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Abstract 

A Naïve Bayes classifier was used to identify mechanically ventilated patients at risk for ventilator-associated 
events (VAEs). VAEs, which can lead to ventilator-associated pneumonia (VAP), are considered preventable 
and have therefore been extensively studied. Data were gathered from May 2013 to August 2016 from 
hospital surveillance records and matched 1:1 with non-VAE cases using age, sex, unit while intubated, use of 
vasopressors, and total ventilator days. The dataset was split 7:3 to create samples for training and testing. 
From the training set, the classifier calculated the conditional probabilities for each factor in the model. After 
the proposed model was trained, it was validated against the testing data sample. The model demonstrated an 
overall accuracy of 83.0% (95% CI; 74.8% – 89.5%) and was able to correctly classify 80.4% of VAEs (sensitivity) 
and 85.7% of non-VAEs (specificity). The PPV and NPV were 81.4% and 84.9%, respectively. The AUC was 0.831 
(95% CI; 0.751 – 0.911) and the MCC was 0.662. This study indicates that a Naïve Bayes classifier can be used 
to classify mechanically ventilated patients at risk for VAEs with moderate accuracy. The model could be used 
to screen for VAEs at the time of intubation and to strengthen manual surveillance. Further research is needed 
to validate the model in terms of prognostic and diagnostic use for hospitals and clinical settings with different 
patient characteristics. 
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1. Introduction 

Patients on mechanical ventilation are at risk for 
ventilator-associated pneumonia (VAP). Many 
consider VAP to be preventable and there has 
been extensive effort in monitoring VAP rates. In 
2013, the Centers for Disease Control and 
Prevention (CDC) ceased looking solely at VAP and 
began to develop more objective, detailed 
measures. As a result of that effort, the CDC 
established surveillance definitions known as 
ventilator-associated events (VAEs) (1). Under the 
VAE continuum, mechanically ventilated patients 
can develop a ventilator-associated condition 
(VAC), which risks progression to an infection-
related ventilator-associated complication (IVAC) 
or a possible ventilator-associated pneumonia 
(PVAP). 

Naïve Bayes classifiers are a popular 
method for disease prediction in machine learning 
applications, with one recent example being the 
classification of COVID-19 disease severity (2). This 
computational approach calculates the probability 
of an outcome based on a set of independent 
factors. For example, disease severity may be 
classified as ‘mild’, ‘moderate’, or ‘severe’ based 
on prior (or active) vital signs collected from 
telemetry monitoring. In contrast, Logistic 
Regression is a statistical method used to analyze 
and model the relationship between two possible 
categories and one or more predictor variables (3). 
The goal is to understand how the predictor 
variables contribute to the likelihood of the 
categorical outcome. Both statistical models were 
chosen for their simplicity, interpretability, and 
resistance toward irrelevant attributes (that are 
more likely to obscure k-Nearest Neighbor models, 
for example). In this study, they provide a 
probability to classify a patient as either a ‘VAE’ or 
‘non-VAE’ using predefined parameters.  

This study aimed to compare two 
machine learning methods used to classify 
mechanically ventilated patients at risk for VAEs. 

2. Methods 

VAEs were gathered from May 2013 to August 
2016 from hospital surveillance records at the 
University of Toledo Medical Center. VAE 
surveillance is conducted manually at our 
institution by reviewing daily ventilator values and 
applying CDC definitions to identify cases. The 
cases were matched 1:1 with controls from the 
same period in our clinical database. Our matching 

variables consisted of age, sex, unit while 
intubated during the hospital encounter, use of 
vasopressors during intubation, and total 
ventilator days.  

The machine learning model assessed 
potential predictors using Pearson chi-square tests 
and only statistically significant factors were 
utilized. To construct a classifier, the dataset was 
split 7:3 to create samples for training and testing. 
The nested classifications in the VAE continuum – 
VACs, IVACs, and PVAPs – were properly 
represented in each sample. From the training set, 
the classifier calculated the conditional 
probabilities for each factor in the model. After 
training the proposed model, it was validated 
against the testing data sample. To appraise the 
model’s performance, accuracy, sensitivity, 
specificity, positive predictive value (PPV), 
negative predictive value (NPV), the area under 
the curve (AUC), and the Matthews correlation 
coefficient (MCC) were calculated. The 
aforementioned summary indices are traditionally 
used to evaluate prediction models (4).  

All analyses were performed using R 4.3.3 
(R Foundation for Statistical Computing), and an 
alpha level of < 0.05 was considered statistically 
significant. 

3. Results 

Between May 2013 and August 2016, a total of 
186 cases of VAEs were reported, consisting of 99 
VACs, 47 IVACs, and 40 PVAPs. These cases were 
matched 1:1 with non-VAE cases. Following 
dataset partitioning, the analysis included 260 
patients in the training sample and 112 patients in 
the testing sample. The seven variables outlined in 
Table 1 were used in the creation of the predictive 
models. 

The naïve Bayes classifier achieved an 
accuracy of 66.2% (95% CI; 60.1% – 71.9%) on the 
training data. The model demonstrated a 
sensitivity of 61.5% (95% CI; 56.3% – 72.6%) for 
identifying VAEs and a specificity of 70.8% (95% CI; 
56.0% – 84.1%) for correctly classifying non-VAEs. 
The PPV and NPV were 67.8% (95% CI; 58.6% – 
76.1%) and 64.8% (95% CI; 52.6% – 69.9%), 
respectively. The AUC was 0.662 (95% CI; 0.604 – 
0.719), with a MCC of 0.324. In the testing dataset, 
the naïve Bayes classifier correctly classified 83.0% 
(95% CI; 74.9% – 88.9%) of the cases. It identified 
80.4% (95% CI; 67.9% – 88.8%) of VAEs (sensitivity) 
and 85.7% (95% CI; 73.9% - 92.7%) of non-VAEs 
(specificity). The PPV and NPV were 81.4% (95% CI; 
69.4% - 89.4%) and 84.9% (95% CI; 72.6% - 92.7%), 
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respectively, with an AUC of 0.831 (95% CI; 0.749 – 
0.889) and a MCC of 0.662. 

The logistic regression model 
demonstrated a training accuracy of 70.0% (95% 
CI; 64.0% – 75.5%), identifying 73.1% (95% CI; 
60.4% – 76.4%) of VAEs (sensitivity) and 66.9% 
(95% CI; 62.4% – 79.1%) of non-VAEs (specificity). 
The PPV and NPV were 68.8% (95% CI; 64.6% – 
80.5%) and 71.3% (95% CI; 58.1% – 74.9%), 
respectively, with an AUC of 0.770 (95% CI; 0.714 – 
0.826) and a MCC of 0.401. On the testing dataset, 
the logistic regression model achieved an accuracy 
of 80.4% (95% CI; 71.8% – 87.3%), identifying 
78.6% (95% CI; 65.9% - 87.4%) of VAEs (sensitivity) 
and 82.1% (95% CI; 69.9% - 90.1%) of non-VAEs 
(specificity). The PPV and NPV were 81.5% (95% CI; 
68.9% – 89.7%) and 79.3% (95% CI; 67.0% - 86.7%), 
respectively, with an AUC of 0.804 (95% CI; 0.720 – 
0.867) and a MCC of 0.608. 

4. Discussion 

Machine learning has been used to predict VAP 
with an AUC of 0.854 and 0.744 in two studies 
(5,6). Yet, naïve Bayes classifiers and logistic 
regressions are not frequently used to address VAE 
prediction. We believe this is the first study using 
machine learning models to predict VAE risk 
among mechanically ventilated patients. Given the 
summary indices in both models, the performance 
is acceptable, with moderately high accuracy and 
the ability to classify outcomes correctly. Likewise, 
the AUC suggests that someone using this model 
has at least an 80% chance to correctly distinguish 
a VAE from a non-VAE. In addition, the MCC in 
both models can be interpreted as a strong 
positive relationship denoting predictions that 
matched the true classification. Based on the 
results, there are no strong indications of 
overfitting in either model. Both the naïve Bayes 
and logistic regression models appear to 
generalize well to unseen data, showing 
improvements in performance metrics on the 
testing dataset. Ultimately, the naïve Bayes model 
would be preferred for implementation given its 
superior performance on the testing dataset for all 
metrics apart from PPV. 

This was a single-center retrospective 
study, so the results may be difficult to generalize 
to other hospitals. One critical limitation of the 
paper is that the reported PPV is based on a test 
population with a very high prevalence of VAEs 
(50%). One must realize that PPV will decrease if 
the same models are implemented within an 
unselected ICU population where the prevalence 

of VAEs would be closer to 30% (7). We would 
anticipate variables implicated in previous studies, 
such as congestive heart failure (CHF), to be 
ubiquitous factors (8). Additionally, there may be 
institution-specific factors that contribute to the 
classification of at-risk patients. For instance, we 
chose to include a time-dependent variable with 
our median time-to-event of 5 ± 3 ventilator days. 
This is consistent with most VAEs occurring early 
after intubation (9,10). Likewise, we found chronic 
kidney disease covaried with CHF, while positive 
smoking history covaried with chronic obstructive 
pulmonary disease (COPD). The addition of both 
predictors did not enhance the quality of the 
model, so both were subsequently removed. While 
not implicated as a risk factor for VAEs, other 
variables used in the model, such as diabetes, have 
been associated with clinical VAP development in 
adult patients (11,12). 

5. Conclusion 

This study demonstrated that logistic regressions 
and naïve Bayes classifiers can categorize 
mechanically ventilated patients at risk for VAEs 
with an overall accuracy of 80.4% and 83.0%, 
respectively. These models could screen patients 
at risk for VAEs during intubation and as a 
reassessment tool as time progresses on the 
ventilator. Further research is needed to validate 
the model with different patient characteristics in 
other hospitals and clinical settings. 

References 

1. Centers for Disease Control and Prevention 
(CDC). Device-associated Module: VAE. Atlanta 
(GA): CDC, 2023.   

2. Zhang, R.K., Q. Xiao, S.L. Zhu, H.Y. Lin, and M. 
Tang, Using different machine learning models 
to classify patients into mild and severe cases 
of COVID-19 based on multivariate blood 
testing. J Med Virol, 2022;94(1): p. 357-365. 
doi:10.1002/jmv.27352.   

3. Schober, P., and T.R. Vetter, Logistic 
Regression in Medical Research. Anesth Analg, 
2021. 132(2):365-366. 
doi:10.1213/ANE.0000000000005247.  

4. Chicco, D., N. Tötsch, and G. Jurman, The 
Matthews correlation coefficient (MCC) is 
more reliable than balanced accuracy, 
bookmaker informedness, and markedness in 
two-class confusion matrix evaluation. 
BioData Min, 2021. 14(1): p. 13. 
doi:10.1186/s13040-021-00244-z.   



The University of Toledo Translation Journal of Medical Sciences 

UTJMS 2026June03, V16(N1):e1-e10 doi:10.46570/utjms-2024-1329 

10.46570/utjms-2024-1329 ©2026 UTJMS  

5. Giang, C., J. Calvert, K. Rahmani, et al., 
Predicting ventilator-associated pneumonia 
with machine learning. Medicine (Baltimore), 
2021. 100(23): p. 26246. 
doi:10.1097/MD.0000000000026246.   

6. Wu, Z., Y. Liu, J. Xu, J. Xie, S. Zhang, L. Huang, 
Y. Huang, Y. Yang, and H. Qiu, A Ventilator-
associated Pneumonia Prediction Model in 
Patients With Acute Respiratory Distress 
Syndrome. Clin Infect Dis, 2020. 71(Suppl 4): p. 
400-408. doi:10.1093/cid/ciaa1518.  

7. Ramirez-Estrada, S., Y. Peña-Lopez, T. Vieceli, 
and J. Rello, Ventilator-associated events: 
From surveillance to optimizing management. 
J Intensive Med, 2022. 3(3): p. 204-211. 
doi:10.1016/j.jointm.2022.09.004.  

8. Weinberger, J., N. Cocoros, and M. Klompas, 
Ventilator-associated events. Infectious 
Disease Clinics of North America, 2021. 35(4): 
p. 871-899. doi:10.1016/j.idc.2021.07.005.  

9. Klompas, M., K. Kleinman, and M.V. Murphy, 
Descriptive epidemiology and attributable 
morbidity of ventilator-associated events. 
Infect Control Hosp Epidemiol, 2014. 35(5): p. 
502-510. doi:10.1086/675834.  

10. He, Q., W. Wang, S. Zhu, et al., The 
epidemiology and clinical outcomes of 
ventilator-associated events among 20,769 
mechanically ventilated patients at intensive 
care units: an observational study. Crit Care, 
2021. 25(1): p. 44. doi:10.1186/s13054-021-
03484-x.  

11. Keneally, R.J., T.J. Peterson, J.R. Benjamin, K. 
Hawkins, and D. Davison, Making Ventilator 
Associated Pneumonia Rate a Meaningful 
Quality Marker. J Intensive Care Med, 2021. 
36(11): p. 1354-1360. 
doi:10.1177/0885066620952763.  

12. Karatas, M., S. Saylan, U. Kostakoglu, and G. 
Yilmaz. An assessment of ventilator-associated 
pneumonias and risk factors identified in the 
Intensive Care Unit. Pak J Med Sci., 2016. 
32(4): p. 817-822. 
doi:10.12669/pjms.324.10381.  


