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Editorial on the Research Topic

Machine learning and AI-driven insights into microbial pathogenesis and
drug resistance
To survive in drug- or antibiotic-exposed environments, microbes must undergo rapid

adaptive evolution. Therefore, the emergence and continuous strengthening of antibiotic

resistance, along with its global spread, pose a significant threat to modern medicine and

human health (World Health Organization, 2025). Driven by the rapid advancement of

high-throughput omics and sequencing technologies, it has become feasible to efficiently

generate large-scale disease-associated phenotypic and genomic datasets, which provides a

robust foundational framework for in-depth mechanistic investigations of pathogenesis and

antimicrobial tolerance. However, due to the complexity and large volume of multi-

dimensional omics data, as well as the complex network of host-pathogen interactions,

the limitations of traditional methods have become increasingly prominent (Chetty and

Blekhman, 2024; Amarapathy and Tyagi, 2026). Fortunately, the rapid development of

machine learning (ML) and artificial intelligence (AI) is advancing our comprehension of

microbial pathogenic mechanisms and drug tolerance to unprecedented levels of both depth

and breadth (Wong et al., 2023; Odone et al., 2026).

This Research Topic offers ten insightful studies, highlighting the significance of AI/ML

technologies in pathogenic microorganism research, covering core directions such as

virulence factors mining, antimicrobial resistance phenotype prediction, and personalized

risk stratification.
Precise prediction and clinical decision support

A series of studies have focused on using AI/ML to establish highly accurate clinical risk

prediction models. Jeon et al. employed the XGBoost algorithm to predict the risk of

bloodstream infection in carbapenem-resistant Enterobacteriaceae carriers within 30-day

and 14-day windows, achieving area under the curve (AUC) values of 0.917 and 0.854
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respectively. The minimum inhibitory concentration of carbapenems

and the neutrophil count were identified as important predictors.

Chen et al. selected patients with pyogenic liver abscess as the research

subjects and employed feature selection methods such as LASSO

regression and Boruta analysis to establish a logistic regression model

for predicting multiple organ dysfunction syndrome. The model

achieved better discriminative ability than the traditional qSOFA

scoring system and identified independent risk factors including

invasive Klebsiella pneumoniae liver abscess syndrome, septic shock,

elevated international normalized ratio, and ascites.

Pediatric patients were recruited as the research subjects, Qin et al.

based on a retrospective pediatric cohort, established an XGBoost

model to predict carbapenem-resistant Pseudomonas aeruginosa

infections in children. The internal-validation AUC reached 0.848,

and retained satisfactory stable discriminatory ability in the inde-

pendent temporal validation cohort (AUC = 0.715). The length of

hospital stay, CD8+ T cell count, ventilator use, and carbapenem

exposure were identified as the top influential predictive factors.

Li et al. conducted a multicenter study and developed a random

forest model implemented as a web-based application for predicting

sepsis in patients with multidrug-resistant P. aeruginosa infection.

The external-validation AUC reached 0.816, and the serum calcium

levels, chronic obstructive pulmonary disease, red blood cell distri-

bution width-standard deviation (RDW-SD), and abdominal infec-

tion were found to be key predictive factors.

In the field of intensive care units, Yang et al. utilized public

databases to construct and compare eight distinct ML models, and

found that the support vector machine performed the best in

predicting Escherichia coli infection (AUC = 0.745). They identified

gender, age, sepsis, and serum potassium level as important pre-

dictive factors, and developed a web-based real-time tool for

assessing clinical risks. Gao et al. addressed the high-mortality

complication caused by carbapenem-resistant Acinetobacter

baumannii infection in postoperative intensive care unit (ICU)

patients. They built predictive models using eight ML algorithms,

and found that the gradient boosting algorithm as the optimal in

risk prediction, with an AUC of 0.867. They further identified

mechanical ventilation duration, central venous catheterization,

ICU length of stay, and carbapenem exposure as the four most

influential predictors.
Broadening the scope of research on
pathogens and drug discovery

The AL/ML applications go far beyond clinical prediction. Farag

et al. utilized AI tools to develop an analytical pipeline for predicting

the structures and functions of species-specific secreted proteins of

emerging pathogens. From the African Emomonella isolates, they

identified multiple protein domains including toxins, allergens,

adhesins, hydrolases, and inhibitors, and also discovered a

lysostaphin-like protein with excellent MHC-II binding ability. Stoia

et al. analyzed the key limitations and challenges of current AI-driven

strategies for gastrointestinal-kidney infections and proposed an AI-

integrated framework combining clinical, microbiological and multi-
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omics data to enhance treatment efficacy, reduce antibiotic resistance

and preserve microbiome integrity.
Optimizing the diagnostic
process and molecular
epidemiological surveillance

To accelerate the reporting workflow of clinical microbiological

testing, Zhang et al. employed the random forest to develop a non-

culture-dependent model for early differentiation between E. coli and

non-E. coli urinary tract infections. They found that gender, lympho-

cyte counts (LYM), and alanine aminotransferase (ALT) were the

most influential predictive factors. Although its test-set discriminatory

performance is moderate, the model could still inform early decisions

before culture results are available. Fan et al. constructed a molecular

transmission network of 334 HIV-1-infected individuals aged ≥ 50

years and found that the overall pre-treatment drug resistance

prevalence to be 12.3%. Divorce/widowhood, specific residential

areas, and CRF07_BC infection were independent risk factors for

inclusion in the HIV transmission cluster.
Summary and outlook: the future of
intelligent anti-infection

These achievements collectively signal a shift in the anti-

infection paradigm: from a passive response to a data- and algo-

rithm-driven approach of proactive prediction, targeted prevention,

and precise intervention (Dazhu et al., 2025; Michael et al., 2026).

However, to transform the initial results into widely recognized

clinical applications, the participation of all fields is still necessary

(Dong et al., 2025). Firstly, external validation and standardization

are of great significance. Currently, most existing models are

developed based purely on single-center or retrospective studies.

In the future, there is an urgent need to conduct prospective, multi-

center external validation studies to evaluate the generalization

performance and stability of the models. Meanwhile, it is also

important to establish standardized protocols for data collection

and model reporting (Collins et al., 2024; Sardar et al., 2026).

Secondly, data integration and mechanism research are indispens-

able components for advancing the field. Future predictive and

diagnostic models should be designed to systematically incorporate

not only standardized data from routine clinical assessments and

laboratory examinations, but also multi-omics datasets spanning

genomics, transcriptomics, proteomics, and metabolomics host

immune status and microbiome characteristics, etc. In this way,

we can shift from correlational predictions to a true understanding

of causal mechanisms (Yu et al., 2026; Amarapathy and Tyagi,

2026). Finally, and most importantly, the focus is placed on

translating models into clinical application, that is, developing

user-friendly and real-time interactive tools that can be seamlessly

integrating into the clinical workflows. This requires the joint,

coordinated efforts of clinicians, data scientists, hospital adminis-

trators, and regulatory agencies (Qiao et al., 2024; Waldock

et al., 2025).
frontiersin.org

https://doi.org/10.3389/fcimb.2026.1828061
https://doi.org/10.3389/fcimb.2026.1846657
https://doi.org/10.3389/fcimb.2026.1792743
https://doi.org/10.3389/fcimb.2025.1682764
https://doi.org/10.3389/fcimb.2026.1788229
https://doi.org/10.3389/fcimb.2025.1716723
https://doi.org/10.3389/fcimb.2025.1716723
https://doi.org/10.3389/fcimb.2026.1792361
https://doi.org/10.3389/fcimb.2026.1792361
https://doi.org/10.3389/fcimb.2026.1740707
https://doi.org/10.3389/fcimb.2026.1823851
https://doi.org/10.3389/fcimb.2026.1980955
https://www.frontiersin.org/journals/cellular-and-infection-microbiology
https://www.frontiersin.org


Yang and Zhang 10.3389/fcimb.2026.1980955
Author contributions

Z-KY: Conceptualization, Supervision, Writing – original draft,

Writing – review & editing. YZ: Writing – original draft, Writing –

review & editing.
Acknowledgments

We thank all contributing authors for their submissions to this

Research Topic. We are also grateful to the reviewers for their

thoughtful comments on the manuscript.
Conflict of interest

Author YZ was employed by SinoGenoMax Co., Ltd.

The author(s) declared that this work was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.
Frontiers in Cellular and Infection Microbiology 03
The author Z-KY declared that they were an editorial board

member of Frontiers, at the time of submission. This had no impact

on the peer review process and the final decision.
Generative AI statement

The author(s) declared that generative AI was not used in the

creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this

article has been generated by Frontiers with the support of artificial

intelligence and reasonable efforts have been made to ensure

accuracy, including review by the authors wherever possible. If

you identify any issues, please contact us.
Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated organizations,

or those of the publisher, the editors and the reviewers. Any product

that may be evaluated in this article, or claim that may be made by its

manufacturer, is not guaranteed or endorsed by the publisher.
References

Amarapathy, S., and Tyagi, S. (2026). Multi-omics applications in health and diseases.
Prog. Mol. Biol. Transl. Sci. 221, 43–70. doi: 10.1016/bs.pmbts.2026.01.012

Chetty, A., and Blekhman, R. (2024). Multi-omic approaches for host-microbiome data
integration. Gut Microbes 16, 2297860. doi: 10.1080/19490976.2023.2297860

Collins, G. S., Moons, K. G. M., Dhiman, P., Riley, R. D., Beam, A. L., Van Calster, B.,
et al. (2024). TRIPOD+AI statement: updated guidance for reporting clinical prediction
models that use regression or machine learning methods. BMJ (Clinical Res. Ed.) 385,
e078378. doi: 10.1136/bmj-2023-078378

Dazhu, H., Ting, Z., Zhongjie, L., Jue, L., Liqun, F., Yajia, L., et al. (2025). Characteristics,
functions, and implementation strategies of smart infectious disease surveillance and early
warning systems. Dis. Surveillance 40, 16–22. doi: 10.3784/jbjc.202412160722

Dong, C., Liu, Y., Nie, J., Zhang, X., Yu, F., and Zhou, Y. (2025). Artificial intelligence in
infectious disease diagnostic technologies. Diagnostics 15, 2602. doi: 10.3390/diagnos-
tics15202602

Michael, B., Veerasami, H., and Jayaprakash, N. (2026). Artificial intelligence and big
data for decoding infectious disease transmission dynamics and outbreak prediction.
Decoding Infection Transm. 4, 100079. doi: 10.1016/j.dcit.2026.100079

Odone, A., Barbati, C., Amadasi, S., Schultz, T., and Resnik, D. B. (2026). Artificial
intelligence and infectious diseases: an evidence-driven conceptual framework for
research, public health, and clinical practice. Lancet Infect. Dis. 26, e152–e167.
doi: 10.1016/S1473-3099(25)00412-8
Qiao, H., Chen, Y., Qian, C., and Guo, Y. (2024). Clinical data mining: challenges,
opportunities, and recommendations for translational applications. J. Transl. Med. 22,
185. doi: 10.1186/s12967-024-05005-0

Sardar, S., Dash, S., Roychowdhury, P., Solanki, J., Sikdar, P., Thangappan, J., et al.
(2026). Artificial intelligence for antimicrobial resistance: advancing reproducibility,
interpretability, and clinical deployment. Briefings Bioinf. 27, bbag269. doi: 10.1093/
bib/bbag269

Waldock, W. J., Gilchrist, M., Ashrafian, H., Darzi, A., and Franklin, B. D. (2025).
A mixed methods evaluation of an antimicrobial prescribing clinical decision
support system app. NPJ Antimicrobials Resistance 3, 71. doi: 10.1038/s44259-025-
00146-8

Wong, F., de la Fuente-Nunez, C., and Collins, J. J. (2023). Leveraging artificial
intelligence in the fight against infectious diseases. Sci. (New York N.Y.) 381, 164–
170. doi: 10.1126/science.adh1114

World Health Organization. (2025). Global Antibiotic Resistance Surveillance Report
2025: WHO Global Antimicrobial Resistance and Use Surveillance System (GLASS)
(Geneva: World Health Organization). Available online at: https://iris.who.int/handle/
10665/383106 (Accessed September 7, 2026).

Yu, W., Qu, H., Wang, S., Shi, M., Lu, Y., Xia, S., et al. (2026). From microbiomes to
predictive ecosystems: challenges and opportunities in artificial intelligence-based
approaches. Lancet Microbe, 101428. doi: 10.1016/j.lanmic.2026.101428
frontiersin.org

https://doi.org/10.1016/bs.pmbts.2026.01.012
https://doi.org/10.1080/19490976.2023.2297860
https://doi.org/10.1136/bmj-2023-078378
https://doi.org/10.3784/jbjc.202412160722
https://doi.org/10.3390/diagnostics15202602
https://doi.org/10.3390/diagnostics15202602
https://doi.org/10.1016/j.dcit.2026.100079
https://doi.org/10.1016/S1473-3099(25)00412-8
https://doi.org/10.1186/s12967-024-05005-0
https://doi.org/10.1093/bib/bbag269
https://doi.org/10.1093/bib/bbag269
https://doi.org/10.1038/s44259-025-00146-8
https://doi.org/10.1038/s44259-025-00146-8
https://doi.org/10.1126/science.adh1114
https://iris.who.int/handle/10665/383106
https://iris.who.int/handle/10665/383106
https://doi.org/10.1016/j.lanmic.2026.101428
https://doi.org/10.3389/fcimb.2026.1980955
https://www.frontiersin.org/journals/cellular-and-infection-microbiology
https://www.frontiersin.org

	Editorial: Machine learning and AI-driven insights into microbial pathogenesis and drug resistance
	Precise prediction and clinical decision support
	Broadening the scope of research on pathogens and drug discovery
	Optimizing the diagnostic process and molecular epidemiological surveillance
	Summary and outlook: the future of intelligent anti-infection
	Author contributions
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References


