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Abstract: (1) Background: Ventilator-associated pneumonia (VAP) causes high mortality among
patients with respiratory disease and imposes major burdens on healthcare infrastructure. Models
that use electronic health record data to predict the onset of VAP may spur earlier treatment and
improve patient outcomes. We developed and studied the performance of interpretable machine
learning (ML) models that predict the onset of VAP from electronic health records (EHRs); (2)
Methods: We trained Logistic Regression (LR), full feature Explainable Boosting Machine (fEBM),
and eXtreme Gradient Boosting (XGBoost) ML models on data from the MIMIC- III (v1.3) database.
Model performance was measured by area under the receiver operating characteristic curves
(AUCs). We trained a minimal-feature EBM model (mEBM) with features derived from white blood
cell (WBC) counts, duration of ventilation, and Glasgow Coma Scale (GCS). Finally, model
robustness was evaluated on randomly sparsified EHR datasets; (3) Results: The fEBM model
outperformed the XGBoost and LR models at 24 hours post-intubation. The mEBM model
maintained an AUC of 0.893. The fEBM model performance remained robust on sparsified datasets;
(4) Conclusions: Our novel interpretable ML algorithm reliably predicts the onset of VAP in
intubated patients. Integration of this EBM-based model into clinical practice may enable clinicians
to better anticipate and prevent VAP.
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1. Introduction

Ventilator-associated pneumonia (VAP), which is defined as pneumonia that
develops 48 hours or longer after endotracheal intubation,! is the second most common
healthcare-associated infection in intensive care unit (ICU) patients.2 Although the
American Thoracic Society and Infectious Disease Society of America have established
guidelines for the prevention and management of VAP,12 there remains a significant
burden on hospital systems due to the high incidence and mortality rate of VAP.1
Incidence rates are estimated to be between 5%-67% of mechanically ventilated patients,*
and mortality rates range from 13% in the US! to 31% in Europe.? VAP results in prolonged
hospitalization and increased healthcare costs of approximately $40,000 per patient.6?
Accordingly, innovative approaches to prevent VAP and to mitigate the severity of
infection are a priority.

The challenges of preventing, identifying, and treating VAP relate to variability in
the pathogens that cause VAP, limited non-antibiotic therapeutics for prophylaxis against
VAP, and a lack of a standard diagnostic strategy for VAP.82 Various machine learning
(ML) methods have attempted to bridge these gaps in care for VAP detection and
prediction, drawing upon a range of data types including electronic health records
(EHRs), physiological measurements, and genetic profiling.1>-13 ML-based clinical tools
that use individualized patient data to make personalized predictions may allow
healthcare providers to stratify risk and intervene earlier to prevent VAP, thus alleviating
the concomitant financial burden on the healthcare system, as well as improving patient
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outcomes. However, it is typically difficult for healthcare providers to decipher why a ML
model makes a individual prediction.’%15 This may lead to ethical issues in patient care by
introducing bias in providers’ final clinical determinations.!* Though research on the use
of ML and artificial intelligence in healthcare applications is not new, the lack of model
interpretability remains a barrier to the incorporation of these tools into clinical practice.

In this study, we deepened our previous work on VAP prediction!® by developing
and evaluating three ML models for the prediction of VAP onset among intubated ICU
patients. Our primary objective was to construct a ML model that was more accurate,
interpretable , and robust, and provided early prediction of VAP onset. We explored the
benefits and shortcomings of different balances of complexity and interpretability in our
algorithm design, and evaluated the best performing model’s robustness by assessing its
performance when trained on sparsified EHR data. We demonstrate that a relatively
simple, interpretable model requiring only 3 feature inputs can accurately predict the
onset of VAP in patients 24 hours after initial intubation.

2. Materials and Methods
2.1. Dataset Processing

Data used for training and testing the models were passively extracted from the
Multiparameter Intelligent Monitoring Intensive Care (MIMIC)-III version 1.3 database.
MIMIC-III contains de-identified EHRs from Beth Deaconess Medical Center ICU, Boston,
Massachusetts, collected between 2001 and 2012.16 The MIMIC-III dataset is publicly
available at MIMIC-III Clinical Database v1.4 (physionet.org). This study used existing,
de-identified data in compliance with the Health Insurance Portability and Accountability
Act and did not require institutional review board approval or informed patient consent
per 45 Code of Federal Regulations 46.102.

The inclusion/exclusion criteria consisted of encounters of adult (age = 18 years)
patients who were mechanically ventilated during their hospital stay and who had some
clinical variable (any of the vitals and labs or Boolean indicators in Table S1) measured
after the initiation of mechanical ventilation (MV) (Figure 1). Patients with a diagnosis of
pneumonia at the time of admission were identified as community-acquired pneumonia
(CAP) patients and were excluded from the study. Four corresponding sets of encounters
were created in preparation of the four related prediction tasks, i.e., predicting a diagnosis
of VAP on the basis of the first k hours of data following the initiation of MV, where k
takes the values 12, 24, 36, and 48. The set of encounters for the task of predicting VAP
onset after k hours consisted of all encounters meeting the preceding criteria, which lasted
at least k hours following the initiation of MV.

MIMIC-IIl encounters Some data, age >18 yrs MV was used CAP removed
n = 53,432 — n = 52,900 n= 24,898 n=232819
%VAP =1.21 %VAP =1.23 %VAP = 2.38 %VAP = 2.35

At least 12 h of data
n=21,064
%VAP =223

At least 24 h of data
n = 20,487
%VAP =2.29

At least 36 h of data
n=19,917
%VAP = 2.36

At least 48 h of data
n=19,141
%VAP = 2.46

Figure 1. Flow chart of inclusion criteria, patient numbers, and prevalence of VAP. Patients were
required to have at least one measurement of vital signs and lab tests. Abbreviations: N = number
of patients; % VAP = percent of patients with VAP; MV=mechanical ventilation; CAP=community-
acquired pneumonia; ICU=intensive care unit.
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2.2. Gold Standard

The presence of the International Classification of Disease revision nine (ICD-9) code
997.31 was used to identify encounters with VAP onset.”” Due to the difficulties with
retrospectively labeling the time of VAP onset, we were unable to assign a time of VAP
onset to encounters with a diagnosis of VAP.

2.3. ML Tasks and Methods

The performance of three different ML models were developed and compared; an
eXtreme Gradient Boosting (XGBoost) model,’® a full feature Explainable Boosting
Machine (fEBM) model,’? and an Elastic Net Logistic Regression (LR) model. XGBoost is
a popular and versatile decision tree-based ensemble learning method that has been
applied to a variety of clinical prediction tasks.2-2¢ EBM is designed to perform as
accurately as state-of-the-art opaque models such as XGBoost while remaining highly
interpretable.

An XGBoost, fEBM, and LR model were trained for each of the four prediction tasks
mentioned above: Given encounter data from the first k hours following intubation,
predict—at the k™ hour —whether or not VAP will be diagnosed at any later time during
the encounter (k=12, 24, 36, 48 hours). We emphasize that, because VAP is defined as
pneumonia which develops at least 48 hours after intubation, predictions are nominally
made at least 48 - k hours in advance of onset.

Encounter data were processed in the following way. Raw measurements of clinical
variables were binned into 1-hour intervals and measurements of the same clinical
variable were averaged within bins to produce a representative value for each hour. Six
summary statistics—minimum, maximum, median, first, last, and average—were
calculated for each representative vital sign and lab test over the time window of k hours
following intubation. The data were partitioned via random stratified split into a set for
training and hyperparameter tuning (80% of encounters) and a hold-out validation set
(20% of encounters). Missing measurements were imputed using median imputation,
applied separately to the training and testing encounters to ensure there was no data
leakage. All features were normalized to take values between zero and one.

All models were implemented in Python. Model hyperparameters were chosen via
grid search cross-validation with four folds. For LR, the type of penalty (e.g., L1, L2, Elastic
Net), the Elastic Net mixing parameter, alpha (controls the strength of regularization),
learning rate, and eta0 (initial learning rate) hyperparameters were tuned. For XGBoost,
the maximum tree depth, lambda (controls the strength of L2 regularization), gamma
(controls the reduction in loss needed to split a leaf), and column subsampling parameters
were tuned. For fEBM, the parameters concerning learning rate, minimum samples per
leaf, and maximum number of leaves were tuned. The source code for data processing
and model training is provided in the Supplementary Materials (Code S1).

Across all time windows, a total of 12 models were developed and their performance
was assessed using the area under the receiver operating characteristic (AUC) curve. The
XGBoost, fEBM, and LR model which performed best, in an average sense, across values
of k, was chosen to create a minimal input model.

2.4. Minimal Input Model

Following the identification of fEBM as the best-performing model, its most
important features were identified by ranking them in terms of the percentage of absolute
total score that they contributed to test set predictions. By inspection, the overwhelming
majority of important features were derived from just three clinical variables—white
blood cell count (WBC), MV hours, and Glasgow Coma Scale (GCS). A new mEBM model
was then trained with features derived from just these variables. The performance of the
minimal input model was assessed at the previously used time windows of predefined
length.
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2.5. Robustness of the model

The robustness of the fEBM model to missing measurements or less frequent
measurement of clinical variables was evaluated by comparing the performance of the
fEBM models trained on non-sparsified data to their performance when trained on the
sparsified data, when applied to sparsified datasets. All clinical variables were sparsified,
except for demographic information, MV hours, and comorbidity data. To sparsify the
data, we returned to the data processing step and, before binning measurements and
computing summary statistics for the clinical variables, each measurement with
probability r (the rate of sparsifying, which took values r = 0.25, 0.50, and 0.75) was
deleted, independently of all other measurements. This resulted in three new sets of
encounter data, which were then processed as before.

3. Results
3.1. Patient Characteristics

Out of 53,432 patient encounters in the dataset, there were 23,819 ICU encounters in
which the patient was mechanically ventilated and had a VAP diagnosis. Of these, 21,064
had 12 hours of patient data, 20,487 had 24 hours of data, 19,917 had 36 hours of data, and
19,141 had 48 hours of data. Among the inclusion criteria, the requirement of MV excluded
the greatest number of encounters (from 52,900 to 24,898) and was associated with an
increase in VAP prevalence of roughly 1%, compared to the VAP prevalence among
MIMIC-III encounters. Figure 1 illustrates the flow chart of inclusion criteria with patient
counts and VAP prevalence for each time window of patient data. Patient demographics
in the dataset with k =48 h of data are shown in Table 1 (demographics of patients with k
=12, 24 & 36 h of data are presented in Table S2).

Table 1. Patient demographics for k =48 h. Abbreviations: VAP = ventilator-associated

pneumonia.
Characteristic VAIf':P‘(‘);iOtive Vz?ll’zl\llg%;tlive
<30 26 (5.5%) 706 (3.8%)
30-49 78 (16.6%) 2647 (14.2%)
Age 50-59 98 (20.9%) 3403 (18.2%)
60-69 99 (21.1%) 4402 (23.6%)
70-79 95 (20.2%) 4303 (23%)
80+ 74 (15.7%) 3210 (17.2%)
Male 282 (60%) 11183 (59.9%)
Gender
Female 188 (40%) 7488 (40.1%)
White 314 (66.8%) 13352 (71.5%)
Black/African-American 43 (9.1%) 1345 (7.2%)
Ethnicity Asian 18 (3.8%) 395 (2.1%)
Hispanic/Latino 12 (2.6%) 590 (3.2%)
Unknown/Other 83 (17.7%) 2989 (16%)

3.2. Comparison of model performance at different prediction windows

Performance of the LR, fEBM, and XGBoost models for the 12, 24, 36, and 48 hour
windows (12 models in total) was measured by AUC (Figure 2). Overall, the performance
of all models increased with increasing time windows. In terms of model comparison by
AUC, the fEBM model outperformed the LR models at all timepoints and had slightly
better performance than the XGBoost models at 12, 24 and 36 h. The exception was the 48-
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hour window, where XGBoost had marginally better performance than fEBM. The
performance of the models was also evaluated by the area under the precision recall
curves (AUPRCs); the EBM model had slightly better performance than the XGBoost
model at the 24 h timepoint (Supplementary Figure 1).

ROC curves for 12h window ROC curves for 24h window
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Figure 2. ROC curves for LR, fEBM and XGB models at k = 12, 24, 36, 48 hours. Abbreviations: ROC
- Receiver Operating Characteristic; fEBM - full feature Explainable Boosting Machine; XGB -
XGBoost; AUC - Area Under the Curve.

3.3. Feature Importance and Minimal Feature Model

The feature importance plot for the fEBM model at k = 24 h (Figure 3) shows the
summary statistics calculated from WBC count, MV hours and GCS to be the most
important features contributing to the prediction of VAP. Pairwise interactions were
observed between MV hours, WBC, blood count and weight at k = 24 h. Similar features
and pairwise interactions were seen at the other time windows analyzed ( Figure S2).

Using only features derived from WBC, MV and GCS, an mEBM model was
developed that had performance comparable to the fEBM model at all time windows
(Figure 4). This is referred to as the minimal or few feature EBM model (mEBM), although
it is perhaps more accurate to say that it uses a relatively minimal set of clinical variables-
WBC first, MV hours (value) and GCS last. Plots of predicted VAP risk versus the value
of three representative features respectively derived from WBC, MV hours, and GCS are
provided in Figure S3. These plots highlight the complicated, nonlinear relationships
mEBM learns between the feature values and risk of VAP onset.
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Figure 3. Feature importance plot for fEBM at k=24 h. Abbreviations: MV: mechanical ventilation;

WBC: White Blood Cell ; GCS: Glasgow Coma Scale ; ResRate: Respiratory Rate; DiasABP:
Diastolic Blood Pressure; SpOzPeripheral Capillary Oxygen Saturation.
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Figure 4. Minimal-feature EBM (mEBM) model at all time prediction windows. Abbreviations: ROC:
Receiver Operating Characteristic; EBM: Explainable Boosting Machine; AUC: Area Under the
Curve.

3.4. Robustness of the model

When the fEBM model was trained separately on non-sparsified data and on data
sparsified at rate r (r = 0.25, 0.50, or 0.75), and tested on data sparsified at rate r, the
differences in AUCs were small. Results for the full feature model are shown in Table 2;
results for the mEBM model showed a very similar pattern . The table shows that, despite
deleting up to 75% of all measurements of the clinical variables (except for MV hours and
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demographic information) in the training set, both EBM models performed essentially as
well as they did when applied to the original data.

Table 2. Comparison of AUCs for fEBM models trained with k = 24 h on non-sparsified and
sparsified data, and tested on sparsified data (rates of r = 0.25, 0.50, and 0.75). Abbreviation: AUC -
Area Under the Receiver Operating Characteristic. .

Rate of data sparsifying, r
0 025 050 0.75
Model trained on non-sparsified data 0.893 0.893 0.889 0.891
Model trained on sparsified data 0.893 0.892 0.890 0.889

AUC

4. Discussion

The objective of this study was to build upon our previous work! by developing a
more interpretable and clinically relevant ML model to accurately predict the onset of
VAP among intubated ICU patients. Previously, we have developed models that
predicted VAP using data collected within 48 hours post-intubation.? Here we
demonstrated that a relatively simple and more interpretable model can outperform more
complex and less interpretable models, using shorter time windows of prediction data.
Our results also demonstrate that the model is resilient to perturbations in the test data
and maintains robust performance when validated on sparse datasets, indicating that
although it was developed on a dataset of ICU encounters, the model may generalize to
less intensive care settings.

Prediction of VAP may provide adequate warning to clinicians before its onset and
using individualized data may broaden clinicians’ options for providing preventive
measures and for personalizing such strategies based on a patient’s risk profile. For
example, intubated patients receiving treatment for cardiac arrest may have a reduced
risk of developing VAP if they are given a two-day course of antibiotics prior to VAP
development® and other patient populations may get preventative benefits from the
administration of probiotics,6 nebulized antibiotics,? or other therapeutics, such as N-
acetyl-cysteine.8 Prevention of VAP prior to its occurrence may also encourage antibiotic
stewardship, which is imperative to reduce mortality resulting from VAP caused by
multidrug resistant bacteria and inappropriate administration of antibiotics.2>2

Our study advances the field in several key ways. In our prior research, we
developed an ML model that utilizes readily available EHR data to make predictions of
VAP at the 48" hour of intubation, the earliest time at which VAP can be diagnosed.? The
previous study used windows of vital sign and lab data (6, 12, 18 hours etc.) calculated
backward from the 48" hour and made a prediction of VAP at the 48" hour. While that
model may be useful in classifying patients at risk of developing VAP beyond the 48%
hour, its utility may be improved by providing an earlier prediction to allow time for
preventative measures to be taken. To address this, we developed our models to make
predictions of VAP after different time windows of post-intubation data collection, from
12 to 48 hours. We observed only a marginal increase in performance with increasing time
windows of data collection. The benefit afforded to patients by an early prediction may
outweigh the slight improvement in predictive performance of the model at a later time
point. We demonstrate that a prediction made at 24 h post-intubation strikes a good
balance between the advantage of an early prediction and model performance. An early,
accurate prediction at 24 h would allow clinicians to more closely monitor and implement
prophylactic measures for patients predicted to develop VAP.

One critical component of the utility of our model in clinical settings is its ability to
reliably outperform previously developed methods to predict imminent onset of VAP in
intubated patients. These methods include risk scores used to guide these predictions—
e.g., the Clinical Pulmonary Infection Score (CPIS), the VAP predisposition, insult,
response, and organ dysfunction (PIRO) score, and the VAP Acute Physiology and
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Chronic Health Evaluation II (APACHE-II) score—as well as previously published ML-
based methods.2122831 This outperformance is particularly notable because of our models’
relative simplicity and availability of input data compared to those used in several of these
previous studies. This improves the potential of our model to be adopted and routinely
used by healthcare facilities. When compared to our own previously published model for
predicting VAP, this updated approach consistently predicted diagnosis more accurately
despite increased constraints on time and quantity of input data.1

A remarkable characteristic of the mEBM model is that it uses features that can be
derived from the observations of just three clinical variables: GCS (last), MV hours, and
WBC (first) (Figure 3, Suppl. Figure 3). These clinical variables are known to be associated
with increased risk of VAP .3%32 For example, WBC indicates a strong immune response to
severe infection and is a common sign of VAP3%32 and GCS is a known proxy for aspiration
risk and subsequent acquisition of pneumonia.?! In this sense, the mEBM model is both
simple and clinically plausible, and it is natural to wonder if this model can be reduced to
existing wisdom or a score that can be calculated by hand. In fact, the individual
relationships between these features and VAP risk can be extremely complex ( Figure S3).
Because of this result and the relatively poor performance of the simpler LR models
(Figure 2), it seems unlikely that the mEBM model could be appreciably simplified
without a substantial loss of performance.

Moreover, it seems that there is no benefit from using a more complicated model than
either a mEBM or fEBM model. The evidence for this claim is provided partly by the
inability of the XGBoost models to consistently outperform the EBM models (Figures 2
and 4) and partly by the relatively small contributions from pairwise feature interactions
to fEBM (Figure 3). In principle, due to the hyperparameters used in our experiments,
XGBoost explored a class of candidate models which contained those explored by both
EBM models. In a sense, XGBoost could incorporate interactions between up to five
features, while EBM models can only consider pairwise interactions between features.
Nevertheless, XGBoost and mEBM and fEMB performed roughly equally well.

One of the major advantages of our model is its high interpretability. Although
complex algorithms like XGBoost, Random Forests and Artificial Neural Networks have
gained increasing popularity and widespread use in predictive modeling, they suffer from
a lack of intelligibility. Unlike these opaque models, EBM (considered to be a glassbox
model) is both “globally” interpretable, in the sense that the relationships between
features and predicted risk are explicit (e.g., Figure S3), and “locally” interpretable, in the
sense that it can produce feature importances for individual predictions.’®32 This has
significant implications in a healthcare setting, since it would give clinicians a more
comprehensive understanding of what features contribute most to a prediction for a given
patient. Importantly, the increased interpretability of the model does not come at the cost
of accuracy; our fEBM model has comparable or better performance than the more
complex XGBoost model at all data collection windows (Figure 2). It is also worth noting
that the difference in performance of the fEBM model between the 24 h (AUC =0.894) and
48 h (AUC = 0.915) time windows is small.

With the widespread use of ML in real-world applications, there has been an
increasing effort to develop tools and methods to ensure the resilience of classifiers in the
face of perturbations to test data.®® Documentation of data relevant to healthcare-
associated infections in hospital systems are often inconsistent,? posing a major challenge
when developing and implementing ML models with inputs reliant on EHR data.ls To
account for potential missingness of data in real world settings, we performed random
data sparsification at varying degrees on all clinical variables except MV hours and
demographic information (since they are routinely collected at all institutions), and
assessed the performance of our model. Our results demonstrate high performance of the
model upon random data sparsification (Table 2), providing evidence that our model
would have robust performance in a variety of hospital ICU settings and potentially
settings with less intensive care.
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There are several limitations to this study. First, our algorithms were designed only
to predict intubated patients’ acquisition of VAP and not the severity of the disease or risk
of subsequent mortality; this prediction also did not stratify patients by degree of risk (e.g.
high versus low, odds, or percentiles). Second, the ICD-9 code for VAP (997.31) was first
introduced in 2008, at the beginning of the time span during which MIMIC-III data were
collected. Since the code had not been widely recognized and implemented for a long
period of time prior to data collection, some diagnoses of VAP from earlier years in the
dataset may not have been encoded. There are also limitations to the accuracy of studying
healthcare-associated infections based on administrative coding data, with studies
contemporary to MIMIC-III data collection reporting only moderate positive predictive
values for correct diagnosis coding.35.3

Future developments on this work should include developing and validating
algorithms on datasets where correct coding or diagnosis of infection has been confirmed
via physician adjudication. They may also benefit from including more refined data on
patients’ infections, e.g. the pathogenic agent causing the infection, the location of the
infection within the patient’s respiratory tract, or the phenotypic antibiotic resistance
profile of the pathogen itself. This may enhance the value of the algorithm as a clinical
decision support tool, as it may guide treatment strategies. Following retrospective
research, the clinical utility of this tool would need to be evaluated in a real-world setting
by conducting a prospective clinical study in collaboration with physicians at multiple
medical institutions.

5. Conclusions

We present a machine learning-based approach to reliably predict future diagnosis
of VAP among intubated patients, using data collected early in the course of intubation.
This approach improves upon our previous work in the field, outperforming our own and
others’ previously published models. If prospectively validated, this model could provide
clinicians with an interpretable and robust tool to assist in the prevention of VAP and the
substantial financial burdens it incurs. Future directions in this field include refining both
the criteria for inclusion or exclusion of input data and the balance of simplicity versus
interpretability, to provide clinicians a tool that is as accurate and integratable as possible.

Supplementary Materials: Table S1: Feature inputs for models; Table S2: Demographic information
of patients included in time windows of k = 12, 24, 36 hours; Figure S1: Precision recall (PR) curves
for LR, fEBM, and XGB models at k = 12, 24, 36, 48 hours; Figure S2: Feature importance plots for
the fEBM model at k = 12, 36, 48 hours; Figure S3: Contribution of the top features to fEBM scores;
Code S1: Source code for data processing and model training.
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