivity
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Fig. 6   a Forest plot and b funnel plot of the random effect model assessing the Specificity
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lack of validation or testing on external data. In the reference 
standard domain, which assesses whether the method used 
as the gold standard for diagnosis or outcome measurement 
is reliable and applied appropriately, 10% of articles [26, 31, 
39, 53, 68, 74, 75, 89] were at a high risk of bias. Finally, 
the risk of bias in the flow and timing domain was high in 
18% of studies [12, 13, 17, 23, 32, 34, 38, 39, 53, 54, 66, 
89, 90, 92]. Applicability concerns: In the patient selection 
domain, concerns about applicability were low only in 28% 
of the included studies [12–14, 16, 23, 31, 33, 34, 36, 37, 59, 
63, 66, 67, 69, 71, 72, 85, 86, 90, 92, 93]. In the index test 
domain, concerns about applicability were high in 50% of 
the studies due to the lack of detail on the construct or archi-
tecture of the algorithm. Finally, in the reference standard 
domain, concerns about applicability were high in 14% of 
studies [26, 27, 31, 41, 53, 54, 75, 78, 80, 89, 94]. The main 
reasons for lower applicability included using surrogate or 
proxy measures instead of gold-standard diagnostic tests, 

reliance on internal validation only and patient populations 
that may not be representative of the broader clinical setting. 
Additionally, issues like improper patient flow, where inclu-
sion or exclusion criteria are unclear, or where the patient 
population does not mirror real-world clinical practice, 
could introduce bias and further reduce applicability.

Discussion

Interpretation of the results

The current systematic review of the literature assessed a 
total of more than 3 thousand studies, ultimately includ-
ing 80 after the selection process. This data allows us to 
understand that, despite the topic being relatively new, 
the first study dates back to 2000, it is nonetheless gain-
ing significant interest from the scientific community. 

Fig. 7   a Forest plot and b fun-
nel plot of the random effect 
model assessing the PPV
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Fig. 8   a Forest plot and b fun-
nel plot of the random effect 
model assessing the NPV

Fig. 9   a Sensitivity analysis for the area under the curve (AUC); and b for the sensitivity



European Journal of Clinical Microbiology & Infectious Diseases	

However, at the same time, the total number of studies 
that could be included in the meta-analytical evaluation 
was 29, highlighting the considerable heterogeneity in 
how data was collected and analyzed in each individual 
original study. This meta-analysis and systematic review 
demonstrated that ML models consistently show strong 
predictive performance in AMR prediction across different 
settings, as evidenced by the high AUC scores and diag-
nostic accuracy metrics. However, there was significant 
heterogeneity across the included studies, with variability 
in model performance depending on the algorithm used, 
the clinical setting, and the infection type. The REM con-
sistently showed lower ES for AUC, accuracy, sensitivity, 
specificity, and predictive values, emphasizing the need 
to account for study variability in pooled analyses. The 
sensitivity analysis, which stratified results by the type 
of ML model employed, provided deeper insight into the 
differences between models.

The analysis showed that DT models, such as RF, CART, 
J48, and traditional DT, generally performed well, achiev-
ing consistent ES across metrics. For example, DT models 
showed a strong AUC in both FEMs (ES = 79.44) and REMs 
(ES = 68.18). DT models tend to perform well in clinical 

applications because of their relative simplicity and inter-
pretability [95]. In the context of AMR prediction, decision 
trees may outperform other models because their structure 
mirrors clinical decision-making processes, making them 
easy to validate and implement in real-world settings [96]. 
This could explain why DT models often exhibit high AUC 
and specificity in predicting AMR. One of the key deter-
minants of model performance is the type and number of 
features included [97]. The studies included in this review 
had a wide range of feature numbers, from as few as five 
features to over 43,000. Models that can effectively select 
and prioritize important features, such as LASSO for dimen-
sionality reduction or RF models that rank feature impor-
tance, are more likely to generalize well [98]. RF models, 
the most frequently used in the studies, inherently manage 
feature importance and handle large feature sets effectively. 
These capabilities contribute to their strong performance in 
predicting AMR across various datasets.

Boosted models similarly excel when feature selection 
is well-curated, as they iteratively refine the contribution of 
each feature to the prediction. Boosted models demonstrated 
superior performance compared to decision tree models in 
certain metrics, particularly AUC (ES = 74.05 under REMs), 

Fig. 10   a Proportion of studies 
with a Risk of bias; and b with 
concerns regarding applicability
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indicating that these models might be better suited for AMR 
prediction in larger, more complex datasets. Despite their 
high predictive power, these models require vast amounts 
of high-quality data [99, 100]. Obtaining such data in 
healthcare is challenging due to privacy concerns, limited 
access to comprehensive datasets, and inconsistent record-
keeping, particularly in underdeveloped regions [101–104]. 
Additionally, the temporal nature of medical data, such as 
evolving disease patterns, poses a challenge for models that 
rely on static data representations. While advanced archi-
tectures like bidirectional LSTMs attempt to address this, 
temporal dependencies in healthcare data remain complex 
[102]. These factors contribute to the mixed results seen in 
the application of neural networks despite their theoretical 
potential.

NN models, such as general ANNs, RNNs, and LSTM 
models, demonstrated inconsistent performance compared 
to decision tree and boosted models. Although neural net-
works are highly flexible and capable of handling large 
datasets, they often require substantial data preprocessing 
and hyperparameter tuning [105]. This might explain why, 
despite their theoretical potential, neural networks achieved 
lower ES values in the FEM for sensitivity (ES = 60.98) but 
showed an improved ES under REMs (ES = 75.76), particu-
larly in studies that used more advanced recurrent architec-
tures such as bidirectional LSTMs.

The predominance of internal validation suggests that 
some models may have been overfitted to specific datasets. 
Internal validation, while useful, can inflate performance 
metrics such as AUC or accuracy by tailoring the model 
too closely to the training data. In contrast, external valida-
tion provides a more rigorous test of model generalizability. 
This could explain why models that underwent external vali-
dation, such as those using decision trees and RF, showed 
lower but more reliable performance metrics in the REMs. 
The limited use of external validation in healthcare-related 
ML models points to a relevant challenge in evaluating true 
model performance.

The sensitivity analysis confirmed high heterogeneity 
(I2 = 100% across nearly all models and metrics). This likely 
stems from differences in study design, patient populations, 
infection types, and the algorithms used. For example, stud-
ies focused on high-risk populations (e.g., ICU patients) or 
specific infections (e.g., genitourinary infections) may pro-
duce different results compared to those with more general 
patient populations. Additionally, low standardization in 
ML methods might also contributed in high heterogeneity. 
Publication bias, especially noted in specificity measures, 
suggests that studies reporting poor performance may have 
been underreported. This may skew the apparent superiority 
of certain models, like RF, in specific performance metrics, 
even if their generalizability to diverse clinical settings is 
less clear. This bias should be considered when interpreting 

these findings. Overall, the results confirm that ML mod-
els, particularly decision trees and boosted models, perform 
well in predicting AMR, but their utility is influenced by 
the specific clinical context, model selection, and dataset 
characteristics.

Comparison with existing literature

The findings of this review are consistent with existing lit-
erature on the use of ML in healthcare, particularly in infec-
tious disease management. Previous studies have shown 
the utility of ML algorithms, such as RF, SVM, and NN in 
improving the diagnostic capabilities of predictive models 
in a variety of clinical settings. Similar to prior reviews [7, 
106], this study found that RF and boosted models, such 
as XGBoost, performed particularly well in terms of AUC, 
accuracy, and specificity. The widespread application of ML 
in AMR prediction aligns with earlier findings that ML can 
assist in stratifying patients and guiding therapeutic deci-
sions in complex cases, such as bloodstream infections and 
respiratory infections. However, the heterogeneity observed 
in this review mirrors challenges noted in the broader lit-
erature, where differences in data quality, feature selection, 
and study designs lead to variable model performance. This 
underscores the need for standardized reporting and model 
validation practices to improve the comparability of ML 
models across studies.

Public health implications

This systematic review emphasizes the significant role ML 
models could play in AMS programs to combat AMR, offer-
ing faster, accurate predictions that optimize antibiotic use 
and minimize the spread of resistance. Integrating ML into 
clinical settings can reduce reliance on traditional culture 
tests, which take days to yield results, allowing clinicians to 
make informed decisions within hours and avoid premature 
antibiotic use. This aligns with the One Health approach, as 
reducing AMR in humans also benefits animal and environ-
mental health. The review shows ML’s potential in preci-
sion medicine and infection control, especially in high-risk 
environments like ICUs, with 65% of studies focusing on 
hospital settings. Additionally, ML can help identify facility-
level antibiotic usage predictors, aiding in targeted infection 
control measures. However, due to publication bias in some 
studies, further independent validation of these ML models 
is necessary before broader implementation.

Future directions

Future research should focus on addressing the limita-
tions identified in this review, including the need for more 
external validation of ML models. Future studies should 
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aim to validate ML models in diverse clinical settings, 
particularly in ambulatory and emergency care environ-
ments, which were underrepresented in the current review. 
Additionally, there is a need for more research focused 
on pediatric populations, as only 11.3% of the studies 
included children. Another priority for future research 
should be the development of models that integrate data 
from multiple institutions, enhancing their generalizabil-
ity. Finally, the detection of publication bias in some areas 
suggests the need for more transparency in reporting, and 
future research should prioritize open data sharing and 
the use of standardized metrics for evaluating ML model 
performance.

Strengths and limitations

The main strength of this review is its comprehensive analysis 
of ML models for AMR prediction across diverse regions and 
settings, covering over 1.3 million patients to enhance gener-
alizability. The systematic review with meta-analysis rigor-
ously evaluates AUC, accuracy, sensitivity, specificity, and 
predictive values, highlighting the strengths and weaknesses 
of different models. Conducted per international guidelines, 
this work ensures rigor and transparency. However, high study 
heterogeneity and publication bias, especially in specificity, 
limit the ability to draw definitive conclusions.

Conclusion

This systematic review and meta-analysis demonstrate the sig-
nificant potential of ML models to enhance AMS by improv-
ing diagnostic accuracy and predicting AMR. ML models, 
particularly DT, RF, and boosted algorithms, showed strong 
predictive performance and could serve as valuable tools in 
assisting AMS teams, and helping to control the global rise of 
AMR. However, several limitations emerged from this review. 
The generalizability of these models remains a concern, as 
many studies lacked standardization in methodologies and 
validation approaches, potentially limiting their applicability 
in diverse clinical settings. Additionally, the complexity and 
interpretability of some ML models pose challenges to their 
adoption in practice, as they may not be easily understood or 
trusted by clinicians. In conclusion, while ML models hold 
great promise for improving AMS, further research is needed 
to ensure their effective implementation. Standardized guide-
lines should be introduced to ensure consistency across future 
studies, and these models should be tested in randomized con-
trolled trials or real-world settings to validate their practical 
utility in diverse healthcare environments.
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