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Background: Mechanically ventilated patients are susceptible to nosocomial infections such as ventilator-associated pneumonia. To treat ventilated patients with suspected infection, clinicians select appropriate antibiotics. However, decision-making regarding the use of antibiotics for methicillin-resistant Staphylococcus aureus (MRSA) is challenging, because of the lack of evidence-supported criteria. This study aims to derive a machine learning model to predict MRSA as a possible pathogen responsible for infection in mechanically ventilated patients.

Methods: Data were collected from the Medical Information Mart for Intensive Care (MIMIC)-IV database (an openly available database of patients treated at the Beth Israel Deaconess Medical Center in the period 2008–2019). Of 26,409 mechanically ventilated patients, 809 were screened for MRSA during the mechanical ventilation period and included in the study. The outcome was positivity to MRSA on screening, which was highly imbalanced in the dataset, with 93.9% positive outcomes. Therefore, after dividing the dataset into a training set (n = 566) and a test set (n = 243) for validation by stratified random sampling with a 7:3 allocation ratio, synthetic datasets with 50% positive outcomes were created by synthetic minority over-sampling for both sets individually (synthetic training set: n = 1,064; synthetic test set: n = 456). Using these synthetic datasets, we trained and validated an XGBoost machine learning model using 28 predictor variables for outcome prediction. Model performance was evaluated by area under the receiver operating characteristic (AUROC), sensitivity, specificity, and other statistical measurements. Feature importance was computed by the Gini method.

Results: In validation, the XGBoost model demonstrated reliable outcome prediction with an AUROC value of 0.89 [95% confidence interval (CI): 0.83–0.95]. The model showed a high sensitivity of 0.98 [CI: 0.95–0.99], but a low specificity of 0.47 [CI: 0.41–0.54] and a positive predictive value of 0.65 [CI: 0.62–0.68]. Important predictor variables included admission from the emergency department, insertion of arterial lines, prior quinolone use, hemodialysis, and admission to a surgical intensive care unit.

Conclusions: We were able to develop an effective machine learning model to predict positive MRSA screening during mechanical ventilation using synthetic datasets, thus encouraging further research to develop a clinically relevant machine learning model for antibiotics stewardship.
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INTRODUCTION

Selection of antibiotics for critically-ill patients undergoing mechanical ventilation in the intensive care unit (ICU) is challenging (1, 2), as these patients are susceptible to nosocomial infections such as ventilator-associated pneumonia (VAP), catheter-related blood site infection, and catheter-associated urinary tract infection (3–5). Thus, multiple anti-bacterial agents with broad spectrum are often empirically selected for the treatment of this population. However, the inappropriate use of broad-spectrum antibiotics could lead to the emergence of resistant bacteria (6, 7). The incorrect usage of antibiotics might also cause adverse effects outweighing their benefits (8). Therefore, optimized antibiotics selection would be beneficial for patient outcomes.

In particular, the decision-making regarding the use of antibiotics for methicillin-resistant staphylococcus aureus (MRSA) is a source of distress for clinicians, due to their harmful complications such as hypersensitivity reactions, neutropenia, thrombocytopenia, and acute kidney injury (9–11). Although a variety of risk factors for MRSA colonization have been identified and reported (12, 13), there are currently no specific criteria for the use of antibiotics for MRSA.

To identify patients carrying MRSA, a specific screening test is often used. MRSA detection could be helpful for clinicians not only to determine the choice of antibiotics, but also to identify the patients who could potentially spread MRSA to other patients. However, the commonly used culture screening method for MRSA requires several days to obtain the result, and thus cannot be used to obtain information in real time (14). Hence, the accurate and timely prediction of the presence of MRSA in mechanically ventilated patients would have great significance and impact in the clinical setting.

Recently, machine learning methods have demonstrated their usefulness for clinical decision support in infectious diseases (15). This study aimed to develop and validate a machine learning-based model to predict the presence of MRSA in mechanically ventilated patients by using only available patient data obtained before MRSA screening.



MATERIALS AND METHODS


Data Sources and Ethical Approval

The data for the current retrospective study were obtained from the Medical Information Mart for Intensive Care (MIMIC)-IV database, version 1.4. This publicly available relational database is provided by the Laboratory for Computational Physiology at the Massachusetts Institute of Technology (MIT, Cambridge, MA, USA), and includes information on critical care patients who were admitted to the ICU at the Beth Israel Deaconess Medical Center (BIDMC, Boston, MA, USA) during the period 2008–2019. Patient identifiers were removed according to the Health Insurance Portability and Accountability Act (HIPAA) Safe Harbor provision. Details of the MIMIC-IV database have been described elsewhere (16, 17). The MIMIC-IV project was approved by the Institutional Review Boards of BIDMC and MIT. Requirement for individual patient consent was waived because the project did not impact clinical care and all protected health information was deidentified. Data were extracted by Yohei Hirano, MD, who completed the requested online training course of the Collaborative Institutional Training Initiative (CITI) program (record ID: 38943363) and was approved as credentialed user to access the MIMIC-IV database. The current study was conducted in accordance with the Declaration of Helsinki.



Study Population and Outcomes

The study population were adult patients screened for MRSA during mechanical ventilation. The outcome was a MRSA-positive result on the screening test. A flow diagram of patient inclusion is shown in Figure 1A. Overall, 26,409 patients with invasive ventilation were identified from the MIMIC-IV database. Of these, 25,600 patients who were not screened for MRSA during the ventilated period were excluded. We meant to exclude also non-adult patients, aged 17 years and under, but no patients met this criterion. Thus, 809 adult patients MRSA-screened during mechanical ventilation were our included cohort. Finally, the subjects were divided into two groups by stratified random sampling with a 7:3 allocation ratio: a dataset for training (n = 566) and a dataset for validation (n = 243).


[image: Figure 1]
FIGURE 1. (A) Flow diagram of patient inclusion. (B) Procedure for creating the synthetic datasets and validating the machine learning model. MIMIC, Medical Information Mart for Intensive Care; MRSA, Methicillin-Resistant Staphylococcus aureus; SMOTE, Synthetic Minority Over-sampling Technique.




Generation of Synthetic Datasets

The characteristics of the included cohort are shown in Supplemental Table 1. The outcome was highly imbalanced, with 93.9% of the patient classified as MRSA-positive by the screening test. As the imbalanced classification task is hard for predictive modeling due to the severely skewed class distribution and unequal misclassification costs, we created synthetic datasets with 50% of positive outcomes by synthetic minority over-sampling technique (SMOTE), independently for the training and validation datasets. SMOTE offers more related minority class samples to learn from, which leads to more coverage of the minority class (18). As the prevalence of MRSA screening test generally varies in individual countries and facilities, we set the outcome balance setting for the synthetic dataset at 50%, which is most balanced. We could generate a synthetic training dataset with a total of 1,064 samples, and a synthetic validation dataset with 456 samples (Figure 1B).



Predictor Variables

In this study, 28 variables concerning pre-hospitalization information were selected as outcome predictors according to the availability of data from the MIMIC-IV and previous literature reviews on risk factors for MRSA (9, 12, 13, 19). These variables included age, sex, ICU locations, past medical history (diabetes mellitus, chronic obstructive pulmonary disease (COPD), chronic heart disease, cerebrovascular disease, peripheral vascular disease), Charlson comorbidity index, cellulitis, pressure ulcer, sequential organ failure assessment (SOFA) score at MRSA screening, acute physiology and chronic health evaluation (APACHE) III score on admission, admission from emergency department (ED), days spent at the hospital at the time of MRSA screening, days of ventilator use at MRSA screening, prior use of corticosteroids or antibiotics such as quinolone, macrolide, carbapenem, and interventional procedures (peripheral line, peripherally inserted central catheter (PICC) line, central venous catheter (CVC) line, pulmonary artery catheter (PAC) line, arterial line, urinary catheter, hemodialysis, and tracheostomy) before MRSA screening. ICU locations were handled as dummy variables, including medical intensive care unit (MICU), surgical intensive care unit (SICU), MICU/SICU, trauma surgical intensive care unit (TSICU), coronary care unit (CCU), cardiac vascular intensive care unit (CVICU), and other ICUs [neuro surgical intensive care unit (NSICU) or post anesthesia care unit (PACU)].



Development and Validation of Machine-Learning Models

Using the synthetic training datasets, we trained and developed an XGBoost machine learning model as a classifier for outcome prediction. To avoid overfitting the model, we used five-fold stratified cross-validation. In addition, optimization of hyperparameters was performed to obtain the best performance in outcome prediction.

After the algorithm training process, the performance of the developed model was validated using the synthetic validation dataset. As statistical measures of performance, we calculated the area under the receiver operating characteristic (AUROC) curve, sensitivity, specificity, positive likelihood ratio, negative likelihood ratio, positive predictive value, negative predictive value, and accuracy. The process of machine learning and validation is described in Figure 1B. In addition, feature importance was computed as the normalized total reduction of the criterion brought by the feature, which is known as Gini importance.



Statistical Analysis and Software Library for Machine Learning

Data were extracted from MIMIC-IV using structured query language (SQL) through Google Cloud's BigQuery platform. Statistical analyses of the characteristics of the cohorts were performed using SciPy (version 1.4.1) with Python (version 3.7.4, in Anaconda 2019.10). Age, as a continuous variable, was reported as mean and standard deviation. All categorical variables were reported as counts and percentages. The t-test was used to compare means between two samples. The chi-square test was used to compare frequencies. All tests were two-sided, and the significance level was set at 5% (p < 0.05). For model development, scikit-learn (version 0.21.3) with Python was employed.




RESULTS


Characteristics of the Synthetic Datasets Used for Machine Learning

The characteristics of the synthetic datasets used for machine learning are shown in Table 1. The mean age in the synthetic training data was 66.6 ± 14.0 years, significantly older than that of the synthetic validation data (62.9 ± 15.6 years). A smaller fraction of patients admitted from ED or hospitalized in the CCU was present in the synthetic training data compared with the synthetic validation data (41.3% vs. 54.4% and 5.6% vs. 13.8%, respectively). Among procedures, peripheral line placement was performed significantly less frequently in the synthetic training data than in the synthetic validation data. The Charlson comorbidity index and the number of days of ventilator use at MRSA screening were also significantly different between the two datasets.


Table 1. Characteristics of the synthetic dataset used for machine learning.
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Performance of the Machine Learning Model

Figure 2 presents the ROC curve, AUROC value, confusion matrix, and statistical measures used to evaluate the performance of the machine learning model in the validation dataset. The ROC curve and its AUROC value showed good predictive ability of the model for MRSA-positivity in the screening test (AUROC: 0.89 [95% confidence interval (CI): 0.83–0.95]). Although the accuracy, specificity, and positive predictive value were relatively low (0.73 [CI: 0.68–0.77], 0.47 [CI: 0.41–0.54], and 0.65 [CI: 0.62–0.68], respectively), the model demonstrated a high sensitivity of 0.98 [CI: 0.95–0.99] and a high negative predictive value (0.96 [CI: 0.90–0.98]).


[image: Figure 2]
FIGURE 2. ROC curve, confusion matrix, and statistical measures of performance of the machine learning model. MRSA, Methicillin-Resistant Staphylococcus aureus; CI, Confidence interval; AUROC, Area Under the Receiver Operating Characteristic.




Feature Importance

The importance of the XGBoost model features is shown in Figure 3. Admission from ED was the most important variable in predicting MRSA-positivity in the screening test during mechanical ventilation. The five most important variables also included insertion of previous arterial lines, prior quinolone use, hemodialysis, and admission in the SICU, although they were far less important than admission from ED. Co-existing diseases such as peripheral vascular disease, diabetes mellitus, and chronic heart disease were also relatively important predictors. However, prior use of macrolide or carbapenem, tracheostomy, COPD, and cellulitis were of no importance in the predictive model.


[image: Figure 3]
FIGURE 3. Feature importance of the model variables. ED, Emergency Department, SICU, Surgical Intensive Care Unit; MICU, Medical Intensive Care Unit; TSICU, Trauma Surgical Intensive Care Unit; PICC, Peripherally Inserted Central Catheter; CCU, Coronary Care Unit; CVICU, Cardiac Vascular Intensive Care Unit; PAC, Pulmonary Artery Catheter; APACHE, Acute Physiology and Chronic Health Evaluation; CVC, Central Venous Catheter; SOFA, Sequential Organ Failure Assessment; NSICU, Neuro Surgical Intensive Care Unit; PACU, Post Anesthesia Care Unit; COPD, Chronic Obstructive Pulmonary Disease.





DISCUSSION

In the current study, we undertook the development of a machine learning model to predict MRSA colonization during mechanical ventilation using the MIMIC-IV, a large open relational database containing data derived from the ICUs of a single center. As the extracted data were found to be highly imbalanced in terms of outcome, we created independent synthetic balanced datasets for training and validation by an oversampling technique. The machine learning-based model thus developed showed good performance in predicting MRSA screening positivity, with the reasonably high AUROC of 0.89.

Although previous large-scale studies have clarified the risk factors for MRSA colonization or infection, decision-making for the antimicrobial coverage of MRSA by critical care physician is still challenging. These risk factors are not specific, but rather common in critically ill patients, so that clinical practitioners cannot discriminate between MRSA-positive and negative patients without specimen testing. In this context, our current study supports the potential use of a machine learning model, which could be superior to human learning in predicting outcomes depending on complexly intertwined factors. Previously, Hartvigsen et al. reported the results of their challenge toward the prediction of MRSA-positive patients by machine learning models (20). They succeeded in developing a machine learning-based model which showed high predictive performance in the ICU patients. However, our study is novel in that we targeted the specific population of mechanically ventilated patients, who exhibit more severe conditions and are more susceptible to nosocomial infections, such as VAP, than those analyzed in the previous study. Broad-spectrum antibiotics including coverage for MRSA are frequently the initial choice by practitioners to treat these patients at high risk of death, thus the reliable prediction of MRSA colonization would more likely lead to a reduction of unnecessary antibiotics use.

Our prediction model showed low specificity and positive predictive value to predict MRSA colonization, indicating that the prediction of MRSA-positivity by the model does not guarantee positivity of the MRSA screening test. On the other hand, our model demonstrated high sensitivity and negative predictive value, implying that predicted MRSA negativity strongly supports the actual absence of MRSA colonization. The result of MRSA screening test does not promise the necessity of antibiotics coverage for MRSA. However, MRSA colonization is a high risk factor to develop MRSA infections in ICU patients (19). Therefore, acknowledgment of the presence of MRSA colonization as early as possible before the result of MRSA-screening test comes out might be helpful as one of the risk evaluations for MRSA infection, although other clinical conditions or examinations such as gram staining of the patients should be definitely considered to decide the use of antibiotics with coverage of MRSA. Real-time identification of the mechanically-ventilated patients who could potentially spread MRSA is also beneficial because this patient population requires medical practitioners to provide many contact opportunities for cares.

In this study, the model was created using 28 features that have been reported to be risk factors for MRSA colonization or infection in the previous literature, and that could be accurately extracted from the MIMIC-IV database. Among these features, admission from ED contributed the most to the prediction model. As the population of the study consisted of mechanically-ventilated patients, we presumed that patients admitted from ED might constitute an epidemiologically unique patient subgroup, distinct from those who were admitted in the ICU for the purpose of surgical operations. Patient admitted from ED could have more complex combinations of risk factors for MRSA colonization, including not only medical conditions or existing diseases, but also social backgrounds, such as transfer from residential care homes or homelessness (21, 22). In contrast, patient severity scores such as SOFA or APACHE III were less important predictors. It is reassuring that well known risk factors for MRSA, such as hemodialysis and arterial lines, were detected as important features for the prediction. The ICU location of admission (SICU or MICU/SICU) was also highly relevant to the prediction, although we cannot determine whether this was related to the transmission of MRSA itself or to differences in patient diagnosis in each ICU. As previously described elsewhere (23), the model identified prior use of quinolones as an important risk factors for MRSA, compared to carbapenem or macrolide. However, caution is required in the interpretation of the feature importance of each variable, because the percentage of positives for some of the assessed features was very low.

Our study has several limitations. First, we trained the model and validated it using synthetic datasets due to the severe class imbalance of the extracted datasets. The evaluation of the model on unrealistic data is the strongest limitation of the study, and could have led to an overly optimistic assessment of its performance, thus absolutely requiring external validation using real-world datasets with more balanced outcomes in the future. Second, we could not take into account how and why MRSA screening tests were performed in the included patients. In our dataset, the MRSA screening positivity rate was extremely high. Moreover, only 809 out of 26,409 patients were screened for MRSA during mechanical ventilation. These facts implied that clinicians might have decided to screen a patient for MRSA based on specific reasons such as clinically strong suspicion of MRSA positivity or MRSA screening protocol for the facility. The reasons physicians in the facility consider selecting patients for screening can also overlap with the predictors used to develop the model. These might have caused bias. Third, we could not include well-known risk factors for MRSA colonization such as pre-existing cancer, HIV infection, and intravenous drug use as predictive features, due to the insufficient information available from the dataset. Hence, the model is amenable to further improvements in performance. Finally, the model might not have worldwide generalizability because it was trained on a dataset derived from a single center, while the epidemiology of antimicrobial resistance differs among countries, hospitals and ethnicities (24, 25). It might be preferable to develop and use microbiome prediction models specific for each region or hospital.



CONCLUSIONS

In conclusion, we were able to develop a machine learning model to predict positive screening for MRSA during mechanical ventilation using a synthetically augmented dataset from single center/MIMIC-IV database. Although external validation using more balanced, real-world datasets is required, the result of the current study demonstrated the possibility of early detection of MRSA in mechanically-ventilated patients by a machine learning approach, which might lead to optimized antibiotic selection by clinicians.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Institutional Review Boards of the Beth Israel Deaconess Medical Center (BIDMC) and the Massachusetts Institute of Technology (MIT). Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.



AUTHOR CONTRIBUTIONS

YH, JB, SM, MS, and PO: extracted data and conducted data cleaning. YH, KS, MS, and PO: analyzed the data. YH, KS, YO, and AT: interpreted the data. YH drafted the manuscript. All authors reviewed and discussed the manuscript. All authors read and approved the final manuscript. All authors jointly conceived of and designated this study.



FUNDING

This research was supported by JSPS KAKENHI Grant Number 19H03764.



ACKNOWLEDGMENTS

We would like to thank Ohno Kunihisa, Ryo Uchimido, and Satoru Hashimoto for their guidance and support on this work. We also thank Editage (www.editage.jp) for English language editing.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmed.2021.694520/full#supplementary-material



ABBREVIATIONS

VAP, Ventilator-Associated Pneumonia; ICU, Intensive Care Unit; MRSA, Methicillin-Resistant Staphylococcus aureus; MIMIC, Medical Information Mart for Intensive Care; COPD, Chronic Obstructive Pulmonary Disease; SOFA, Sequential Organ Failure Assessment; APACHE, Acute Physiology and Chronic Health Evaluation; ED, Emergency Department; SICU, Surgical Intensive Care Unit; TSICU, Trauma Surgical Intensive Care Unit; CCU, Coronary Care Unit; AUROC, Area Under the Receiver Operating Characteristic; CI, Confidence Interval.



REFERENCES

 1. Wunderink RG, Srinivasan A, Barie PS, Chastre J, Dela Cruz CS, Douglas IS. Antibiotic stewardship in the intensive care unit. An Official American Thoracic Society Workshop Report in Collaboration with the AACN, CHEST, CDC, and SCCM. Ann Am Thorac Soc. (2020) 17:531–40. doi: 10.1513/AnnalsATS.202003-188ST

 2. Fernando SM, Tran A, Cheng W, Klompas M, Kyeremanteng K, Mehta S, et al. Diagnosis of ventilator-associated pneumonia in critically ill adult patients-a systematic review and meta-analysis. Intensive Care Med. (2020) 46:1170–9. doi: 10.1007/s00134-020-06036-z

 3. Papazian L, Klompas M, Luyt C-E. Ventilator-associated pneumonia in adults: a narrative review. Intensive Care Med. (2020) 46:888–906. doi: 10.1007/s00134-020-05980-0

 4. Rupp ME, Karnatak R. Intravascular catheter-related bloodstream infections. Infect Dis Clin North Am. (2018) 32:765–87. doi: 10.1016/j.idc.2018.06.002

 5. Luzum M, Sebolt J, Chopra V. Catheter-associated urinary tract infection, clostridioides difficile colitis, central line-associated bloodstream infection, and methicillin-resistant Staphylococcus aureus. Med Clin North Am. (2020) 104:663–79. doi: 10.1016/j.mcna.2020.02.004

 6. Magalhães C, Lima M, Trieu-Cuot P, Ferreira P. To give or not to give antibiotics is not the only question. Lancet Infect Dis. (2020) 21:e191–201. doi: 10.1016/S1473-3099(20)30602-2

 7. Laxminarayan R, Van Boeckel T, Frost I, Kariuki S, Khan EA, Limmathurotsakul D, et al. The Lancet Infectious Diseases Commission on antimicrobial resistance: 6 years later. Lancet Infect Dis. (2020) 20:e51–60. doi: 10.1016/S1473-3099(20)30003-7

 8. Arulkumaran N, Routledge M, Schlebusch S, Lipman J, Conway Morris A. Antimicrobial-associated harm in critical care: a narrative review. Intensive Care Med. (2020) 46:225–35. doi: 10.1007/s00134-020-05929-3

 9. Hassoun A, Linden PK, Friedman B. Incidence, prevalence, and management of MRSA bacteremia across patient populations—a review of recent developments in MRSA management and treatment. Critical Care. (2017) 21:211. doi: 10.1186/s13054-017-1801-3

 10. Falagas ME, Vardakas KZ. Benefit-risk assessment of linezolid for serious gram-positive bacterial infections. Drug Saf. (2008) 31:753–68. doi: 10.2165/00002018-200831090-00004

 11. Bruniera FR, Ferreira FM, Saviolli LRM, Bacci MR, Feder D, da Luz Gonçalves Pedreira M, et al. The use of vancomycin with its therapeutic and adverse effects: a review. Eur Rev Med Pharmacol Sci. (2015) 19:694–700.

 12. Graffunder EM, Venezia RA. Risk factors associated with nosocomial methicillin-resistant Staphylococcus aureus (MRSA) infection including previous use of antimicrobials. J Antimicrob Chemother. (2002) 49:999–1005. doi: 10.1093/jac/dkf009

 13. Hidron AI, Kourbatova EV, Halvosa JS, Terrell BJ, McDougal LK, Tenover FC, et al. Risk factors for colonization with Methicillin-Resistant Staphylococcus aureus (MRSA) in patients admitted to an urban hospital: emergence of community-associated MRSA nasal carriage. Clin Infect Dis. (2005) 41:159–66. doi: 10.1086/430910

 14. French GL. Methods for screening for methicillin-resistant Staphylococcus aureus carriage. Clin Microbiol Infect. (2009) 15:10–6. doi: 10.1111/j.1469-0691.2009.03092.x

 15. Peiffer-Smadja N, Rawson TM, Ahmad R, Buchard A, Georgiou P, Lescure F-X, et al. Machine learning for clinical decision support in infectious diseases: a narrative review of current applications. Clin Microbiol Infect. (2020) 26:584–95. doi: 10.1016/j.cmi.2019.09.009

 16. Johnson A, Bulgarelli L, Pollard T, Horng S, Celi LA, Mark R. MIMIC-IV (version 0.4). PhysioNet. (2020). Available at:https://doi.org/10.13026/a3wn-hq05

 17. Goldberger A, Amaral L, Glass L, Hausdorff J, Ivanov P, Mark R, et al. Components of a new research resource for complex physiologic signals. Circulation. 101:e215220. doi: 10.1161/01.CIR.101.23.e215

 18. Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP, SMOTE. Synthetic minority over-sampling technique. JAIR. (2002) 16:321–57. doi: 10.1613/jair.953

 19. Fukuta Y, Cunningham CA, Harris PL, Wagener MM, Muder RR. Identifying the risk factors for hospital-acquired Methicillin-Resistant Staphylococcus aureus (MRSA) infection among patients colonized with MRSA on admission. Inf Control Hosp Epidemiol. (2012) 33:1219–25. doi: 10.1086/668420

 20. Hartvigsen T, Sen C, Brownell S, Teeple E, Kong X, Rundensteiner E. Early prediction of MRSA infections using electronic health records. in Proceedings of the 11th International Joint Conference on Biomedical Engineering Systems and Technologies. Funchal, Madeira, Portugal: SCITEPRESS—Science and Technology Publications. p. 156–67.

 21. Crnich CJ. Impact and management of MRSA in the long-term care setting. Curr Transl Geriatr and Exp Gerontol Rep. (2013) 2:125–35. doi: 10.1007/s13670-013-0047-4

 22. Leibler JH, León C, Cardoso LJP, Morris JC, Miller NS, Nguyen DD, et al. Prevalence and risk factors for MRSA nasal colonization among persons experiencing homelessness in Boston, MA. J Med Microbiol. (2017) 66:1183–8. doi: 10.1099/jmm.0.000552

 23. Couderc C, Jolivet S, Thiébaut ACM, Ligier C, Remy L, Alvarez A-S, et al. Fluoroquinolone use is a risk factor for methicillin-resistant Staphylococcus aureus acquisition in long-term care facilities: a nested case-case-control study. Clin Infect Dis. (2014) 59:206–15. doi: 10.1093/cid/ciu236

 24. Livermore DM, Pearson A. Antibiotic resistance: location, location, location. Clin Microbiol Inf. (2007) 13:7–16. doi: 10.1111/j.1469-0691.2007.01724.x

 25. Nadimpalli ML, Chan CW, Doron S. Antibiotic resistance: a call to action to prevent the next epidemic of inequality. Nat Med. (2021) 27:187–8. doi: 10.1038/s41591-020-01201-9

Conflict of Interest: JB and SM were employed by the company Dowell Co., Ltd. MS was employed by the company DeerWalk Japan.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

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.

Copyright © 2021 Hirano, Shinmoto, Okada, Suga, Bombard, Murahata, Shrestha, Ocheja and Tanaka. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fmed-08-694520-g003.gif
Feature |mEnanoes
——g

Features.

s om om0 ows  omo
Importance





OPS/images/fmed-08-694520-t001.jpg
Variable Synthetic training Synthetic validation P-value

data (n = 1,064) data (n = 456)
Age (years) 666 [14.0) 62.9(15.6) <0.001
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ICU location

MicU 213 (20.0%) 73(16.0%) 0.13
MICU/SICU 92 (8.6%) 33(7.2%) 0.40
sicu 105 (9.9%) 47 (10.3%) 081
TSICU 76 (7.1%) 33(7.2%) 095
ccu 60 (6.6%) 63 (13.8%) <0.001
cvicu 137 (12.9%) 45 (9.9%) 014
Other (NSICU or PACU) 4(0.4%) 3(0.7%) 0.46
Past medical history

Diabetes Melitus 162 (15.2%) 72 (15.8%) 081
coPD 15 (1.4%) 6(1.3%) 0.89
Chronic heart disease 210 (19.7%) 77 (16.9%) 028
Cerebrovascular disease 88 (8.3%) 25 (5.5%) 0.08
Peripheral vascular disease 33(3.1%) 14.(3.1%) 097
Charison comorbidity index 5(3-7) 6(4-7) 001
Cellulitis 222.1% 92.0%) 091
Pressure ulcer 381 (35.8%) 142 (31.1%) 022
SOFA score (at MRSA screening) 4(2-6) 4@ o1
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Length of hospital days (at MRSA screening) 30(4.5) 294.0] 039
Length of ventiator days (at MRSA screening) 19[29] 19[2.6] 003
Prior antibitics use (before MRSA screening)

Quinolone 75 (7.0%) 30 (6.6%) 0.76
Macrolide 25 (2.3%) 9(2.0%) 066
Carbapenem 24 (2.3%) 12 (2.6%) 067
Prior corticosteroids use (before MRSA screening) 11 (1.0%) 5(1.1%) 091
Procedures (before MRSA screening)

Peripheral line 675 (63.4%) 348 (76.3%) 0.03
PICC line 62 (5.8%) 36 (7.9%) 0.16
oV line 284 (26.7%) 96 (21.1%) 007
PAC line 51(4.8% 32(7.0%) 0.10
Arterial ine: 293 (27.5%) 146 (32.0%) 0.19
Urinary catheter 144 (13.5%) 66 (14.5%) 0.67
Hemodialysis 109 (10.2%) 44(9.6%) 075
Tracheostomy 8(0.8%) 1(0.2%) 022
Outcome

MRSA-positive on screening test 532 (50.0%) 228 (50.0%) 1.0

All categorical variables are shown as n (%). A continuous variable (Age) is shown as mean [standard deviation]. ICU, Intensive Care Unit, MICU, Medical Intensive Care Unit, SICU,
Surgical Intensive Care Unit, TSICU, Trauma Surgical Intensive Care Unit, CCU, Coronary Care Unit, CVICU, Cardiac Vascular Intensive Care Unit, NSICU, Neuro Surgical Intensive
Care Unit, PACU, Post Anesthesia Care Unit, COPD:Chronic Obstructive Pulmonary Disease, SOFA, Sequential Organ Failure Assessment, MRSA, Methicillin-Resistant Staphylococcus
aureus, APACHE, Acute Physiology And Chronic Health Evaluation, ED, Emergency Department, PICC, Peripherally Inserted Central Catheter, CVC, Central Venous Catheter, PAC,
Pulmonary Artery Catheter.
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