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Abstract 

Background  Ventilator-associated pneumonia (VAP) is a preventable complication of invasive mechanical ventilation 
(IMV) with a significant healthcare impact. Early risk prediction is crucial, but current models lack real-time adapt-
ability. This study develops a real-time VAP prediction model using machine learning and high-resolution EHR data 
from the MIMIC-III database.

Methods  We analyzed 3523 ICU stays (3204 patients) from MIMIC-III, including adults who received IMV for at least 48 
h. VAP was labeled based on microbiological cultures and antibiotic initiation. A real-time ensemble model of XGBoost 
regressors was developed to predict time to VAP onset, incorporating vital signs, ventilator data, and lab results. Two 
static classifiers (24 h and 48 h) were also compared.

Results  VAP occurred in 595 ICU stays (16.89%), with an incidence rate of 23.77 per 1000 IMV-days. Median VAP 
onset was 113.5 h post-IMV. The real-time model outperformed static models with a C-index of 0.68, AUROC of 0.71, 
and AUPRC of 0.36. It provided a median lead time of 53 h before VAP onset, with key predictors including tempera-
ture, respiratory rate, and minute ventilation.

Conclusion  We present a real-time VAP prediction model that outperforms static classifiers, providing actionable 
lead time for proactive microbiological surveillance. The model enables risk stratification for enhanced monitoring 
and, when clinically indicated, timely targeted antimicrobial therapy. Future work will focus on multicenter prospec-
tive validation and integration into ICU workflows to assess clinical utility and impact on patient outcomes.
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Background
Ventilator-associated pneumonia (VAP) is the second 
most common healthcare-associated infection, with 
an incidence rate of 1.1–11.9/1000 mechanical ventila-
tor (MV)-days with a huge clinical, environmental, and 
economic burden [1]. VAP doubles the intensive care 
unit (ICU) length of stay and risk of death, leading to 
increased costs of care. The treatment of VAP is respon-
sible for more than half of the antibiotics administered in 
the ICU, making VAP one of the most impactful causes 
of antibiotic resistance worldwide.
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Comprehensive surveillance and early-detection pro-
tocols are critical for mitigating VAP, implementing 
targeted therapeutic interventions, and attenuating its 
morbidity and healthcare system burden. Conventional 
diagnostic approaches demonstrate significant methodo-
logical limitations in sensitivity and specificity. In this 
context, machine learning (ML) may be a promising solu-
tion by analyzing real-time data from electronic health 
records (EHRs), including vital signs and lab results. To 
date, no real-time ML models for early VAP detection 
have been developed [2]. Existing ML models rely on 
clinical data and administrative codes that fail to capture 
the dynamic clinical condition of critically ill patients, 
leading to significant underreporting of VAP cases [3–5].

This study addresses these gaps by developing and 
validating a real-time ML model for VAP prediction in a 
general ICU cohort of critically ill adult patients under-
going invasive mechanical ventilation (IMV). Leveraging 
a comprehensive dataset from the MIMIC-III ICU data-
base, we aimed to (1) establish a robust, clinically inter-
pretable framework for real-time VAP risk assessment in 
a general ICU cohort, providing clinicians with continu-
ous risk evaluation to support early detection, targeted 
surveillance, and timely intervention, and (2) demon-
strate the advantages of real-time monitoring over tra-
ditional static models in improving decision-making and 
patient outcomes.

Methods
Data source
This study utilized the MIMIC-III dataset [6], version 1.4 
[7], a publicly available resource including de-identified 
health-related data from 61,532 admissions of 46,476 dis-
tinct patients treated at Beth Israel Deaconess Medical 
Center in Boston, MA, USA, between 2001 and 2012. Of 
note, other open-source datasets (e.g., AmsterdamUM-
Cdb, eICU, and HiRID) were not utilized, given the lack-
ing robustness of microbiological data or the complete 
lack thereof.

The data were selected for their real-world, diverse ICU 
population, suitable for developing generalizable models 
despite being from a single center. A stratified random 
split was used for development and evaluation, ensuring 
balance for VAP onset. The split was performed at the 
ICU stay level to avoid data leakage. Given the MIMIC-
III dataset’s inclusion of over 60,000 ICU admissions, 
using the entire dataset maximized statistical power and 
ensured broad ICU population representation.

As this study was based on de-identified, publicly avail-
able MIMIC-III data, ethical approval was not required, 
no study protocol was developed, and the study was not 
registered.

The full code cannot be released due to propri-
etary constraints and a pending patent (European no. 
24202572.4). Interested researchers may contact the 
corresponding author to request a demo for external 
validation.

Improved labeling approach
Ventilator data transmitted to the EHR allowed each 
hour of an ICU stay to be classified as “ventilated” or “not 
ventilated.” We further distinguished between invasive 
and noninvasive ventilation, as previously documented 
[8]. Continuous hours of IMV without breaks ≥ 48 h were 
defined as unique IMV events [9].

Microbiologically confirmed cultures from the lower 
respiratory tract (i.e., bronchoaspirate or bronchoalveo-
lar lavage) leading to antimicrobial regimen introduc-
tion or modification were considered for VAP labeling. 
The first concurrent collection of positive cultures and 
antimicrobial administration marked VAP onset, follow-
ing SEPSIS-3 [10]. Both pathogens and antimicrobials 
were selected from a predefined list (see supplementary 
materials). Infectious episodes were thus labeled as VAP 
if their onset occurred after > 48 h of IMV and < 72 h fol-
lowing the IMV event termination. Only the first VAP 
episode was considered for the analyses, and patients 
were categorized into VAP-positive and VAP-negative 
cohorts.

Patient population and inclusion criteria
We selected all adults (age ≥ 18) who underwent IMV 
for > 48 h. Patients treated with extracorporeal mem-
brane oxygenation were excluded.

Statistical analysis
To validate the accuracy of our VAP labeling, we com-
pared patients’ cohorts, considering demographics, 
comorbidities, reasons for ICU admission, length of hos-
pital stay, inhospital mortality, and IMV duration. Data 
are shown as median [interquartile range]. We used the 
Mann–Whitney U-test for continuous variables and chi-
square or Fisher’s exact tests for categorical variables. 
We applied Weibull regression to compare 90-day mor-
tality. To identify VAP risk factors, we used Fine-Gray 
competing-risks regression with death as the competing 
event and demographics, comorbidities, and admission 
reasons as covariates. Sub-hazard ratios (sHR) and 95% 
confidence intervals (CI) (sHR, [CI95%]) were computed 
for each covariate. Additionally, cumulative incidence 
functions (CIFs) were plotted. Significance was set at 
p < 0.001.
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Medical variable selection and feature engineering
We selected medical variables based on their clinical rel-
evance in critically ill ventilated patients. Values outside 
predefined intervals were discarded (Table S1).

To capture intra-hour variability in high-frequency 
vital signs, we calculated within-hour mean, minimum, 
maximum, and standard deviation values, producing 
an hourly time series for each original vital sign and its 
derived metrics. We then summarized these hourly meas-
urements over multiple time windows (e.g., the past 6, 12, 
and 24 h) to capture both acute changes and longer-term 
trends in the patient’s condition. This approach, similar 
to how clinicians consider both recent vital sign changes 
and overall trajectory when assessing patient stability, has 
been used in prior healthcare prediction models [3]. As 
the patient’s clinical course evolves, we recalculate these 
features every hour, so each prediction reflects the most 
current assessment of their condition.

Models development and training
We developed three distinct models for VAP prediction:

•	 A 24-h single-shot model, predicting VAP using data 
collected after 24 h of ventilation

•	 A 48-h single-shot model, predicting VAP using data 
collected after 48 h of ventilation

•	 A real-time regression model, providing continuous 
hourly time-to-VAP predictions and thus estimating 
the time remaining until VAP onset.

The single-shot models served as baselines. They 
were fed by the same feature engineering pipeline as 
the real-time model, leveraging all the medical variables 
commonly used in risk assessment scores (e.g., SOFA, 
APACHE) while excluding the Glasgow Coma Scale 
(GCS), comorbidities, and vasopressor therapy due to 
their reliance on clinical notes.

The real-time regression model treats each hour 
beyond the 48-h from intubation as a prediction time 
point. At every hour, the model evaluates the patient’s 
current clinical state, with the target time (i.e., hours) 
until the VAP event.

Our model prevents data leakage by defining VAP 
strictly through objective criteria—positive cultures and 
antibiotic initiation—ensuring no predictors serve as 
proxies for the outcome. Additionally, outcome assess-
ment remains blinded as no clinical notes or predictor 
variables influence the labeling process.

To handle the complexity of VAP prediction and 
address the class imbalance, we constructed an ensemble 
of boosted trees. Each model was trained on a balanced 
subset of ICU stays to improve accuracy and minimize 

overfitting. The models were trained on separate data-
sets with distinct training and validation splits, ensuring 
diverse learning configurations within the ensemble.

We used recursive feature elimination (RFE) with k-fold 
cross validation, where folds were created at the ICU stay 
level to prevent data leakage, ensuring that each ICU stay 
appeared in only onefold. Early stopping was applied if 
the validation performance plateaued. Each ensemble 
member produced an independent prediction. We aver-
aged these predictions to form the final score. Training 
used balanced sampling, label perturbation, and feature 
pruning to improve stability. The full list of derived fea-
tures used in the model can be found in Table  S2 (see 
Online Supplement). None of these features requires sub-
jective interpretation, as all are based on objective, quan-
titatively measured clinical data.

Evaluation metrics
To assess regression performance for close-to-event 
cases, we calculated the mean absolute error (MAE) and 
root-mean-squared error (RMSE) for VAP occurring 
within 72 h. Additionally, we computed concordance 
indices (C-index) to measure the concordance between 
predicted times and observed events, accounting for cen-
soring in cases where the event was not observed within 
the threshold.

Since the output ranges from 0 to 72 h until the next 
event (capped at 72), we transformed it using the follow-
ing calculation: 1−prediction/72 to create a probabil-
ity score for VAP risk, allowing direct comparison with 
baseline single-shot classifiers. We calculated its area 
under the receiver operating characteristic (AUROC) and 
area under the precision-recall curve (AUPRC) and 95% 
CI by bootstrapping.

We report performance at a fixed 70% sensitivity to 
illustrate a clinically meaningful trade-off: capturing 
most true VAP cases while containing alarm burden. This 
mirrors reporting practices in ICU early-warning litera-
ture and provides a clear benchmark for comparison. For 
implementation, the operating point should be site-spe-
cific and may be selected using decision-curve analysis 
to reflect local resource constraints and acceptable false-
alarm rates (10.​1126/​scitr​anslm​ed.​aab37​19, 10.​1016/j.​
compb​iomed.​2016.​05.​003,10.​1177/​02729​89X06​295361). 
We evaluated specificity, precision, F1 score, and time-
to-event predictions at this threshold. Any alarms occur-
ring after VAP onset were considered false negatives.

To address model fairness, we computed the average 
odds difference across demographic groups to ensure 
that the model’s performance was consistent and unbi-
ased. No recalibration on the validation cohort was 
employed.

https://doi.org/10.1126/scitranslmed.aab3719
https://doi.org/10.1126/scitranslmed.aab3719
https://doi.org/10.1126/scitranslmed.aab3719
https://doi.org/10.1177/0272989X06295361
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Software and libraries
The analysis was conducted using Python (version 
3.10.9) and R (version 4.4.2). For data manipulation, we 
used the pandas library in Python to process and pre-
pare the dataset. Demographic analysis and statistical 
tests, including Fisher’s exact test and Mann–Whitney U 
tests, were performed using the SciPy library in Python. 
Weibull regression analysis, Fine and Gray’s competing 
risks model, and cumulative incidence function (CIF) 
curves were computed using the cmprsk package in R. 
Machine learning models were developed using XGBoost, 
a powerful gradient boosting framework recognized for 
its high performance, scalability, and built-in capability to 
manage missing values effectively. As tree-based models 
do not require rescaling or standardization of predictors, 
no transformations were applied to the input variables.

Results
Cohort characteristics
We analyzed 3523 ICU stays from 3204 patients in 
MIMIC-III. Inclusion criteria were adults (≥ 18 years), 
invasive mechanical ventilation (ECMO excluded), ≥ 48 h 
of ventilation, and available microbiology and antibiotic 
timestamps for VAP adjudication (see Fig. 1 for the full 
inclusion flowchart). Five hundred ninety-five (16.89%) 
VAP-positive cases were detected, with an incidence rate 
of 23.77 [21.80, 25.58] VAP/1000 IMV-days. The total 
number of prediction points was 146,600 for the training 
cohort and 38,290 for the validation cohort.

VAP occurred after a median time of 113.5 [72–197] 
IMV hours. The microbial agents responsible for the 
VAP episodes are shown in Table  S3 (see Additional 
results). Gram-negative pathogens were more prevalent 
(72%), with Enterobacterales species being the most rep-
resented. Among gram-positive germs, Staphylococcus 
aureus was the most prevalent agent (93%).

Patients with VAP had a significantly longer LOS (18.68 
vs. 10.17 days, p < 0.001) and IMV duration (373.53 
vs. 168.64 h, p < 0.001). The Weibull regression model 
revealed that VAP was significantly associated with 
90-day mortality, with a HR of 1.32 (1.18, 1.48), p < 0.001. 
Among all covariates, cancer (HR 1.62 [1.45, 1.83], 
p < 0.001) and a neurological reason for admission (HR 
1.46 [1.27, 1.68], p < 0.001) showed the greatest impact on 
90-day mortality (Table S4).

Patients’ cohort characteristics and Fine-Gray compet-
ing risks regression are summarized in Table 1. Older age, 
male gender, and Black or Afro-American patients had 
higher sHR for VAP. In contrast, cancer and congestive 
heart failure were associated with reduced sHR of VAP. 
Among reasons for admission, neurological and trauma 
were associated with significantly increased sHR of VAP 
(see Figs. S1, S2, S2, S3, S4, and S5 of the supplementary 
materials for CIF).

For the list of medical variables, along with their 
median and interquartile range (IQR) distribution, as 
well as the median and IQR gap between consecutive 
measurements, please refer to Table S5.

The dataset was split into a training cohort of 2818 ICU 
stays (471 positive VAP, 16.71%) and a validation cohort 
of 705 ICU stays (124 positive VAP, 17.59%). Event dis-
tribution was statistically comparable between the two 
subsets (Fisher’s exact test p = 0.57). The comparison of 
demographics between the development and evaluation 
cohorts is provided in Table S6.

Models performance
Real‑time regressor performance
In terms of time-to-event metrics, the regressor 
achieved a concordance index (C-index) of 0.75 [0.75, 
0.76] in training and 0.68 [0.68, 0.69] in testing, indicat-
ing a solid level of predictive concordance. The mean 

Fig. 1  Cohort derivation and dataset split
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absolute error (MAE) was 32.98 [32.81, 33.16] h on the 
training set and increased to 36.18 [35.82, 36.52] h on 
the test set, while the root-mean-square error (RMSE) 
values were 35.96 [32.80, 33.15] and 39.16 [35.79, 36.53] 
for training and testing, respectively (Table 2).

Feature importance analysis is shown in Fig. S6. The 
most influential features were ventilation duration, 
temperature dynamics, renal function, and white blood 
cell count-related features (48 h maximum of hourly 
differences, 48 h minimum, 48 h maximum).

Average odds differences are provided in Table S7 and 
Fig. S7, while the performance metrics for individual 
demographic groups are detailed in Table S8.

Comparison with baseline classifiers
When transformed into a binary classifier, the regres-
sor achieved a test AUROC of 0.71 [0.66, 0.76] and an 
AUPR of 0.36 [0.27, 0.44], outperforming the 24-h and 
48-h single-shot models, which both had an AUROC of 
0.62 [0.56, 0.68]. When thresholded to maintain a sensi-
tivity of at least 0.70, the regressor achieved a specificity 
of 0.60, precision of 0.28, and an F1 score of 0.40, while 
the single-shot models had lower specificity (0.41 and 
0.47), precision (0.20 and 0.21), and F1 scores (0.31 and 
0.33). Additionally, the regressor provided an estimated 
lead time (i.e., time from prediction to VAP event) of 53 
(7–120) h. A detailed comparison of performance metrics 
is presented in Table 3 and Fig. 2, while the correspond-
ing curves are provided in the supplementary materials 
(Figs. S8 and S9).

Discussion
We described an innovative ML framework to develop 
a real-time VAP prediction model, including continuous 
vital signs, ventilator data, blood gas analyses, and lab 
exams to capture dynamic temporal pathophysiological 

Table 1  Comparison of demographic, clinical characteristics, and results of Fine and Gray’s competing risks regression analysis for VAP

VAP ventilator-associated pneumonia, COPD chronic obstructive pulmonary disease, sHR sub-hazard ratio, CI confidence intervals, SE standard error

Population’s statistics Fine-Gray model

Demographic No VAP VAP p-value sHR (95% CI) Coefficient (β2) SE (β2) p-value

Patients (n) 2928 595

Sex (male) (n, %) 1619 (55%) 377 (63%) < 0.001 1.32 (1.11, 1.56) 0.28 0.087 0.001

Age (years) 63.9 (16.4) 61.2 (17.3) < 0.001 0.99 (0.99, 1.0) −0.01 0.003 0.002

Ethnicity (n, %) White or Caucasian 1896 (65%) 364 (61%) 0.101 0.94 (0.78, 1.14) −0.06 0.098 0.550

Black or African American 223 (8%) 63 (11%) 0.021 1.42 (1.05, 1.93) 0.35 0.155 0.023

Other/unknown 809 (28%) 168 (28%) 0.763

Comorbidity (n, %) Chronic kidney disease 574 (20%) 122 (21%) 0.612 1.14 (0.92, 1.41) 0.13 0.108 0.220

Diabetes mellitus 897 (31%) 182 (31%) 1 1.04 (0.86, 1.25) 0.04 0.096 0.710

Cancer 338 (12%) 36 (6%) < 0.001 0.58 (0.41, 0.81) −0.55 0.174 0.002

Congestive heart failure 910 (31%) 141 (24%) < 0.001 0.81 (0.65, 0.99) −0.22 0.106 0.042

Coronary artery disease 695 (24%) 119 (20%) 0.049 0.95 (0.76, 1.19) −0.05 0.113 0.670

Hypertension 1723 (59%) 344 (58%) 0.648 1.09 (0.9, 1.31) 0.08 0.095 0.390

COPD 801 (27%) 139 (23%) 0.047 0.93 (0.76, 1.12) −0.08 0.098 0.430

Reason for admission (n, %) Cardiovascular 355 (16%) 73 (15%) 0.631 1.3 (0.98, 1.73) 0.26 0.146 0.073

Neurological 311 (14%) 86 (18%) 0.047 1.57 (1.21, 2.04) 0.45 0.134 < 0.001

Respiratory 444 (20%) 57 (12%) < 0.001 0.85 (0.64, 1.14) −0.16 0.148 0.280

Sepsis 131 (6%) 18 (4%) 0.061 0.84 (0.51, 1.37) −0.17 0.25 0.490

Surgery 114 (5%) 26 (5%) 0.822 1.31 (0.86, 2.01) 0.27 0.216 0.200

Trauma 146 (7%) 68 (14%) < 0.001 2.24 (1.71, 2.95) 0.81 0.139 < 0.001

Other 791 (36%) 173 (36%) 0.958 1.15 (0.93, 1.42) 0.14 0.108 0.190

Table 2  Performance metrics of the ensemble model for time-
to-event prediction

C-index concordance index, CI confidence interval, MAE mean absolute error, 
MSE mean-squared error, RMSE root-mean-squared error

Dataset C-index
[95% CI]

MAE
[95% CI]

MSE
[95% CI]

RMSE
[95% CI]

Development 0.754
[0.75, 0.76]

32.980
[32.81, 33.16]

1293.227
[1283.04, 
1303.02]

35.961
[32.80, 33.15]

Validation 0.682
[0.68, 0.69]

36.176
[35.82, 36.52]

1533.136
[1511.45, 
1555.67]

39.155
[35.79, 36.53]
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patterns. The model demonstrated robust predictive 
capabilities, superior performance metrics compared to 
static prediction models, and clinically meaningful pre-
diction time windows.

VAP represents a frequent but potentially preventable 
complication of IMV [1, 11] affecting approximately 25% 
of patients requiring intubation [12], prolonging IMV and 
ICU length of stay, and increasing mortality [13]. VAP is 
a primary driver of antimicrobial resistance development 
through sustained pathogen selective pressure, extending 
the VAP impacts beyond single patient care to the overall 
healthcare system [14]. These challenges have prompted 
extensive research, initially focusing on scoring systems 
(PIRO, CPIS) [15, 16] and subsequently evolving into 
more sophisticated mathematical modeling approaches 
[17, 18]. A recent meta-analysis collates this evidence [2], 
demonstrating the superiority of ML algorithms com-
pared to traditional scoring tools. However, significant 
methodological constraints limit the clinical implemen-
tation of these ML models, which rely on ICD codes and 
thus fail to incorporate timing information, offering no 
temporal context for predicting VAP and neglecting the 
dynamic nature of the patient’s condition over time.

The present work tries to address these limitations. 
The model provides a continuous dynamic evaluation 
of VAP risk throughout the entire IMV period, adapting 
to changing patient conditions [19, 20] by incorporating 
historical and real-time data from monitors, mechanical 
ventilators, blood gas analyses, and lab exams. Two static 
predictive models utilizing the same dataset and model 
development framework provided almost nil VAP pre-
diction capabilities, highlighting the added value of inte-
grating continuous, real-time data.

ICD-based approaches for identifying VAP suffer from 
confirmation bias, lack temporal precision, and fail to 
capture VAP onset in real time, limiting their clinical 
applicability [3–5]. Contrarily, by integrating micro-
biological data (i.e., positive cultures) and therapeutic 
regimens (i.e., initiation of antibacterial therapy), our 

model established a precise temporal localization of VAP 
events, aligning with previous reports [21, 22] and guide-
lines [10]. Our results align with prior epidemiology [21, 
23, 24]: VAP incidence 15% and 23.77 [21.80–25.58] per 
1000 IMV-days. Similarly, the pathogens recognized as 
responsible for VAP adhere to recent reports. Fine–Gray 
multivariate analysis supported our VAP identification 
methodology while accounting for immortal-time bias. 
It also showed that VAP-positive patients were more 
often older, male, Black/African American, and admitted 
for neurological or traumatic disease. Finally, applying a 
Weibull regression analysis, we observed that VAP-posi-
tive patients had longer IMV and increased mortality.

A previous model, the VAP risk index [25], offers a sim-
ilar ICD-free approach but does not provide continuous 
risk prediction.

A key finding is the model’s lead time—the inter-
val between alarm and VAP. As a binary classifier, it 
achieved > 0.75 sensitivity and specificity with a median 
anticipation exceeding 2 days. Such a wide, actionable 
predictive window may facilitate preventive measures—
e.g., increased microbiological surveillance (see Fig.  3) 
and timelier diagnostic assessment or treatment con-
sideration, potentially leading to better management, 
shorter ICU stays, and reduced healthcare costs [26]. 
Finally, the analysis of average odds difference (AOD) 
revealed no significant bias in terms of ethnicity, sex, and 
age group, indicating that the model’s performance was 
equitable across these demographic variables.

The model has several limitations. First, while the 
model demonstrates statistically significant improve-
ment over static baselines (AUROC 0.71 vs 0.62), the 
overall predictive performance (C-index 0.68, PPV 0.28) 
remains insufficient to guide therapeutic decisions such 
as antibiotic initiation. The model’s clinical utility is 
therefore restricted to risk stratification for enhanced 
microbiological surveillance rather than direct treat-
ment decisions. Prospective validation studies are 
essential to determine whether this surveillance-based 

Table 3  Performance metrics of predicting models

a The fixed cutoff is computed to achieve 0.7 sensitivity in the validation cohort

Fixed working point

Model Dataset AUROC AUPR Sensitivity Specificity Precision F1 score

24 Development 0.87 [0.85, 0.88] 0.65 [0.61,0.69] 0.94 0.47 0.27 0.42

Validation 0.62 [0.56, 0.68] 0.28 [0.19, 0.35] 0.71 0.41 0.20 0.31

48 Development 0.85 [0.83, 0.87] 0.67 [0.63, 0.71] 0.90 0.55 0.29 0.43

Validation 0.62 [0.56, 0.68] 0.27 [0.18, 0.33] 0.71 0.47 0.21 0.33

Real timea Development 0.83 [0.81, 0.85] 0.51 [0.46, 0.56] 0.85 0.62 0.31 0.45

Validation 0.71 [0.66, 0.76] 0.36 [0.27, 0.44] 0.71 0.60 0.28 0.40
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approach translates into improved patient outcomes, 
reduced inappropriate antibiotic use, and cost-effec-
tiveness in real-world ICU settings. Second, while it 
showed robust performance on the MIMIC-III data-
set, this constitutes only an internal validation using 
a development and validation split. Its generalizabil-
ity must be confirmed through external validation in 
independent cohorts. Third, the model was trained on 
MIMIC-III, which includes patients admitted between 

2001 and 2012, a period when modern multiplex poly-
merase chain reaction techniques for rapid pathogen 
identification were unavailable. This historical limita-
tion could affect the model’s generalizability to con-
temporary ICU populations, where faster and more 
sensitive diagnostic modalities are now routinely used. 
Future validation in more recent cohorts with advanced 
diagnostic methods is needed to confirm the model’s 
applicability in current practice.

Fig. 2  Performance of the real-time time-to-event predictor as a classification model. ROC, receiving operator characteristics; PR, precision recall; 
IQR, interquartile range. Red bars in histograms indicate late alarms (false negatives)
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Conclusions
In conclusion, we describe an innovative ensemble 
model of XGBoost regressors for real-time VAP risk 
stratification, leveraging historical and real-time features 
to ensure transparency for healthcare providers. The 
model can be directly connected via an API to the elec-
tronic health record (EHR) system, enabling automatic 
risk time-to-event prediction without external support. 
No expertise or manual input is required from users, as 
the system autonomously processes data from the EHR, 

ensuring potential integration within clinical workflows. 
Prospective validation studies are essential to determine 
whether this surveillance-based approach translates into 
improved patient outcomes, reduced inappropriate anti-
biotic use, and cost-effectiveness. Future work should 
focus on prospective validation in multicenter ICU set-
tings, incorporating real-time deployment and clini-
cian feedback. Further refinement of the model can be 
achieved by integrating novel biomarkers or imaging data 
to enhance predictive accuracy.

Fig. 3  Possible clinical implementation of a real-time predicting machine learning model. We envision the application of our model 
within the following framework. After 48 h from intubation, the ML model starts providing the attending physician with a probability of developing 
VAP within 48 h. Whether the chance of VAP would top a predefined threshold (e.g., > 75), two possible options are offered to the clinician. First, 
microbiological surveillance by collecting bronchoalveolar lavage, and a fast-turnaround multiplex PCR respiratory panel will provide immediate 
(i.e., 6 h) information on respiratory pathobionts’ most common resistance mechanism. With this information, whether clinical signs of VAP develop, 
the clinician can initiate targeted, appropriate antimicrobial therapy, avoid broad-spectrum empiric therapy, and limit antibiotic selective pressure 
and selection of multidrug resistance agents. Otherwise, in the most severe cases, or whether clinical signs of VAP might be more complicated 
to document (e.g., immunocompromised, transplant recipient, ARDS patient), targeted antibiotic therapy can instead be initiated with clinically 
meaningful anticipation. Created in BioRender, Scaravilli, V. (2025), https://​BioRe​nder.​com/​gguxk​jc

https://BioRender.com/gguxkjc
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