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Severity of Disease Estimation and Risk-Adjustment for Comparison
of Outcomes in Mechanically Ventilated Patients Using Electronic
Routine Care Data

Maaike S. M. van Mourik, MD, PhD;"? Karel G. M. Moons, PhD;> MICU Registry;4
Michael V. Murphy, BA;' Marc J. M. Bonten, MD, PhD;>** Michael Klompas, MD, MPH"** for the Centers for Disease
Control and Prevention (CDC) Prevention Epicenters

BACKGROUND. Valid comparison between hospitals for benchmarking or pay-for-performance incentives requires accurate correction for
underlying disease severity (case-mix). However, existing models are either very simplistic or require extensive manual data collection.

oBJECTIVE. To develop a disease severity prediction model based solely on data routinely available in electronic health records for risk-
adjustment in mechanically ventilated patients.

DESIGN. Retrospective cohort study.

PARTICIPANTS. Mechanically ventilated patients from a single tertiary medical center (2006-2012).

METHODS. Predictors were extracted from electronic data repositories (demographic characteristics, laboratory tests, medications, micro-
biology results, procedure codes, and comorbidities) and assessed for feasibility and generalizability of data collection. Models for in-hospital
mortality of increasing complexity were built using logistic regression. Estimated disease severity from these models was linked to rates of
ventilator-associated events.

RESULTS. A total of 20,028 patients were initiated on mechanical ventilation, of whom 3,027 deceased in hospital. For models of incremental
complexity, area under the receiver operating characteristic curve ranged from 0.83 to 0.88. A simple model including demographic char-
acteristics, type of intensive care unit, time to intubation, blood culture sampling, 8 common laboratory tests, and surgical status achieved an
area under the receiver operating characteristic curve of 0.87 (95% CI, 0.86—0.88) with adequate calibration. The estimated disease severity was

associated with occurrence of ventilator-associated events.

CONCLUSIONS.

Accurate estimation of disease severity in ventilated patients using electronic, routine care data was feasible using simple models.

These estimates may be useful for risk-adjustment in ventilated patients. Additional research is necessary to validate and refine these models.

Infect. Control Hosp. Epidemiol. 2015;36(7):807-815

Evaluating quality of care has become increasingly important
over the past years and mandatory public reporting and non-
payment programs for medical complications have strength-
ened the need for reliable and comparable measures of
performance."> Reporting mandates have been introduced for
healthcare-associated infections in a majority of the United
States as well as other countries, and nonpayment regulations
are expanding.” The emphasis on measuring quality of care
by patient outcomes requires not only reliable ascertainment

of clinical outcomes but also accurate and practical methods of
adjustment for underlying disease severity so as to allow for
valid comparisons between healthcare facilities."*'°

The ventilator-associated event (VAE) paradigm for surveil-
lance of complications of mechanical ventilation (MV) was
introduced as an alternative to traditional assessment of
ventilator-associated pneumonia.'" Two tiers of the new frame-
work—rventilator-associated condition (VAC) and infection-
related VAC (IVAC)—are being considered for future use in
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benchmarking and pay-for-performance programs and are
reportable to the Centers for Disease Control and Prevention’s
National Healthcare Safety Network (NHSN).!! However, case-
mix adjustment in NHSN is currently limited to stratification by
type of intensive care unit (ICU) and better methods of incor-
porating disease severity are needed to facilitate more meaningful
comparison of rates.'>"?

Several ICU mortality risk scoring systems, such as the
Acute Physiology and Chronic Health Evaluation (APACHE)
and Simplified Acute Physiology Score, have been in use for
numerous years to measure disease severity in research and
outcome evaluations.>'*™'® Although these models have good
predictive accuracy for in-hospital mortality, their universal
adoption is hampered by their inclusion of many clinical
parameters that are labor-intensive to gather and infrequently
available in a structured electronic format.'”'® Increasing use
of electronic health records (EHRs) has fueled interest in the
possibility of using routine care electronic data as a reliable
alternative to time-consuming manual data collection.
Although some risk scoring systems have been adapted to
electronic data, their generalizability is questionable since they
use diagnosis codes from administrative data, include clinical
variables that are available in only a fraction of EHRs, and
incorporate some variables that are not routinely measured in
all patients.'”*' Furthermore, existing disease severity models
may not be optimal for VAE risk-adjustment since they were
derived from both ventilated and nonventilated patients and in
some cases excluded cardiovascular surgery patients.'*'¢%°

In this study, we aimed to develop a disease severity pre-
diction model targeted specifically at mechanically ventilated
patients using routinely collected, electronically stored data.
We strove to optimize the balance between model precision,
complexity, and generalizability. In addition, we assessed the
relation between estimated disease severity and the risk
of VAEs.

METHODS
Study Population

All patients initiated on MV, through an endotracheal tube or
tracheostomy, and requiring ICU care in the Brigham and
Women’s Hospital (Boston, MA) from January 1, 2006,
through December 31, 2012, were eligible for study inclusion.
An interruption of MV of more than 1 calendar day defined
the start of a new ventilation episode. If multiple hospital
admissions or MV episodes occurred for a patient within the
study period, a random hospitalization was chosen and the
first episode within the hospital admission was selected.
Patients younger than 18 years, those who could not be suc-
cessfully linked to electronic data repositories, and those who
were not admitted to an ICU were excluded. This study was
reviewed by the institutional review board of Brigham and
Women’s Hospital and the requirement for individual patient
consent was waived (protocol number: 2012P002052).
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Outcomes

The primary outcome in developing a severity of disease pre-
diction model was in-hospital mortality. As a sensitivity ana-
lysis, models were also developed for mortality within 30 days
of initiation of MV as determined from hospital vital statistics
records.*>**

VACs and IVACs were selected as targets for risk-
adjustment. A VAC reflects a sustained period of worsening
oxygenation requiring increased ventilator settings whereas an
IVAC is defined as a VAC with concurrent initiation of new
antimicrobial therapy in combination with signs of infection
(abnormal temperature, white blood cell count). Both were
operationalized electronically in accordance with January 2013
NHSN specifications using ventilator settings derived from the
respiratory therapy department.'”

Predictors

Potential predictors were collected from the hospital’s elec-
tronic Research Patient Data Registry.”> This database com-
piles a broad variety of structured electronic data elements
recorded during routine clinical care. We extracted data on
patient demographic characteristics, laboratory tests, micro-
biology results, procedure codes, diagnosis codes, billing
information, and medication use. ICU admission and dis-
charge dates, however, were not available. Variables were
selected for extraction on the basis of clinical associations
with severity of disease and previously published
mOdelS.14’15’20’26

Subsequently, all candidate variables were assessed for
potential inclusion. A qualitative estimate of feasibility was
based on the extent of missing data and the expected likelihood
that similar data will be available in electronic form in other
hospitals. We also evaluated candidate variables for general-
izability based on the probability that predictors would have
similar interpretation when applied in other settings or across
time (Table 1). When applicable, predictors were classified in
broad groups that are expected to translate to other settings.
ICU types were grouped into medical, surgical, neuroscience,
and cardiovascular surgery categories, and procedure types
were classified by anatomic or functional location (eg, mus-
culoskeletal, cranial, digestive tract).

We collected values for predictors from the calendar day of
MV onset and the day prior when available. Data were cleaned
and processed as specified in sections 1A-1C of the online-
only material. For each predictor, the observation reflecting
the worst prognosis was taken (eg, lowest hematocrit, highest
creatinine). Comorbid conditions were assessed based on
administrative data using the Elixhauser method.*”**

Model Development and Statistical Methods

Patterns of missing data were explored and multiple imputation
was performed (mice package, version 10, R).*’ Exploratory
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TABLE 1. Overview of Electronic Data Sources
Expected Expected % Missing
Predictor category Description feasibility® generalizability® (comments)
Demographic Age, sex + + None
characteristics
Unit type® Medical, surgical, neuroscience, or cardiovascular surgery + + None
Time to ventilator Days from hospital admission to start of MV + + None
Microbiology Any blood culture performed (regardless of result) + + None
Procedure codes Classified in broad categories: musculoskeletal, thorax, CABG, valve, + + None
heart/lung transplant, aneurysm, digestive tract, spleen, cranial
Physiology I Hematocrit, white blood cell count, platelets, creatinine, + + 1.2%
glucose, sodium, INR, blood urea nitrogen
Physiology II Albumin, total bilirubin, ALT +/- +/- 40.0%
Physiology III Blood gas analysis (pH, pO,, pCO5,) +/- +/- 6.9%
Medication (Groups of) medications initiated: Antibiotic (2 or more), +/- - None (dependent on
antifungal, amiodarone, number of vasopressors, anticonvulsant, clinical practice)
steroid, vitamin K, airway medication, antipsychotic
Comorbidities Elixhauser comorbidity groups (based on ICD9 and DRG codes) +/- - None (dependent on

coding practices)

NOTE. Data were collected during the process of routine care on the first calendar day of mechanical ventilation (MV) or the day prior when
available. All groups of predictors are classified by anticipated feasibility and generalizability of electronic data collection. For details on variable
definitions please refer to supplementary material (section 1). ALT, alanine transaminase; CABG, coronary artery bypass graft; DRG, diagnosis-
related group; ICD9, International Classification of Disease, Ninth Edition; INR, international normalized ratio.

*Feasibility was estimated on the basis of the amount of missing data in our sample and the expected availability from electronic health records in

other settings.

"Generalizability was defined as the anticipated consistency of predictor interpretation in other settings. +: good anticipated feasibility/
generalizability, +/—: some concerns, —: limited anticipated feasibility/generalizability.
“Surgical intensive care unit (ICU): all surgical ICU types (eg, general, trauma, thoracic); Neuroscience ICU: neurology and neurosurgery.

univariable analysis of the association between predictors and in-
hospital mortality was performed and restricted cubic splines
were used for continuous variables that did not have a linear
association with the log-odds of mortality (online-only material,
section 1B).*°

Regression models of incremental complexity were built,
first including groups of candidate predictors with the best
expected feasibility and generalizability (defined in Table 1).
All variables within each group of predictors were added to the
model irrespective of their individual significance. Interactions
detected by backward elimination were judged relevant if
P <.0001; very rare combinations of predictors were excluded.
If a group of predictors no longer contributed to model per-
formance, measured by the Akaike information criterion, it
was eliminated in its entirety. To limit overfitting and to obtain
bias-corrected estimates of model performance, internal
validation and uniform shrinkage were performed using
bootstrap samples (100 samples per imputation). This method
generates more accurate estimates of performance than split-
sample or cross-validation approaches.”® Parameter estimates
from the imputation sets were pooled by Rubin’s rule.**

Model discrimination and calibration were assessed using
the area under the receiver operating characteristic curve
(AUROC), the Brier score, the Hosmer-Lemeshow test, and
examination of calibration plots. Given the large heterogeneity
in mortality across ICU types, the model with the most
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favorable balance of complexity to performance was developed
stratified by ICU type.

Finally, the possibility of VAE risk-adjustment using the
severity of underlying disease estimates was assessed by
examining the relation between predicted risk of mortality and
observed incidence of VAEs. For the overall population and for
each type of ICU separately, patients were classified by decile of
predicted mortality risk and the incidence of VACs and IVACs
was determined within each decile. In addition, attention was
paid to the relation between disease severity and the competing
outcomes for VAEs. Because patients must by definition have
received at least 4 days of MV—2 days of stability or
improvement followed by 2 days of deterioration—in order to
be at risk of VAE, early death or early discharge within 4 days
can be considered competing outcomes.>

All analyses were performed using SAS, version 9.2 (SAS
Institute), and R (www.r-project.org).

RESULTS

During the study period, 24,366 episodes of MV were recorded
in 20,581 unique patients. Of these patients, 59 were younger
than 18 years; 350 did not have a successful medical record
match; and 144 were not admitted to an ICU, thus leaving
20,028 patients for analysis. Median age was 64 years, 60.3%
were male, and 40.7% were admitted to the cardiovascular
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surgery unit (Table 2). Average in-hospital mortality was As expected, models using larger numbers of predictors had
15.1%, ranging from 3.3% for cardiovascular surgery to 38%  improved performance characteristics, although the gains with
for the medical ICUs. incrementally more complicated models became smaller (Table 3).

TABLE 2. Selected Patient Characteristics in Comparison Study of Outcomes in Mechanically Ventilated Patients Using Electronic Routine
Care Data, 2006-2012

All episodes Discharged alive Deceased in hospital

Variable n=20,028 n=17,001 n=3,027
Age, median (IQR), y 64 (53-73) 64 (52-74) 67 (56-78)
Male sex 12,084 (60.3) 10,362 (60.9) 1,722 (56.9)
Unit type

Medical 4,282 (21.4) 2,663 (15.7) 1,619 (53.5)

Surgical 5,347 (26.7) 4,720 (27.8) 627 (20.7)

Neuroscience 2,252 (11.2) 1,742 (10.2) 510 (16.8)

Cardiovascular surgery 8,147 (40.7) 7,876 (46.3) 271 (9.0)
Time to ventilation onset

Day of hospital admission 8,507 (42.5) 7,333 (43.1) 1,174 (37.8)

Day 1 or 2 after admission 7,097 (35.4) 6,257 (36.8) 840 (27.8)

Days 3-7 after admission 3,017 (15.1) 2,479 (14.6) 538 (17.8)

>8 days after admission 1,407 (7.0) 932 (5.5) 475 (15.7)
Any surgical procedure® 13,457 (67.2) 12,949 (76.2) 963 (31.8)
Blood culture specimen obtained® 4,315 (21.5) 2,860 (16.8) 1,455 (48.1)
Duration of MV, median (IQR), d 2 (1-3) 2 (1-3) 3 (2-8)
Length of hospital stay, median (IQR), d 11 (7-18) 11 (8-18) 9 (4-19)

NoTE. Data are no. (%) unless otherwise indicated. IQR, interquartile range; MV, mechanical ventilation.
*On day of MV onset or day prior.

TABLE 3. Results of Model Development and Internal Validation for In-Hospital Mortality

Predictor category Model 1 Model 2 Model 3 Model 4 Model 5
Demographic characteristics X X X X X
Unit type X X X X X
Time to ventilation X X X X X
Microbiology” X X
Procedure codes X X X X X
Physiology I° X X X X
Physiology I1° + I11° b'e X X
Medication X b'e
Comorbidities X
N independent predictors 17 36 47 56 85
AUROC® 0.829 0.870 0.877 0.879 0.883
(95% CI) (0.822-0.837) (0.864-0.877) (0.871-0.883) (0.873-0.885) (0.878-0.889)
Medical ICU 0.674 0.758 0.775 0.783 0.796
Surgical ICU 0.732 0.822 0.835 0.840 0.843
Neuroscience ICU 0.724 0.784 0.786 0.794 0.794
CV surgery 0.769 0.852 0.860 0.857 0.871
H-L statistic 12.2 50.8 59.5 49.9 55.1
P value H-L .140 <.001 <.001 <.001 <.001
Brier score 0.102 0.091 0.089 0.088 0.087

NOTE. Models are ordered by increasing complexity as classified by feasibility and generalizability of data collection. AUROC, area under the
receiver operating characteristic curve; CV, cardiovascular; H-L, Hosmer-Lemeshow; ICU, intensive care unit.

"Microbiology (blood culture performed) did not contribute to model performance in models 3 and up and was therefore removed.
Physiology I-I1I, please refer to Table 1 and supplementary data for definitions.

“Bias-corrected.
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Model 2, using only demographic information, unit type,
microbiology data, procedure codes, and commonly per-
formed laboratory tests, achieved an optimism-corrected
AUROC of 0.870 (95% CI, 0.864-0.876) (parameter esti-
mates in the online-only material Tables S1, S2). On internal
validation, overoptimism was very limited (0.003-0.006
decrease in AUROC). Calibration was adequate with slight
overprediction for high-risk patients (online-only material,
Figure S1); this is also reflected by the Hosmer-Lemeshow test
statistics () test, 49.9 to 59.5 on 10 degrees of freedom). A
sensitivity analysis for 30-day mortality demonstrated similar
performance of all models (online-only material, Table S3).

Model 2 also had reasonable performance when applied
within ICU types (AUROC, 0.758 to 0.852); as can be expected,
the observed performance was somewhat lower because differ-
ences between patients within each of the unit types were smaller
than across units. Given the large heterogeneity in mortality rates
between types of ICUs and the intended application of achieving
adequate estimation of disease severity within ICU types, the
model was refit stratified by ICU type (Table 4, Table S4),
resulting in similar performance yet less complex models
because interaction terms were no longer necessary. In addition,
the performance of this model was compared with APACHE II
scores of a subset of 144 patients included in the hospital’s
Registry of Critical Illness who were mechanically ventilated on
admission to the ICU.>* This revealed an AUROC of 0.66 for
APACHE II versus 0.80 for the final model.

Depending on the type of ICU, the overall risk of VAC
ranged from 0.9% to 9.1% and of IVAC from 0.4% to 3.2%
(Table 4). Overall, there was a positive association between the
estimated severity of disease (predicted mortality from model
2 stratified by ICU type) and the occurrence of VAC and IVAC
(Figure 1). Specifically, for surgical and cardiovascular surgery
units there was a positive association between estimated
disease severity and VAE incidence, whereas for medical and
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neurological ICUs the picture was less clear. As can be seen in
the bar charts, the association between observed risk of VAE
and estimated disease severity is largely explained by the pro-
portion of patients who remain on MV 4 days or longer and
are thus at risk of developing a VAE. In particular for medical
units, the decline in VAC incidence in higher mortality risk
groups is caused by an increasing proportion of patients
experiencing the competing event of dying within 4 days of
MV onset.

DISCUSSION

Adjustment for severity of underlying disease is a necessary
requirement to achieve valid comparisons of patient outcomes
across healthcare providers. This study is meant as a proof-
of-concept that estimating underlying disease severity in
mechanically ventilated patients is feasible using fairly simple
models applied to electronic routine care data. The perfor-
mance characteristics obtained were in the same range as those
observed in the derivation studies of more labor-intensive
methods such as APACHE and Simplified Acute Physiology
Score.® Models of increasing complexity showed marginally
better performance but at the cost of more extensive data
collection and rising concerns with generalizability to different
settings.

In addition, this study found an intricate relation between
estimated disease severity and the incidence of VAEs, thus
providing a starting point towards improved correction for
differences in patient populations when these outcomes are
used for assessment of quality of care. Currently, event rates
reported to NHSN are stratified by unit type for comparison.'?
Although unit type does explain an important fraction of the
observed variation in VAE incidence, this can be further
refined by stratifying on underlying disease severity within
ICU types. This association between estimated disease severity

TABLE 4. Model Development for In-Hospital Mortality Stratified by Unit Type for Model 2
Variable Medical Surgical Neuroscience Cardiovascular surgery
MYV episodes 4,282 5,347 2,252 8,147
Deceased, N (%) 1,619 (37.8) 627 (11.7) 510 (22.6) 271 (3.3)
Mortality
AUROC? 0.753 0.818 0.770 0.856
(95 % CI) (0.738-0.767) (0.802-0.835) (0.749-0.792) (0.835-0.877)
H-L statistic 10.9 21.9 6.0 12.9
Brier score 0.190 0.084 0.142 0.027
Ventilator-associated events
N VAC (/100 MV episodes) 390 (9.1) 402 (7.5) 112 (5.0) 67 (0.9)
N IVAC (/100 MV episodes) 135 (3.2) 167 (3.1) 51 (2.3) 33 (0.4)
VAC rate/1,000 MV days 16.1 15.6 10.4 4.3
IVAC rate/1,000 MV days 5.6 6.5 4.8 2.1

NoTE. AUROC, area under the receiver operating characteristic curve; H-L, Hosmer-Lemeshow; IVAC, infection-related ventilator-associated
condition; MV, mechanical ventilation; VAC, ventilator-associated condition.

*For mortality, after correction for overoptimism. Models were developed by unit type; procedure types that did not occur within the unit types
were excluded. There were no significant interactions in all models.
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FIGURE 1. Association between estimated disease severity (predicted risk of in-hospital mortality) and the occurrence of ventilator-
associated events (VAEs). Predicted risk of in-hospital mortality was derived from the final model stratified by unit type and incidence of
ventilator-associated condition (VAC, left column) and infection-related VAC (IVAC, middle column). Horizontal lines represent the overall
event incidence. The bar charts (right column) depict the proportion of patients at risk of developing a VAC or IVAC and those either
discharged alive off the ventilator within 4 days of ventilator onset (early discharge) or deceased within 4 days of ventilator onset (early
death). Top row: deciles of predicted mortality risk calculated for the overall population; bottom 4 rows: patients are stratified by decile of
mortality risk within each intensive care unit type. MV, mechanical ventilation.
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and VAE risk seems to be mediated by identifying the pro-
portion of patients who remain on MV long enough to be
eligible for developing a VAE (MV >4 days). We purposely
included all patients initiated on MV regardless of whether
they achieved 4 days of MV because all MV days are counted in
the denominator of VAE rates and the duration of MV is also
unknown at the time of ventilation onset (the moment of
prediction). Future research is needed to determine how to
assess the exact relationship between severity of underlying
disease and the likelihood of developing VAE and how to
account for the competing outcomes of early death and early
discharge. Because the models were developed in a single ter-
tiary care US hospital, further validation studies are needed to
determine their performance and utility in different hospitals
and types of ICU. These studies will also provide an opportu-
nity to refine estimates for a broader range of (specialized) ICU
types, including mixed medical-surgical units and units affili-
ated with smaller community hospitals, ideally in alignment
with the ICU classifications currently employed by NHSN.

Although numerous models have previously been developed
to predict in-hospital mortality, these were not developed for the
purpose of comparing patient outcomes in the specific domain
of mechanically ventilated patients, and several concerns limit
their application in risk-adjustment for VAEs, including the
highly divergent degrees of sophistication in EHR contents
across hospitzils.14’15’26 Existing models, such as the APACHE,
require extensive amounts of manual data collection, including
physiologic variables that are not routinely documented in EHRs
(eg, Glasgow coma scale, blood pressure, urine output) and
reason for admission, which is subject to considerable interrater
variability."®*  Strikingly, models in some cases included
administrative data collected after the first 2 days of admission,
which may better reflect the evolution of disease within hospitals
rather than patients’ presenting conditions.”*' Moreover,
translating a model directly to an electronic environment may
introduce unanticipated loss of comparability.*">* The models
developed in this study aim to address these concerns and do
have similarities with existing risk-adjustment models, in parti-
cular the model developed within the Veteran’s Affairs system.*
However, that model makes extensive use of admission diag-
noses and procedure codes and includes more laboratory vari-
ables than the simpler models developed in our study.

The process of model development in this study was tar-
geted specifically for use with electronic data and an important
component was the a priori assessment of the feasibility and
generalizability of data collection through EHRs. Preference
was given to measuring information “close to the patient” as
opposed to proxies such as administrative coding data. We
found that simple models without admission diagnoses, dis-
ease codes, or medication use—variables for which the use and
classification are more likely to differ across settings—were
still able to perform robustly. We further incorporated meth-
ods for handling of outliers and approaches to handling of
missing observations other than imputing a normal value since
the latter weakens the reliability of risk-adjustment.’”
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Several important additional limitations need to be addressed.
Firstly, this study was developed in a single tertiary medical
center using data from a 6-year period and did not include a
separate validation sample; use of a random split-sample for
validation was judged not to provide sufficient new insights in
comparison with the internal validation strategy used.”’ As
described above, validation studies will be needed before
large-scale adoption. Nevertheless, the results of this study will
inform the design and data collection of such studies. The
Hosmer-Lemeshow statistics for our models suggested sig-
nificant miscalibration but this test is known to be unreliable with
large sample sizes and assessment of calibration plots showed
adequate calibration.”® Finally, examination of yearly observed-
to-expected ratios by unit type did not reveal any secular
decreases in model performance (online supplementary data).

We could perform only a very limited head-to-head com-
parison of our models with other, existing, methods (eg,
APACHE or Simplified Acute Physiology Score) since these
severity-of-disease estimators are not routinely collected in our
setting; their absence was the driving force behind the current
study. It has been argued that using 30-day mortality is more
reliable than in-hospital mortality for the purpose of outcome
comparison; however, data on in-hospital mortality is often
collected more consistently than 30-day mortality.”>** In this
study, model performance characteristics were similar for both.
Prior studies have identified several possible predictors that
could not be collected from our EHRs but that may be of pre-
dictive value in future studies, including (hospital) location prior
to ventilator onset, time to ICU admission, transfer status,
urgency of admission and/or surgery, and the presence of
do-not-resuscitate orders.!*'>?%* In addition, inclusion of ICU
type as a predictor requires assumptions to be made regarding
similarity of patient characteristics across ICU types in different
hospitals. Future validation studies will need to assess robustness
to differences in admission policies and define methods to
handle specialty ICUs. The use of more sophisticated modeling
strategies such as supervised machine learning have been sug-
gested in the recent literature as efficient methods of model
development, and focusing on using parameters that can be
collected reliably and efficiently would be of added value."

Valid comparison of patient outcomes and occurrence of
VAEs requires adequate methods of correction for severity
of underlying disease. This study demonstrates the feasibility of
estimating disease severity in ventilated patients using electronic
routine care data and provides insight into the balance between
complexity of data collection and model performance. The esti-
mates of underlying disease severity obtained from these models
show utility in future adjustment of VAE rates, although further
research is necessary to validate and refine the proposed models
and develop practical and robust methods of benchmarking.
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