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ARTICLE INFO ABSTRACT

Managing Editor: Jingling Bao/Zhiyu Wang Background: Manual data abstraction from electronic health records (EHRs) for research on intensive care pa-
tients is time-intensive and challenging, especially during high-pressure periods such as pandemics. Automated
data extraction is a potential alternative but may raise quality concerns. This study assessed the feasibility and

credibility of automated data extraction during the coronavirus disease 2019 (COVID-19) pandemic.
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Methods: We retrieved routinely collected data from the COVID-Predict Dutch Data Warehouse, a multicenter
database containing the following data on intensive care patients with COVID-19: demographic, medication,
laboratory results, and data from monitoring and life support devices. These data were sourced from EHRs using
automated data extraction. We used these data to determine indices of wasted ventilation and their prognostic
value and compared our findings to a previously published original study that relied on manual data abstraction
largely from the same hospitals.

Results: Using automatically extracted data, we replicated the original study. Among 1515 patients intubated for
over 2 days, Harris-Benedict (HB) estimates of dead space fraction increased over time and were higher in non-
survivors at each time point: at the start of ventilation (0.70+0.13 vs. 0.67+0.15, P <0.001), day 1 (0.74+0.10 vs.
0.71+0.11, P<0.001), day 2 (0.77+0.09 vs. 0.73+0.11, P<0.001), and day 3 (0.78+0.09 vs. 0.74+0.10, P<0.001).
Patients with HB dead space fraction above the median had an increased mortality rate of 13.5%, compared to
10.1% in those with values below the median (P<0.005). Ventilatory ratio showed similar trends, with mortality
increasing from 10.8% to 12.9% (P=0.040). Conversely, the end-tidal-to-arterial partial pressure of carbon dioxide
(PaCO,) ratio was inversely related to mortality, with a lower 28-day mortality in the higher than median group
(8.5% vs. 15.1%, P<0.001). After adjusting for base risk, impaired ventilation markers showed no significant
association with 28-day mortality.

Conclusion: Manual data abstraction from EHRs may be unnecessary for reliable research on intensive care
patients, highlighting the feasibility and credibility of automated data extraction as a trustworthy and scalable
solution to accelerate clinical insights, especially during future pandemics.

Introduction inconsistencies.[?%! It requires significant time commitment and

is not always feasible or practical, especially when the data

Manual data extraction of health records using case forms
continues to be recognized as a valid data collection method
for retrospective observational research.l') However, the pro-
cess typically requires extensive review of patient documenta-
tion by highly trained personnel to minimize inaccuracies and

of interest is granular and hospital systems are under pres-
sure, such as during the coronavirus disease 2019 (COVID-19)
pandemic.

The advent of electronic health records (EHRs) has enabled
the secondary use of routinely collected data for administrative
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and research purposes, potentially reducing the need for man-
ual abstraction. However, automated data extraction also comes
with challenges. Significant resources related to information
technology and medical expertise may be required to ensure ad-
equate data retrieval and transformation, especially if data from
multiple hospitals must be combined. In addition, concerns per-
sist regarding the quality and suitability of data from EHRs for
research, as these data may not have been recorded or curated
with the same care as research data. Therefore, it remains un-
clear if automated data extraction can replace manual data ex-
traction in this setting.

During the COVID-19 pandemic, large collaborative groups
of investigators in the Netherlands adopted both approaches
to study the disease course of patients with severe COVID-19,
resulting in acute respiratory distress syndrome (ARDS). The
PRactice of VENTilation in patients with COVID-19 (PRoVENT-
COVID) collaboration used manual data abstraction, while the
COVID-Predict collaboration used automated data collection.
Both cohorts included very similar, and sometimes the same, pa-
tients receiving comparable care, as they recruited from partly
overlapping hospitals within the same country and timeframe.
As such, this represents a unique opportunity to evaluate the
suitability of automated data collected for observational re-
search in intensive care.

The investigators of PROVENT-COVID previously reported on
the association of estimated ventilatory dead space with 28-
day mortality rates in COVID-19 patients. We set out to repli-
cate these results using automatically extracted EHR data from
COVID-Predict.!] In ARDS patients, microvascular changes are
the main determinants for increased dead space, which has
been consistently associated with poor outcomes.[>71 In COVID-
19-related ARDS, increased ventilatory dead space, linked to
widespread thrombosis in the pulmonary circulation, has also
been associated with increased mortality.[®1°] The PROVENT-
COVID paper demonstrated associations between dead space
and mortality but found that this association attenuated to null
after accounting for more conventional risk factors: a clinically
counterintuitive finding.

We hypothesized that successfully replicating the results of
the PROVENT-COVID—specifically, the absence of an associa-
tion between ventilatory dead space (V4/V,) and 28-day mor-
tality—using only automated data extraction from EHRs would
support the feasibility and credibility of this approach as a valid
and safe alternative to manual data abstraction for intensive
care research.

Methods
PRoOVENT-COVID data

PRoVENT-COVID was a multicenter observational study of
COVID-19 patients requiring invasive mechanical ventilation in
intensive care units (ICUs) in the Netherlands. Data were col-
lected from 24 ICUs, covering 1000 patients over 10 weeks.
The study collected comprehensive data on ventilation duration,
mortality, and clinical variables, including for patients trans-
ferred between hospitals. Data were transcribed from local elec-
tronic patient management systems into an anonymized elec-
tronic case report form, with access protected by personalized
login credentials. Collected data included baseline demograph-
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ics, ventilation parameters (mode, tidal volume, airway pres-
sures, and oxygen levels), hemodynamics (blood pressure, heart
rate), and daily outcomes (sequential organ failure assessment
[SOFA] scores, fluid balance, and use of prone positioning or
extracorporeal membrane oxygenation). These data were cap-
tured in real-time at specific intervals during the first 3 days
after ICU admission, with follow-up data collected on days 7,
28, and 90. The primary outcome focused on ventilatory man-
agement during the first 3 days of ICU admission, while sec-
ondary outcomes included various ventilation variables, organ
function, and the use of rescue therapies. Mortality rates, du-
ration of ICU/hospital stay, and ventilator-free days were also
recorded.['!]

COVID-Predict Dutch Data Warehouse

Data for the present study were extracted from the COVID-
Predict Dutch Data Warehouse (DDW), a multicenter EHR
database with full-admission data from critically ill COVID-19
patients from 25 hospitals. The data were passed through the
extract-transform load pipeline, and Structured Query Language
(SQL) queries were used to automatically extract data from
each major EHR system in the Netherlands. The final database
contains 200 million clinical data points from 3464 patients
from the first two waves of the COVID-19 pandemic in The
Netherlands.['?!

The extraction phase involved creating customized SQL
queries to retrieve data from several local EHR systems. These
queries were designed to automatically extract a wide range
of data, including patient demographics, clinical observations,
medications, and vital signs, ensuring consistency across hos-
pitals. To protect patient privacy, the extracted data were
pseudonymized at the source using Secure Hash Algorithm
(SHA-256) encryption before being transferred in comma-
separated value format with end-to-end encryption.

The transformation phase focused on harmonizing and stan-
dardizing the data. This involved mapping raw parameters from
the different EHR systems to a common concept vocabulary, re-
solving discrepancies in nomenclature, and ensuring unit stan-
dardization across all hospitals. The DDW team created a vocab-
ulary of 942 clinically relevant parameters, supplemented by in-
ternational standards like Logical Observation Identifiers Names
and Codes and Systematized Nomenclature of Medicine Clini-
cal Terms. Hospitals used different terminologies and formats
for the same clinical measurements, requiring manual mapping
and aggregation into higher-level concepts (e.g., aggregating
various temperature measurements into a single “temperature”
variable). In addition to basic transformations, the pipeline de-
rived additional clinical parameters, such as ventilatory ratios
(VRs) and respiratory system compliance, using predefined algo-
rithms. Complex clinical events like intubation were identified
through combinations of multiple data points.

After transformation, the data were loaded into the final
database. The structured data were organized into various ta-
bles, each corresponding to specific domains such as patient de-
mographics, clinical observations, medications, and outcomes.
Data enrichment was also performed during this phase, where
derived clinical concepts and scores like the SOFA and Acute
Physiology and Chronic Health Evaluation II were calculated
from the transformed data.
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Validation was a continuous process throughout the extract,
transform, and load pipeline. Data quality was assessed at multi-
ple points, including verifying the completeness of the extracted
data, ensuring that parameter mappings were correct, and com-
paring clinical scores to national benchmarks. Distribution plots
for each mapped parameter helped identify anomalies, and val-
idation checks were performed to ensure consistency and in-
tegrity across all hospitals. In cases of discrepancies, the data
were cross-referenced with the original hospital to clarify and
resolve issues.

For this study, data were extracted from processed admis-
sions of patients over 18 years old intubated for longer than
2 days with complete information on sex, age, comorbidities,
medication, and urine output. Only patients with one episode
of invasive ventilation were included. Supplementary Figure S1
shows the cohort extraction process. Demographic data and data
regarding comorbidities and medication were extracted at base-
line. Following the protocol of the replicated study,*! we ex-
tracted and analyzed ventilator settings and parameter means
for the first hour of invasive ventilation and, from continuous
data, the means for the first four calendar days.

Exposure variables

The Harris-Benedict (HB) dead space fraction was calculated
using the alveolar ventilation Eq. (1):

(0.863 x Vc02>

(€]
(RR x V, X PaCO,)

where RR is the respiratory rate (breaths per minute), V, is the
dead space volume in liters, V, is the tidal volume in liters,
PaCO, is the partial pressure of carbon dioxide in millimeter
of mercury, and VCO, is the CO, production in milliliter per
minute calculated from resting energy expenditure (REE) using
the rearranged Weir Eq. (2)[130:

REEy;
5.616

(32 +1.584)

RQ is the respiratory quotient, assumed to be 0.8, and REE,;

is the rest energy expenditure calculated by the unadjusted HB
estimate using Eq. (3)!'41:

VCO, = @)

Males : REE; = 66.473 4+ (13.752 x weight) 4+ (5.003 X height)
—(6.755 x age)

Females : REE; = 655.096 4+ (9.563 X weight)

+(1.850 x height) — (4.676 x age) 3)

Weight is the actual body weight in kilograms, height is in
centimeters, and age is in years.

Additional estimations of V,/V, included a direct estimation
and end-tidal-to-arterial PaCO, ratio. Direct estimation of dead
space fraction based on a prediction model derived using least
angle regression was calculated using Eq. (4)!'%):

Vv
7‘1 = 0.1726 + (0.0059 x RR) + 0.0054 x PEEP + (0.0293 x LIS)

t

+(0.0036 x PaCO, X Vi) + (0.000057 x PaCO, x age) (4)

where RR is the respiratory rate in breaths per minute, PEEP
is the positive end-expiratory pressure in centimeter of water,
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LIS is the Murray lung injury score (due to lack of chest X-ray
data in the database, calculated without the chest X-ray score),
PaCoO, is the partial pressure of carbon dioxide in millimeter of
mercury, and Vg, is the minute ventilation in liter per minute.[!°!

End-tidal-to-arterial PaCO, ratio was calculated using the
Eq. (5):
P CO,

5
PaCO, ©

VR was calculated using Eq. (6).['7!

VR =

VEmeasured X PaCOZmeasured

©

VEpredicled X PacoZpredicted

VR is the ventilatory ratio, Vg easured iS the measured minute
ventilation in milliliter per minute, PaCO,, e iS the mea-
sured PaCO, in millimeter of mercury, Vi gicea Was taken to
be 100 mL/(kg:min) extracted based on population nomograms
from anesthetic practice multiplied by predicted body weight
from ARDSnet predicted body weight (PBW) calculator.[!®]
PaCO, edicrea Was taken to be 35 mmHg. All exposure variables
used in the analysis were aggregated as the mean for each re-
spective day.

Outcomes

The primary outcome was death at 28 days, defined as the
mortality within 28 days after the start of invasive ventilation.

Statistical analysis

The normality of continuous variables was assessed using
the Shapiro-Wilk test. Continuous variables were summarized
as median (interquartile range) and compared using the Mann—
Whitney U test. Qualitative variables were summarized using
frequencies and percentages and compared using the y2 or
Fisher’s exact test (for frequencies <5).

Following the original study protocol, exposure variables
were presented using boxplots for survivors and non-survivors
over the first four calendar days. The direction of effect over
time of the variables was assessed with mixed-effect linear mod-
els with hospital center and patients as a random effect and 28-
day vital status (alive/dead), time (as a continuous variable),
and the interaction between 28-day mortality and time as a fixed
effect. All daily measurements of variables were aggregated as
mean per day. To compare variables across days, the variable for
each day was entered as a categorical variable in the model, and
the P-value for the daily differences was obtained by pairwise
comparisons with Bonferroni correction.

The risk of death for each tertile of lung-specific physiologi-
cal variables was used to evaluate whether the predictive ability
of each variable varied by levels of the variable. A simple strat-
ification of variables into two groups based on the median of
each variable was also assessed. The two groups were compared
using Kaplan—Meier curves and log-rank tests.

Univariable mixed-effect generalized linear models, assum-
ing a binomial distribution and with hospital center as a ran-
dom effect, were used to estimate the unadjusted effect of each
variable on 28-day mortality. A multivariable mixed-effect gen-
eralized linear model, also assuming a binomial distribution and
with hospital center as a random effect, was used to evaluate
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the association of each exposure described above with 28-day
mortality. The list of candidate confounders was the same as
the original publication, and baseline values used were age,
sex, body mass index, ratio of arterial oxygen partial pressure
(PaO, in mmHg) to fractional inspired oxygen (PaO,/FiO,),
plasma creatinine, hypertension, diabetes, use of angiotensin-
converting enzyme (ACE) inhibitors, use of angiotensin II re-
ceptor blockers (ARBs), use of vasopressor or inotropic drugs,
fluid balance, pH, mean arterial pressure, heart rate, respira-
tory system compliance, and positive end-expiratory pressure.
Multicollinearity was assessed using the variance inflation fac-
tors, and the discrimination and calibration of the final model
were assessed using c-statistic and Brier scores, respectively.

In addition to the odds ratio and its 95% confidence inter-
val, the discriminative accuracy of the lung-specific physiolog-
ical variables was measured using the area under the receiver
operating characteristics curve (AUC-ROC). The net reclassifi-
cation improvement and integrated discrimination index were
used to assess whether these variables improved predictive ac-
curacy beyond the base model described above.

Missing values for covariates were imputed using multivari-
ate imputation by chained equations (MICE). All analyses were
conducted using Python and its scikit-learn and SciPy packages.

Results
Study population

A total of 3203 patients from processed admissions were
screened. After excluding non-intubated patients, patients lack-
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ing age, sex, and complete baseline characteristics informa-
tion, patients intubated for <2 days, and those with multiple
episodes, the final cohort included 1515 patients: 1157 (76.4%)
survivors and 358 (23.6%) non-survivors (Supplementary Fig-
ure S1). Missing respiratory data ranged from 1.5% for tidal
volume to 17.7% for mechanical power and were imputed using
MICE imputation.

Table 1 shows the baseline characteristics of the study par-
ticipants. Non-survivors and survivors differed by age, sex, body
mass index, severity of ARDS, presence of diabetes and immuno-
suppression, use of ACE inhibitors, baseline creatinine, treat-
ment with continuous sedation, ionotropic or vasopressor sup-
port, and mean arterial pressure (all P<0.05).

Baseline ventilatory variables

Table 2 presents the baseline ventilatory variables. Sur-
vivors and non-survivors differed in baseline PaO,/FiO, values
(P=0.045) but not in baseline end-tidal carbon dioxide value
(EtCO2) (P=0.119).

Temporal changes in estimated ventilatory dead space

The calculated dead space values over the first four days of
ventilation are shown in Table 3 and Figure 1. Dead space frac-
tion calculated using the HB formula was consistently higher
in non-survivors and increased over time (all P<0.001). Direct
dead space fraction and VR did not differ between survivors and
non-survivors early during mechanical ventilation but increased
and diverged over time. The end-tidal-to-arterial PaCO, ratio

Table 1
Baseline characteristics of patients by 28-day mortality.
Variables Non-survivors (n=358) Survivors (n=1157) P-value
Age (years) 70 (64-75) 63 (56-71) < 0.001
Sex (male) 281 (78.5) 834 (72.1) 0.020
Body mass index (kg/m?) 28 (26-30) 29 (27-31) 0.001
Severity of ARDS 0.020
Mild 42 (11.7) 208 (18.0)
Moderate 243 (67.8) 735 (63.5)
Severe 73 (20.4) 214 (18.5)
Co-existing disorders
Hypertension 13 (3.6) 45 (3.9) 0.948
Heart failure 9(2.5) 16 (1.4) 0.227
Diabetes 106 (29.6) 264 (22.8) 0.010
Chronic kidney disease 22 (6.1) 41 (3.5) 0.053
Baseline creatinine (ymol/L) 91 (74-129) 80 (65-103) < 0.001
Liver cirrhosis 0 (0.0) 52 (0.9) 0.596
Chronic obstructive pulmonary disease 38 (10.6) 94 (8.1) 0.192
Active hematological neoplasia 12 (3.3) 20 (1.7) 0.105
Immunosuppression 43 (12.0) 91 (7.8) 0.025
Previous medication
Systemic steroids 196 (54.7) 600 (51.8) 0.370
Inhalation steroids 2(0.0) 20 (1.7) 0.172
ACE inhibitor 56 (15.6) 286 (24.7) < 0.001
ARB 8(0.2) 35 (3.0) 0.545
Vital signs
Heart rate (bpm) 87 (76-102) 90 (77-102) 0.485
Mean arterial pressure (mmHg) 83 (76-95) 87 (77-100) 0.005
Organ support
Continuous sedation 324 (90.5) 991 (85.6) 0.023
Ionotropic or vasopressor 344 (96.1) 1032 (89.2) < 0.001
Vasopressor 343 (95.8) 1031 (89.1) <0.001
Ionotropic 43 (12.0) 40 (3.5) < 0.001
Fluid balance (mL) 523 (76-806) 840 (77-428) 0.022
Urine output (mL) 1357 (819-3245) 1489 (905-3430) 0.047

Data are presented as median (interquartile range) or n (%).

ACE: Angiotensin-converting enzyme; ARBs: Angiotensin II receptor blockers; ARDS: Acute respiratory distress syndrome.
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Table 2

Respiratory variables at the start of ventilation by 28-day mortality.
Variables All patients (n=1515) Non-survivors (n=358) Survivors (n=1157) P-value
Tidal volume (mL/kg PBW) 6.4 (5.7-7.4) 6.4 (5.7-7.2) 6.4 (5.7-7.4) 0.253
PEEP (cmH,0) 12 (10-14) 12 (10-14) 12 (10-14) 0.185
Driving pressure (cmH,0) 13 (11-15) 13 (10-16) 13 (11-15) 0.721
Pa0,/FiO, 141 (109-176) 139 (106-162) 142 (110-183) 0.045
EtCO, (mmHg) 35 (30-41) 34 (30-41) 35 (30-41) 0.119
Mechanical power (J/min) 27 (19-37) 28 (19-39) 27 (18-37) 0.149
Compliance (mL/cmH,0) 36 (27-44) 34 (26-43) 36 (28-44) 0.087

Data are presented as median (interquartile range).
EtCO,: End-tidal carbon dioxide value; PaO,/FiO,: Ratio of arterial oxygen partial pressure (PaO, in mmHg) to fractional inspired oxygen; PBW: Predicted
body weight; PEEP: Positive end-expiratory pressure.

Table 3
Lung-specific physiological variables in the first four days of ventilation by 28-day mortality.

Variables All patients (n=1515) Non-survivors (n=358) Survivors (n=1157) P-value

Dead space fraction by HB
At start of ventilation 0.68 (0.60-0.74) 0.70 (0.64-0.77) 0.67 (0.59-0.74) < 0.001
Day 01 0.72 (0.66-0.77) 0.74 (0.69-0.78) 0.71 (0.65-0.76) < 0.001
Day 02 0.74 (0.68-0.79) 0.77 (0.71-0.80) 0.73 (0.67-0.78) < 0.001
Day 03 0.75 (0.70-0.79) 0.78 (0.73-0.81) 0.74 (0.68-0.79) < 0.001

P-value (interaction survival x day) 0.223

Dead space fraction direct
At start of ventilation 2.49 (2.10-2.96) 2.54 (2.10-3.11) 2.48 (2.09-2.93) 0.238
Day 01 2.60 (2.22-3.11) 2.70 (2.26-3.17) 2.58 (2.21-3.07) 0.121
Day 02 2.75 (2.29-3.32) 3.18 (2.45-3.67) 2.64 (2.23-3.17) < 0.001
Day 03 2.80 (2.34-3.40) 3.00 (2.42-3.76) 2.72 (2.30-3.34) 0.003

P-value (interaction survival x day) <0.001

VR
At start of ventilation 1.63 (1.29-2.09) 1.69 (1.30-2.14) 1.62 (1.23-2.05) 0.081
Day 01 1.80 (1.49-2.19) 1.92 (1.62-2.32) 1.76 (1.45-2.15) < 0.001
Day 02 1.92 (1.59-2.35) 2.06 (1.73-2.54) 1.87 (1.55-2.28) < 0.001
Day 03 2.00 (1.69-2.41) 2.18 (1.82-2.62) 1.96 (1.65-2.32) < 0.001

P-value (interaction survival x day) <0.001

End-tidal to-arterial PaCO, ratio
At start of ventilation 0.81 (0.69-0.93) 0.76 (0.65-0.88) 0.83 (0.70-0.94) < 0.001
Day 01 0.80 (0.70-0.89) 0.77 (0.67-0.85) 0.82 (0.72-0.90) < 0.001
Day 02 0.79 (0.68-0.88) 0.73 (0.65-0.82) 0.80 (0.70-0.89) < 0.001
Day 03 0.78 (0.68-0.86) 0.73 (0.65-0.82) 0.79 (0.70-0.88) < 0.001

P-value (interaction survival x day) 0.143

Data are presented as median (interquartile range)
HB: Harris-Benedict; PaCO,: Partial pressure of carbon dioxide; VR: Ventilatory ratio.
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Figure 1. Lung-specific physiological variables over the first four days of ventilation, stratified by survival outcome. Dead space fraction calculated using (A)
Harris-Benedict formula, (B) direct dead space fraction, (C) Ventilatory ratio and (D) end-tidal-to-arterial PaCO, ratio.
PaCO,: Partial pressure of carbon dioxide.
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showed similar trends to dead space fraction, with lower values
in non-survivors and further decreases over time (all P<0.001).

Impact of ventilatory variables on 28-day mortality

Mortalities by tertiles of each variable are presented in
Figure 2 and Table 4. Tertiles were calculated separately for
each variable and each day to account for potential differences
in scaling and measurements. Mortality increased with succes-
sive tertiles of dead space fraction based on the HB formula
and of VR and decreased with successive tertiles of end-tidal-to-
arterial PaCO, ratio. When considering lung-specific variables
measured at the start of ventilation, and groups created ac-
cording to the median of the variables at start of ventilation,
28-day mortality was higher in patients in the high group of
dead space fraction estimated using HB estimation (10.1% vs.
13.5%, P<0.005), but did not differ by direct dead space fraction
(13.5% vs. 10.0%, P=0.550). The log-rank test showed a slight
difference in survival VR (10.8% vs. 12.9%, P=0.040). Assess-
ment of end-tidal-to-arterial PaCO,, ratio showed lower 28-day
mortality (8.5% vs. 15.1%, P<0.001). The results are presented
in Figure 3.

The unadjusted impact of each marker of impaired ventila-
tion is shown in Supplementary Table S1. None of the lung-
specific baseline variables were associated with 28-day mortal-
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ity. In the univariate model, the following variables were asso-
ciated with 28-day mortality: direct dead fraction, VR and end-
tidal-to-arterial PaCO,, age, use of ACE inhibitors and ARBs, ini-
tial pH, and fluid balance on day 1.

After adjustment for the base risk model, none of the markers
of impaired ventilation measured at the start of ventilation or
the following day was significantly associated with 28-day mor-
tality (Table 5). The inclusion of these variables did not improve
the AUC-ROC compared to the base model (Figure 4).

Discussion

This study demonstrated that findings on the association be-
tween ventilatory dead space and mortality in COVID-19-related
ARDS obtained using manual data abstraction can be replicated
using automatically extracted data. Consistent with the original
paper, our results confirm that estimates of dead space fraction
increased over time and were higher in non-survivors than sur-
vivors. We also confirmed the absence of a significant associa-
tion between V,/V, and 28-day mortality after controlling for
potential confounding factors.

We chose the original study as our target for replication be-
cause the lack of an independent association between estimated
ventilatory dead space and mortality was unexpected. Since
these findings are clinically counterintuitive, any flaws in the

15  Dead space fraction (Harris-Benedict) B 1% Dead space fraction (Direct)
mm Tertile 1
0.8 0.8 m Tertile 2
> > mm Tertile 3
= £
£ 06 £ 06
o o
€ €
= z
5 0.4 & 0.4
) @©
o~ o~
0.2 A 0.2
0.0~ 0.0
Start of ventilation Day 01 Day 02 Day 03 Start of ventilation Day 01 Day 02 Day 03
C 10 Ventilatory ratio D 10 End tidal to arterial PaCO; ratio
0.8 1 0.8 1
Z z
© ©
£ 0.6 £ 0.6
=} o
€ €
% 0.4 7 0.4
3 0. S 0
© 0
o~ o~
0.2 1 0.2 1
" Start of ventilation Day 01 Day 02 Day 03 " Start of ventilation Day 01 Day 02 Day 03

Figure 2. 28-Day mortality according to tertiles of lung-specific physiological variables over the first four days of ventilation. Dead space fraction calculated using
(A) Harris-Benedict formula, (B) direct dead space fraction, (C) ventilatory ratio and (D) end-tidal-to-arterial PaCO, ratio.

PaCO,: Partial pressure of carbon dioxide.

Table 4
Tertile cut-off values for ventilatory dead space according to 28-day mortality.

Time Dead space fraction (HB) tertiles

Dead space fraction (direct) tertiles

VR tertiles End-tidal-to-arterial PaCO, ratio tertiles

Start of ventilation
Day 1
Day 2
Day 3

< 0.63, 0.63-0.72, > 0.72
< 0.68, 0.68-0.75, > 0.75
< 0.70, 0.70-0.77, > 0.77
< 0.71, 0.71-0.78, > 0.78

< 2.22,2.22-2.76, > 2.76
< 2.35, 2.35-2.90, > 2.90
< 2.45, 2.45-3.10, > 3.10
< 2.49,2.49-3.18, > 3.18

< 1.40,1.40-1.88, > 1.88
< 1.60, 1.60-2.05, > 2.05
< 1.71, 1.71-2.15, > 2.15
< 1.80, 1.80-2.25, > 2.25

< 0.73, 0.73-0.88, > 0.88
< 0.74, 0.74-0.85, > 0.85
<0.72,0.72-0.83, > 0.83
<0.71, 0.71-0.83, > 0.83

HB: Harris-Benedict; PaCO,: Partial pressure of carbon dioxide; VR: Ventilatory ratio.
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Figure 3. 28-day mortality according to lung-specific variables measures at the start of ventilation. Groups were created according to the median of the variables at
start of ventilation; P values are from log-rank test. Dead space fraction calculated using (A) Harris-Benedict formula, (B) direct dead space fraction, (C) Ventilatory
ratio and (D) end-tidal-to-arterial PaCO, ratio.

PaCO,: Partial pressure of carbon dioxide.

Table 5
Predictive accuracy of lung-specific physiological variables.
Variables OR (95% CD* P-value AUC (95% CI) Brier score  NRI (95% CI) P-value IDI (95% CI) P-value
Base model / / 0.795 (0.724 to 0.863) / / / / /
At start of ventilation
+Dead space fraction by HB  0.95 (0.89 to 1.02) 0.157 0.802 (0.729 to 0.863) 0.166 0.010 (-0.065 to 0.081) 0.487 0.007 (-0.132 to 0.144) 0.470
+Direct dead space 1.01 (0.92to 1.11) 0.787 0.800 (0.731 to 0.865) 0.166 0.011 (-0.065 to 0.086) 0.473 —0.002 (-0.128 to 0.124)  0.467
+VR 1.16 (0.94 to 1.44) 0.167 0.810 (0.732 to 0.874) 0.164 0.011 (-0.065 to 0.919) 0.463 0.001 (—0.131 to 0.134) 0.451
+End-tidal-to-arterial PaCO, 1.01 (0.94 to 1.09) 0.738 0.810 (0.741 to 0.873) 0.164 0.005 (-0.070 to 0.081) 0.485 0.000 (—0.131 to 0.122) 0.500
Day 01
+Dead space fraction by HB  1.01 (0.94 to 1.08) 0.731 0.739 (0.730 to 0.860) 0.168 0.010 (-0.070 to 0.092) 0.449 —0.001 (-0.130 to 0.134) 0.493
+Direct dead space 1.07 (0.99 to 1.17)  0.096 0.801 (0.730 to 0.870) 0.165 0.005 (-0.070 to 0.081) 0.467 0.008 (—0.123 to 0.125) 0.474
+VR 1.10 (0.95t0 1.29) 0.182 0.801 (0.725 to 0.862) 0.164 NA NA —0.000 (-0.118 to 0.135) 0.503
+End-tidal-to-arterial PaCO, 0.94 (0.87 to 1.02) 0.126 0.813 (0.743 to 0.876) 0.161 0.010 (-0.065 to 0.097) 0.475 0.012 (-0.132 to 0.134) 0.444

AUC: Area under the curve; CI: Confidence interval; HB: Harris—Benedict; IDI: Integrated discrimination index; NA: Not applicable; NRI: Net reclassification index;
OR: Odds ratio; PaCO,: Partial pressure of carbon dioxide; VR: Ventilatory ratio.

* Represents the OR for the lung-specific physiological variables in the multivariable model.All models are mixed-effect models with centers as random effect and
considering a binominal distribution.All continuous variables were entered after standardization to improve the convergence of the model, and OR represents the
increase in one standard deviation of the variable.
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Figure 4. ROC curve of the base model and with the inclusion of lung-specific physiological variables at (A) start of ventilation and (B) first day of mechanical
ventilation.
PaCO,: Partial pressure of carbon dioxide; ROC: Receiver operating characteristics.
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study design or errors during manual data abstraction would
yield different results upon replication with automated data ex-
traction. However, as our results align with the original study,
this supports the feasibility and credibility of automated data
extraction for intensive care research.

ICUs are among the most data-rich environments in health-
care chiefly because devices for monitoring and life support gen-
erate tens of thousands of discrete data points per patient per
day.!'®) It is therefore unsurprising that, in recent years, au-
tomatically extracted data has significantly contributed to ad-
vancing knowledge and clinical decision-making in intensive
care medicine.!?%:2!] However, the reliability of automatically
extracted data compared to data manually abstracted by trained
clinicians has been studied only sporadically, and the prevail-
ing view remains that manually abstracted data are superior in
quality and accuracy.

Conversely, previous studies suggest that typing errors, men-
tal lapses, subjectivity, distractions, and fatigue can lead to inac-
curacies in manual data abstraction.[??-24] In addition, manual
data abstraction is resources-intensive, typically limiting it to a
small subset of available data elements. This constraint implies
that key features for model development may be underutilized
or wasted, especially when high-frequency data are considered.
For instance, in the original study, ventilator settings and param-
eters were collected 1 h after initiating invasive ventilation and
subsequently every 8 h, resulting in a model built from three
daily data aggregations. In contrast, automated data collec-
tion allowed us to aggregate our predictive variables from over
500,000 data points without being constrained by practical time
points.

It should be noted that our approach also comes with limita-
tions. First, while the patient cohorts in the original study and
our study were overlapping, they were not identical. In addi-
tion, automated data extraction involves significant technical,
legal, and privacy challenges requiring extensive resources and
associated costs, especially when data are sourced from multiple
ICUs using different EHRs. This process requires complete data
extract, transform, and load pipelines and strict procedures on
which parameters to extract with what granularity, managing
irregularly recorded data elements, missing data, and outliers.
Multiple factors affecting data quality due to data transform
pipeline issues have been described, including data characteris-
tics and management issues, personnel training and experience,
infrastructure availability, data complexity, cleaning practices,
and code quality.[*>] However, once such data infrastructure has
been established, reusing routinely collected data at scale is eas-
ier, saving time, resources, and costs associated with repeated
manual data abstraction. This is particularly relevant for accel-
erating clinical insights in intensive care medicine within the
context of pandemic preparedness.

Conclusions

The concordance of our results with those of the original
study adds credibility to the notion that automatically extracted
data from EHRs can serve as a high-quality, reliable, and faster
resource, circumventing the need for manual data collection and
curation. This approach saves time and resources, ultimately im-
proving care and outcomes for critically ill patients.
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