1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Curr Opin Infect Dis. Author manuscript; available in PMC 2025 August 01.

-, HHS Public Access
«

Published in final edited form as:
Curr Opin Infect Dis. 2024 August 01; 37(4): 290-295. doi:10.1097/QC0.0000000000001028.

Navigating the Future: Machine Learning’s Role in
Revolutionizing Antimicrobial Stewardship and Infection
Prevention and Control

John J. Hanna, MD12, Richard J. Medford, MD1:2
Division of Infectious Diseases, Department of Internal Medicine, Brody School of Medicine,
Greenville, NC, 27834

2Information Services, ECU Health, Greenville, NC, 27834

Abstract

Purpose of review: This review examines the current state and future prospects of machine
learning (ML) in infection prevention and control (IPC) and antimicrobial stewardship (ASP),
highlighting its potential to transform healthcare practices by enhancing the precision, efficiency,
and effectiveness of interventions against infections and antimicrobial resistance.

Recent findings: ML has shown promise in improving surveillance and detection of

infections, predicting infection risk, and optimizing antimicrobial use through the development

of predictive analytics, natural language processing, and personalized medicine approaches.
However, challenges remain, including issues related to data quality, model interpretability, ethical
considerations, and integration into clinical workflows.

Summary: Despite these challenges, the future of ML in IPC and ASP is promising, with
interdisciplinary collaboration identified as a key factor in overcoming existing barriers. ML’s
role in advancing personalized medicine, real-time disease monitoring, and effective IPC and
ASP strategies signifies a pivotal shift towards safer, more efficient healthcare environments and
improved patient care in the face of global antimicrobial resistance challenges.
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Introduction:

From enhancing the efficiency of prospective audit and feedback programs [1-3] to
improving the prediction of antimicrobial resistance (AMR) [4], machine learning (ML)
is poised to disrupt infection prevention and control (IPC) and antimicrobial stewardship
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(ASP) practices. This review seeks to discuss the current applications of ML within IPC and
ASP practices, exploring its potential in refining the precision, efficiency, and effectiveness
of surveillance programs, managing infections, and combating AMR. We also highlight

the potential of an integrated future state, where the combination of clinical insight with
cutting-edge computational techniques become paramount in devising innovative strategies
to address the critical challenges faced by IPC and ASP in modern healthcare delivery
systems.

Current State of Machine Learning in Infection Prevention and Antimicrobial Stewardship

To contextualize the applications of ML within IPC and ASP, it is essential to first discuss
what ML entails. At its core, ML is a subset of artificial intelligence (Al) that enables
computers to learn from and make decisions based on data, without being explicitly
programmed for specific tasks. This is achieved through algorithms that iteratively learn
from data, allowing the system to find hidden insights without being explicitly directed
where to look. ML can be broadly categorized into three types: supervised learning,

where the model is trained on a labeled dataset; unsupervised learning, where the model
learns from an unlabeled dataset to identify patterns; and reinforcement learning, where an
algorithm learns to make decisions through trial and error to achieve a certain goal [5].

In healthcare, ML is applied to various data types, including but not limited to clinical
data, genomic data, and imaging data. For clinical data, ML models are trained to predict
clinical events by learning from historical health records and patient data [6]. When
applied to genomic data, ML aids in understanding the genetic factors of diseases and
antimicrobial resistance (AMR), enabling the development of targeted therapies and the
prediction of AMR patterns [7]. Furthermore, in medical imaging, ML algorithms are
trained to automatically detect and classify abnormalities [8].

One of ML s first applications, the MY CIN system [9], was created in the 1970s, and
served as a computer-based consultation to aid in the diagnosis and treatment of bacteremia.
Decades later, many of the recent changes in the ML field have revolved around increased
computational power and novel algorithms and methods. Simultaneously, a paradigm shift
in how data are used and analyzed for clinical decision-making has created a synergistic
platform for advancement in IPC and ASP. With the capability to process and learn from
vast amounts of data far beyond human capacity, ML algorithms have shown potential in
enhancing diagnostic accuracy [10], predicting patient outcomes [11], and personalizing
treatment options [12,13]. This shift towards data-driven decision-making promises to
improve IPC and ASP by identifying patterns and trends that are not immediately apparent,
enabling a more proactive and targeted approach to managing infections and antimicrobial
use.

Infection Surveillance—The recent examples of integrating ML into infection
surveillance and detection marks a significant leap forward in the identification and control
of healthcare-associated infections (HAIS). Through the analysis of extensive datasets from
electronic health records (EHRS), ML can identify patterns and correlations that might

go unnoticed by conventional epidemiological methods [14]. Despite a higher rate of
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false positives, an ML model using EHR data to generate daily risk for hospital-onset
Clostridiodes difficile (C. difficile) infection identified the same number of cases as pre-
onset swab-based surveillance providing opportunity for early intervention and prevention
[15]. Prior to clinical suspicion, an ML-based model facilitated the early detection of
ventilator-associated pneumonia (\VAP) due to prediction of an impending VAP event [16].

At the public health level, natural language processing (NLP) techniques including
sentiment analysis and topic modeling on social media data have gleaned insights into
emerging outbreaks [17-21]. Several ML models have used clinical data to develop
Hepatitis B virus (HBV) risk assessment models but remain in the pre-clinical deployment
phase [22]. From using weather and air pollution as inputs to models that predict

infection, recovery, and mortality rates for COVID-19 [23], to integrating multiple modeling
techniques to enhance understanding of Mpox spread [24], ML techniques have the potential
to inform policy making.

Infection risk factors, diagnosis, and prognosis prediction—ML has also
demonstrated significant potential in infection stages prediction and risk assessment,
offering tools for early identification of patients at risk of developing healthcare associated
infections. This can tailor preventive measures, optimize patient management, and improve
clinical outcomes. ML models have been developed to predict the risk factors and
occurrence of surgical site infections (SSIs) by analyzing preoperative and intraoperative
data, surpassing the performance of traditional risk stratification techniques [25, 26].
Similarly, ML models derived from administrative and EHR text data achieved high
performance in the detection of SSIs holding the potential of automating the detection of
complex SSls [27].

ML has been employed to forecast the occurrence of bloodstream infections caused by
Gram-positive and Gram-negative bacteria, facilitating early and appropriate antimicrobial
therapy [28]. ML has also been shown to identify secondary bacterial infections in
COVID-19 patients, enabling preemptive interventions to mitigate the severity of these
complications [29].

Antimicrobial Resistance: ML has emerged as an important tool in the battle against AMR.
Both supervised and unsupervised ML techniques have been used to predict the presence of
antibiotic resistance, including the identification of risk factors for a vancomycin-resistant
Enterococci (VRE) carrier state [30].

Newer ML techniques used for the prediction of antimicrobial resistance directly from the
mass spectra, of matrix-assisted laser desorption/ionization—time of flight (MALDI-TOF)
clinical isolate profiles, offer the potential for rapid and precise detection of resistant
microorganisms prior to traditional laboratory resistance testing [31]. Utilizing data from
whole-genome sequencing, scientists have leveraged traditional ML strategies to predict
minimum inhibitory concentrations of thirteen different antimicrobials to Acinetobacter
baumanniiisolates [32]. Additionally, the introduction of a unique phylogeny-related
parallelism score, which assesses the correlation of specific features with the population
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structure of sample sets, enhanced the effectiveness of ML in predicting antibiotic resistance
to Mycobacterium tuberculosis [33].

Antimicrobial Stewardship: Integrating ML models into clinical practice enables
healthcare providers to benefit from a more nuanced understanding of infection risk factors,
promoting personalized patient care and more judicious use of antimicrobial agents. This
approach not only supports antimicrobial stewardship efforts by reducing unnecessary
antibiotic use but also contributes to the overall goal of enhancing patient safety and quality
in healthcare settings.

To support this goal, ML models have been developed to optimize the use of antimicrobials
in healthcare settings, inform stewardship interventions, and offer insights into antibiotic
prescribing patterns and resistance trends [34]. ML algorithms have facilitated intravenous
to oral antibiotic switches, and improved patient outcomes while minimizing the risk of the
development of resistance [12].

Challenges and Limitations:

Despite the promising advancements ML offers in the realms of IPC and ASP,
significant challenges and limitations remain in data quality, model generalizability, model
transparency, workflow integration, and ethical considerations.

Data Quality and Model Generalizability and Interpretability—One of the primary
hurdles of ML development is the quality and heterogeneity of data. ML models rely on

the availability of large, high-quality datasets. However, in the context of healthcare, data
are frequently fragmented across different systems and often lack standardization [35].

This variability can limit the generalizability of models across different healthcare settings.
Additionally, mimicking the distribution of problems in ASP and IPC, the majority of
datasets used to train ML models for ASP and IPC are imbalanced datasets, where some
classes have significantly more samples than others, leading to a skewed distribution of data,
which adds another layer of complexity that necessitates the utilization of sampling methods
[36].

Federated learning offers a promising approach by allowing multiple institutions to
collaboratively train a machine learning (ML) model without sharing raw data. This method
addresses the limitations of centralized training models and can maintain performance even
with imbalanced datasets. However, the adoption of federated learning in healthcare is

still in its early stages and demands significant coordination among various institutions
throughout each phase of the process [37].

Another significant challenge is the interpretability and transparency of ML models. The
“black box” nature of some advanced ML algorithms can make it difficult for clinicians to
understand how predictions are made, which in turn can hinder their trust and willingness to
rely on these systems for decision-making [38]. In addition to ensuring that ML models are
transparent and interpretable, resources are frequently needed to monitor deployed models in
healthcare environments, and procedures for continued model surveillance are still nascent
[39].
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Workflow Integration and Ethical Considerations—Integrating ML algorithms into
clinical workflows goes beyond technological implementation and involves alignment with
the workflow, culture, and practices of healthcare professionals. From the early stages of ML
development, it is crucial to consider these factors, as training models at various points of
care can yield different prediction metrics and address different questions [40]. Resistance

to change and concerns about automation replacing human judgment can also be significant
barriers to adoption [41].

Furthermore, ethical considerations, including privacy concerns and algorithmic bias, are
paramount. ML models can perpetuate or even exacerbate biases present in the training data,
leading to disparities in patient care. Ensuring that models are fair, equitable, and respectful
of patient privacy is essential for their ethical application in healthcare [42].

While ML presents a transformative opportunity for IPC and ASP, addressing these
challenges is essential for realizing its full potential. Overcoming these challenges are
paramount and highlight the importance of dually trained clinical informaticists and
infectious diseases clinicians and providers. Their role in facilitating collaboration between
data scientists, clinicians, and operational leaders is vital to navigating these challenges,
and ensures that ML tools are dependable, interpretable, and seamlessly integrated into
healthcare delivery.

Future Directions

Despite existing challenges, the future of ML in IPC and ASP holds vast potential for
progress, innovation, and improvement. Leveraging ML’s capabilities offers a bright future
where healthcare providers can make well-informed decisions, ensuring antibiotics are

used wisely and effectively. This strategy not only contributes to combating antimicrobial
resistance but also supports broader public health objectives by enhancing patient safety and
promoting the responsible use of essential medical resources.

Furthermore, the integration of genomics, natural language processing, and ML is set to
transform how transmission events are identified, assist in evaluating outbreak responses,
and lay the groundwork for automated infection detection strategies. With technological
advancements, incorporating these tools into healthcare protocols is expected to significantly
enhance the accuracy and efficiency of IPC and ASP efforts.

Enhanced infection screening and prediction: ML systems not only have the
potential to enhance the accuracy and promptness of infection detection but also alleviate
the workload on infection control teams by automating routine surveillance tasks [14].
Furthermore, ML models can assimilate various data sources, including microbiological
reports, patient demographics, and clinical outcomes, to provide an all-encompassing view
of infection risks. This comprehensive approach can improve healthcare facilities’ capability
to implement focused prevention strategies, ultimately leading to lower transmission rates of
HAIs and better patient outcomes.
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The employment of ML in infection surveillance and detection signifies an exciting
advancement in IPC and ASP, offering novel tools to address the ongoing challenges posed
by infectious diseases in healthcare settings.

Technological Innovations and I ntegration: Global deployment of technologies like the
prediction of AMR through genomic data, not only offers a faster and more accurate
alternative to traditional culture-based methods but allows for timelier and more targeted
antimicrobial therapy [31]. Furthermore, a future where the wide use of explainable Al
models demystify ML predictions for clinicians, will foster trust and facilitate its adoption in
clinical decision-making [34].

NLP techniques and large language models extract valuable information from clinical notes,
laboratory reports, and other unstructured data sources, offering a richer context for training
and development of ML models to identify risk factors, automate abstraction of infection
cases, and track outbreaks in real time.

Enhancing Per sonalized M edicine and Real-Time Monitoring: The growth of
personalized medicine, supported by machine learning, promises to tailor treatment plans

to the unique data of each patient, potentially minimizing adverse drug reactions and
enhancing therapeutic outcomes. Additionally, techniques and algorithms for predictive
model development are becoming more sophisticated, allowing for the improved forecasting
of infectious disease outbreaks. These advancements enable public health responses to be
dynamically adjusted and mitigate the impact on communities. The ongoing commitment
of researchers, clinicians, and policymakers will be essential for transforming IPC and ASP
practices for the betterment of global health.

Conclusion:

Machine learning has emerged as a transformative force in the fields of IPC and ASP,
promising to enhance the precision, efficiency, and effectiveness of healthcare interventions.
As this review highlights, the integration of ML in these domains offers innovative solutions
for surveillance, detection, prediction, and management of infections and antimicrobial
resistance. However, realizing the full potential of ML requires addressing challenges related
to data quality, model interpretability, ethical considerations, and integration into clinical
workflows. The continued evolution of ML technologies presents an exciting avenue for
advancements in personalized medicine, real-time disease monitoring, and the development
of more effective IPC and ASP strategies. Collaborative efforts across various disciplines
will be key to overcoming existing barriers and leveraging ML to improve patient outcomes,
optimize antibiotic use, and combat the global threat of antimicrobial resistance. The journey
ahead is promising, with ML poised to play a pivotal role in shaping the future of infection
prevention and antimicrobial stewardship.

Financial support and sponsorship

RJM reports funding from the Centers for Disease Control and Prevention (U01CKO000590), the National Institutes
of Health (1R01AI1178121), and the Texas Health Resources Clinical Scholars Program.

Curr Opin Infect Dis. Author manuscript; available in PMC 2025 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hanna and Medford Page 7

References

1-. Heil EL, Justo JA, Bork JT. Improving the Efficiency of Antimicrobial Stewardship Action in Acute
Care Facilities. Open Forum Infect Dis 2023 Aug;10(9):0fad412. [PubMed: 37674632]

2-. Bystritsky RJ, Beltran A, Young AT. Machine learning for the prediction of antimicrobial
stewardship intervention in hospitalized patients receiving broad-spectrum agents. Infect Control
Hosp Epidemiol 2020 Sep;41(9):1022—7. [PubMed: 32618533]

3-*. Tran-The T, Heo E, Lim S. Development of machine learning algorithms for scaling-up
antibiotic stewardship. Int J Med Inform. 2024 Jan;181:105300. [PubMed: 37995386] This
study showcases how advanced machine learning models, enriched by a substantial dataset and
interpretability through SHapley Additive exPlanations (SHAP), can enhance the identification of
patients for targeted antibiotic interventions, aligning closely with clinical practices for potential
healthcare integration.

4-. Sakagianni A, Koufopoulou C, Feretzakis G. Using Machine Learning to Predict Antimicrobial
Resistance-A Literature Review. Antibiotics (Basel). 2023 Feb 24;12(3):452. [PubMed:
36978319]

5-. Deo RC. Machine Learning in Medicine. Circulation. 2015 Nov 17;132(20):1920-30. doi: 10.1161/
CIRCULATIONAHA.115.001593. [PubMed: 26572668]

6-. Haug CJ, Drazen JM. Artificial Intelligence and Machine Learning in Clinical Medicine. N Engl J
Med 2023 Mar 30;388(13):1201-1208. doi: 10.1056/NEJMra2302038. [PubMed: 36988595]

7-. Zou J, Huss M, Abid A, et al. A primer on deep learning in genomics. Nat Genet 2019
Jan;51(1):12-18. doi: 10.1038/s41588-018-0295-5. Epub 2018 Nov 26. [PubMed: 30478442]

8-. Choy G, Khalilzadeh O, Michalski M, et al. Current Applications and Future Impact of Machine
Learning in Radiology. Radiology. 2018 Aug;288(2):318-328. doi: 10.1148/radiol.2018171820.
Epub 2018 Jun 26. [PubMed: 29944078]

9-. Shortliffe EH, Davis R, Axline SG, et al. Computer-based consultations in clinical therapeutics:
explanation and rule acquisition capabilities of the MYCIN system. Comput Biomed Res 1975
Aug;8(4):303-20. doi: 10.1016/0010-4809(75)90009-9. [PubMed: 1157471]

10-. Richens JG, Lee CM, Johri S. Improving the accuracy of medical diagnosis with causal machine
learning. Nat Commun. 2020;11:3923. [PubMed: 32782264]

11-. Queipo M, Barbado J, Torres AM. Approaching Personalized Medicine: The Use of Machine
Learning to Determine Predictors of Mortality in a Population with SARS-CoV-2 Infection.
Biomedicines. 2024 Feb 9;12(2):409. [PubMed: 38398012]

12-**, Bolton WJ, Wilson R, Gilchrist M. Personalising intravenous to oral antibiotic switch decision
making through fair interpretable machine learning. Nat Commun. 2024 Jan 13;15(1):506.
[PubMed: 38218885] This study introduces a machine learning model to guide the switch from
1V to oral antibiotics in ICU patients, showing promise with a mean AUROC of 0.80, yet it
highlights the necessity for further validation prior to clinical use.

13-. Corbin CK, Medford RJ, Osei K, Chen JH. Personalized Antibiograms: Machine Learning
for Precision Selection of Empiric Antibiotics. AMIA Jt Summits Transl Sci Proc 2020 May
30;2020:108-115. [PubMed: 32477629]

14-** Lukasewicz Ferreira SA, Franco Meneses AC, Vaz TA. Hospital-acquired infections
surveillance: The machine-learning algorithm mirrors National Healthcare Safety Network
definitions. Infect Control Hosp Epidemiol 2024 Jan 11:1-5.This study demonstrates that an
ML-based semi-automated surveillance method has the potential to enhance the detection of
hospital-acquired infections compared to manual surveillance, suggesting its potential to augment
traditional surveillance practices with efficiency and accuracy.

15-*. Otles E, Balczewski EA, Keidan M. Clostridioides difficile infection surveillance in intensive
care units and oncology wards using machine learning. Infect Control Hosp Epidemiol 2023
Nov;44(11):1776-81. [PubMed: 37088695] This study demonstrated that an ML model can
match the detection rate of traditional swab surveillance for hospital-onset Clostridioides difficile
infection in the ICU, albeit with more false positives, offering early identification of at-risk
patients and thus potential for preventive measures.

Curr Opin Infect Dis. Author manuscript; available in PMC 2025 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hanna and Medford

Page 8

16-*. Samadani A, Wang T, van Zon K. VAP risk index: Early prediction and hospital phenotyping of
ventilator-associated pneumonia using machine learning. Artif Intell Med 2023 Dec;146:102715.
[PubMed: 38042602] This study introduces an ML model developed to predict the risk of VAP in
ICU patients 24 hours in advance, utilizing clinical indicators and hospital-specific data, offering
a nuanced approach to early intervention and potentially improving patient outcomes.

17-. Jagarapu J, Diaz MI, Lehmann CU, et al. Twitter discussions on breastfeeding during the
COVID-19 pandemic. Int Breastfeed J 2023;18:56. doi:10.1186/s13006-023-00593-x. [PubMed:
37925408]

18-. Diaz MI, Medford RJ, Lehmann CU, Petersen C. The lived experience of people with
disabilities during the COVID-19 pandemic on Twitter: Content analysis. Digit Health. 2023
Jun 13;9:20552076231182794. doi: 10.1177/20552076231182794.

19-. Saleh SN, McDonald SA, Basit MA, Kumar S, Arasaratham RJ, Perl TM, Lehmann CU, Medford
RJ. Public perception of COVID-19 vaccines through analysis of Twitter content and users.
Vaccine. 2023 Jul 25;41(33):4844-4853. doi: 10.1016/j.vaccine.2023.06.058. Epub 2023 Jun 23.
[PubMed: 37385887]

20-*. Cooper LN, Radunsky AP, Hanna JJ. Analyzing an Emerging Pandemic on Twitter: Monkeypox.
Open Forum Infect Dis 2023 Mar 18;10(4):0fad142.This study leverages Twitter analysis to
reveal insights into public perceptions, misinformation, and sentiment regarding monkeypox
outbreak, highlighting the approach’s effectiveness in understanding responses to outbreaks.

21-. Diaz MI, Hanna JJ, Hughes AE. The Politicization of Ivermectin Tweets During the COVID-19
Pandemic. Open Forum Infect Dis 2022 Jun 6;9(7):0fac263.

22-. Dong W, Da Roza CC, Cheng D. Development and validation of HBV surveillance models using
big data and machine learning. Ann Med 2024 Dec;56(1):2314237.

23-. Shrivastav LK, Kumar R. Empirical Analysis of Impact of Weather and Air Pollution Parameters
on COVID-19 Spread and Control in India Using Machine Learning Algorithm. Wirel Pers
Commun 2023;130(3):1963-1991. [PubMed: 37206636]

24-. Singh V, Khan SA, Yadav SK. Modeling Global Monkeypox Infection Spread Data: A
Comparative Study of Time Series Regression and Machine Learning Models. Curr Microbiol
2023 Nov 25;81(1):15. [PubMed: 38006416]

25-*. Mamlook REA, Wells LJ, Sawyer R. Machine-learning models for predicting surgical
site infections using patient pre-operative risk and surgical procedure factors. Am J Infect
Control. 2023 May;51(5):544-550. [PubMed: 36002080] This study introduces ML models that
outperform traditional statistical approaches in predicting surgical site infections (SSIs), with
deep neural networks showing the best predictive accuracy, suggesting a shift towards more
sophisticated analytics in preoperative risk assessment.

26-. Rafagat W, Fatima HS, Kumar A. Machine Learning Model for Assessment of Risk Factors
and Postoperative Day for Superficial vs Deep/Organ-Space Surgical Site Infections. Surg Innov
2023 Aug;30(4):455-462. [PubMed: 37082820]

27-. Wu G, Cheligeer, Southern DA. Development of machine learning models for the detection of
surgical site infections following total hip and knee arthroplasty: a multicenter cohort study.
Antimicrob Resist Infect Control. 2023 Sep 2;12(1):88. [PubMed: 37658409]

28-*. Zhang F, Wang H, Liu L. Machine learning model for the prediction of gram-positive and
gram-negative bacterial bloodstream infection based on routine laboratory parameters. BMC
Infect Dis 2023 Oct 10;23(1):675. [PubMed: 37817106] This study highlights an ML model
that effectively predicted gram-positive and gram-negative bacteremia using routine lab test data,
potentially aiding in timely antibiotic selection for critically ill patients, thereby enhancing early
sepsis management.

29-**, Carney M, Pelaia TM, Chew T. Host transcriptomics and machine learning for secondary
bacterial infections in patients with COVID-19: a prospective, observational cohort study. Lancet
Microbe 2024 Jan 30:S2666-5247(23)00363-4.This study demonstrates that combining patient
data with host transcriptomics and machine learning can predict secondary bacterial infections in
COVID-19 patients with high accuracy, potentially enabling more precise antibiotic use in viral
infections.

30-. Atkinson A, Ellenberger B, Piezzi V. Extending outbreak investigation with machine learning
and graph theory: Benefits of new tools with application to a nosocomial outbreak of

Curr Opin Infect Dis. Author manuscript; available in PMC 2025 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hanna and Medford

31-.

32-.

34-.

35-.

39

40-.

41

42

Page 9

a multidrug-resistant organism. Infect Control Hosp Epidemiol 2023 Feb;44(2):246-252.
[PubMed: 36111457]
Weis C, Cuénod A, Rieck B. Direct antimicrobial resistance prediction from clinical MALDI-TOF
mass spectra using machine learning. Nat Med 2022 Jan;28(1):164-174. [PubMed: 35013613]
Gao Y, Li H, Zhao C. Machine learning and feature extraction for rapid antimicrobial resistance
prediction of Acinetobacter baumannii from whole-genome sequencing data. Front Microbiol
2024 Jan 11;14:1320312. [PubMed: 38274740]

. Yurtseven A, Buyanova S, Agrawal AA. Machine learning and phylogenetic analysis allow for

predicting antibiotic resistance in M. tuberculosis. BMC Microbiol. 2023 Dec 20;23(1):404.
[PubMed: 38124060]

Cavallaro M, Moran E, Collyer B. Informing antimicrobial stewardship with explainable Al.
PLOS Digit Health. 2023 Jan 5;2(1):e0000162.

Dexter GP, Grannis SJ, Dixon BE. Generalization of Machine Learning Approaches to Identify
Notifiable Conditions from a Statewide Health Information Exchange. AMIA Jt Summits Transl
Sci Proc 2020;2020:152-161. [PubMed: 32477634]

. Kim M, Hwang KB. An empirical evaluation of sampling methods for the classification of

imbalanced data. PLoS One. 2022 Jul 28;17(7):e0271260.

. Zhang A, Xing L, Zou J. Shifting machine learning for healthcare from development to

deployment and from models to data. Nat Biomed Eng 2022;6:1330-1345. [PubMed: 35788685]

. Lu SC, Swisher CL, Chung C. On the importance of interpretable machine learning predictions

to inform clinical decision making in oncology. Front Oncol 2023 Feb 28;13:1129380. [PubMed:
36925929]

. Feng J, Phillips RV, Malenica I. Clinical artificial intelligence quality improvement: towards

continual monitoring and updating of Al algorithms in healthcare. npj Digit Med 2022;5:66.
[PubMed: 35641814]

Hanna JJ, Wakene AD, Cooper LN. Identifying the Optimal Look-back Period for Prior
Antimicrobial Resistance Clinical Decision Support. AMIA Annu Symp Proc 2024 Jan
11;2023:969-976. [PubMed: 38222352]

. Lambert SI, Madi M, Sopka S. An integrative review on the acceptance of artificial intelligence

among healthcare professionals in hospitals. NPJ Digit Med 2023 Jun 10;6(1):111. [PubMed:
37301946]

. Bear Don’t Walk OJ 4th, Reyes Nieva H, Lee SS. A scoping review of ethics considerations in

clinical natural language processing. JAMIA Open. 2022 May 26;5(2):00ac039.

Curr Opin Infect Dis. Author manuscript; available in PMC 2025 August 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Hanna and Medford

Page 10
Key Points:

1 Predictive analytics, large language models, and natural language processing,
are key areas for future machine learning development in IPC and ASP.

2. Data quality, model interpretability, ethical considerations, and clinical
integration are significant barriers to machine learning’s full potential in ASP
and IPC.

3. Cross-disciplinary effort and training are crucial for overcoming the barriers

in machine learning implementation in ASP and IPC.
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