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ABSTRACT

Background: Invasive Mechanical Ventilation (IMV) in Intensive Care Units (ICU) significantly increases the risk
of Ventilator-Induced Lung Injury (VILI), necessitating careful management of mechanical power (MP). This
study aims to develop a real-time predictive model of MP utilizing Artificial Intelligence to mitigate VILIL.
Methodology: A retrospective observational study was conducted, extracting patient data from Clinical Infor-
mation Systems from 2018 to 2022. Patients over 18 years old with more than 6 h of IMV were selected.
Continuous data on IMV variables, laboratory data, monitoring, procedures, demographic data, type of admis-
sion, reason for admission, and APACHE II at admission were extracted. The variables with the highest corre-
lation to MP were used for prediction and IMV data was grouped in 15-minute intervals using the mean. A mixed
neural network model was developed to forecast MP 15 min in advance, using IMV data from 6 h before the
prediction and current patient status. The model’s ability to predict future MP was analyzed and compared to a
baseline model predicting the future value of MP as equal to the current value.

Results: The cohort consisted of 1967 patients after applying inclusion criteria, with a median age of 63 years and
66.9 % male. The deep learning model achieved a mean squared error of 2.79 in the test set, indicating a 20 %
improvement over the baseline model. It demonstrated high accuracy (94 %) in predicting whether MP would
exceed a critical threshold of 18 J/min, which correlates with increased mortality. The integration of this model
into a web platform allows clinicians real-time access to MP predictions, facilitating timely adjustments to
ventilation settings.

Conclusions: The study successfully developed and integrated in clinical practice a predictive model for MP. This
model will assist clinicians allowing for the adjustment of ventilatory parameters before lung damage occurs.

1. Introduction

Since Gattinoni et al. postulated MP as a parameter to monitor in
IMV [7], advocating that it combines all components that have been

IMV has saved many lives since its inception. However, it is not
without adverse events, such as VILI[1].

VILI has been extensively studied over the years. It began with
barotrauma [2] aused by elevated airway pressures, followed by volu-
traumal3,4] caused by excessive Vt, and atelectrauma [5,6] caused by
the continuous opening and closing of the alveoli. In 2016, Gattinoni
et al.[7] introduced the term ergotrauma [8] as the lung damage caused
by the amount of energy applied to the lung per unit of time (J/min),
termed mechanical power.

demonstrated to produce VILI (plateau pressure[9,10], driving pressure
[11], PEEP[12], TV [3,4], respiratory rate [13], and flow[14,15]), many
studies have been conducted to analyze its relationship with outcomes in
ventilated critical patients. Most of these studies have found that higher
MPs are associated with more lung damage, higher mortality, more days
on IMV, and longer ICU stays [16-24].

In recent years, Al and predictive models in medicine have gained
momentum, primarily due to the large databases generated from
continuous monitoring and extraction of such data from CIS [25,26].
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Most of these models in ICUs have been created with the intention of
predicting mortality [27-29] or days on IMV [30], with most of these
models having an acceptable AUC-ROC.

In this context, it would be interesting to develop a predictive model
of MP that could alert the clinician that their patient is going to exceed
safe MP limits, so they could modify ventilator parameters to prevent
VILL

2. Objective

To create and validate a real-time predictive model of MP through
CIS and implement the predictive model on a web platform for use by
clinicians.

3. Materials and methods

A retrospective observational study was conducted in a 28-bed
multidisciplinary ICU of a tertiary university hospital from January
2018 to May 2022. Patients over 18 years old who were admitted to the
ICU and received invasive mechanical ventilation (IMV) for more than 6
h at any time during their stay were included in the study.

3.1. Outcome

The variable to be predicted is the MP 15 min in advance. For its
prediction, IMV data from the previous 6 h as well as variables
describing the patient’s critical state at that time were used.

MP was calculated using the following formula [7]:

MP = 0.098 x RR x Vt x (Ppeak — (DP/2)

where MP = Mechanical Power, RR = Respiratory Rate, Vt = Tidal
Volume, DP = Driving Pressure, defined as Plateau Pressure — PEEP, and
Ppeak = Peak Pressure.

3.2. Data extraction and collection

The CIS data used are stored in the hospital’s Data Warehouse. To
extract the relevant variables, an Extraction, Transformation, and
Loading process was implemented in SQL via Python [25,31].

Static data was extracted for all patients, including their entry and
exit times, demographic data, the type of admission (urgent or elective),
the reason for admission according to the criteria established by SEMI-
CYUC (Spanish Society of Intensive Medicine and Coronary Units) [31]
and the APACHE II [32] score. This static data was collected by the
clinicians during the patient stay and directly inserted at the SIC as
electronic health records.

Finally, variables related to IMV, laboratory data, monitoring data,
and procedural data were continuously extracted at the ICU only for
those patients with IMV. For each variable we extracted the numerical
values and the time this value was reported. IMV and monitoring data
were continuously collected through clinical devices at bedside and sent
straight to the SIC. The IMV variables needed to calculate the MP were
automatically transferred from the ventilator to the CIS every two mi-
nutes. The respirator transferred the RR, TV, PEEP, peak pressure, and
plateau pressure directly; DPs were calculated by subtracting the PEEP
from the Plateau Pressure. MP were only calculated when all the com-
ponents of the formula where available. Plateau Pressure values were
obtained only when patients were in controlled modes and the per-
centage of inspiratory pause was > o = 10 % of the respiratory cycle.
These variables had a granularity ranging from 2 to 15 min. Laboratory
data was collected via laboratory information system once a day for
patients that need it. Procedural data was reported by clinicians into the
SIC as electronic health records whenever a procedure was realized in a
patient.
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3.3. Data Transformation

To facilitate better handling of continuous data, we created 15-min-
ute time windows from patient admission to discharge. For each
continuous variable, the average for each 15-minute window was
calculated. For each MP prediction, data from the last 6 h of ventilation
were used, equivalent to the 24 preceding time windows. Only time
windows in which the patient had remained the previous 6 h under
controlled mechanical ventilation with MP values recorded during that
entire time and had a MP value to predict in the next 15 min were
included.

We then selected variables for MP prediction using a Pearson cor-
relation test. Variables with higher correlation were assigned to a group
of temporal variables, which were used temporally in the model, pri-
marily composed of IMV variables. Other variables with correlation
were assigned to a group that would only contribute their last value to
the model, defining the critical state of the patient. Details of selected
variables and their correlations are available in Appendix A.

Subsequently, we eliminated outlier values for the variables in the
temporal group used for MP calculation, and missing data were
completed. The outlier values were defined clinically, and the specifics
of the extreme values defined, and the missing data filling are stated in
the Appendix B. We did not search for outlier values in the group of
variables defining the critical state of the patient.

Additionally, temporal variables were derived with the aim of
enriching the information provided to the data model. These derived
variables are only related to variables in the IMV variables group and are
focused on capture the context of the actual values and the interactions
between IMV variables. The definition and selection of the two groups of
new derived variables that aim to capture context and interactions of the
MV variables is explained in Appendix C.

All data processing was carried out using the Pandas, scikit-learn,
scipy, and numpy libraries in Python.

3.4. Division into Training/Test sets

Patients were divided into two sets: training 80 % and validation 20
%. All temporal windows of a patient were assigned to the same set to
prevent information leakage.

Standardization of all variables was performed after the division into
sets to prevent possible data leakage from the test set to the train set.

3.5. Model development

The model developed for MP prediction is a mixed neural network
model combining LSTM layers and artificial layers. The LSTM layers
receive as input 54 temporal variables over 24 time windows, while the
artificial layers receive the patient’s critical state at the time of
prediction.

Subsequently, both parts of the model are concatenated for final
processing and to generate an MP prediction for the next 15 min. The
model representation the specifics of training can be found in Appendix
D.

To evaluate the results, we analyze the model’s capacity to numer-
ically predict MP. Besides this, an MP threshold is established to cate-
gorize predictions as “good- future MP” or “bad-future MP”. The model’s
usefulness in both categories and its ability to predict changes between
them is examined.

To have a reference point to evaluate the model’s performance, it is
compared with a baseline model that always predicts that the future MP
value will be the same as the current value.

3.6. Implementation of the predictive model in clinical practice

For the real-time integration of the developed model, a web platform
for IMV was created, allowing real-time data visualization of patients in
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the ICU. The entire process of data extraction, processing, window se-
lection and MP prediction were integrated into a single pipeline with
Django and Python. The platform enables clinicians to visualize the state
of IMV graphically in the ICU, including MP forecasts.

Clinicians can access the web platform through a web server located
in the hospital, and the entire web platform is containerized in Docker
with a Nginx intermediate layer to protect against potential unautho-
rized access attempts.

4. Results
4.1. Description of the cohort

A total of 4079 patients were admitted during the study period. After
applying the inclusion criteria, the cohort was reduced to 1967 patients.
Of the 1967 patients who had at least one MV window, the median age
was 63 years [range 51-71], and 66.9 % were male. The mortality rate
was 30 %, and the median MP was 16 J/min. Nominal characteristics of
the cohort are presented in Table 1. Description of continuous data used
in our model is at Table 2.

In total, 2,969,873 15-minute windows were recorded, of which
1,203,459 were used to train the model as they corresponded to
controlled modalities.

4.2. Baseline model

Initially, a baseline model was developed to compare the results of
our Deep Learning model. This model has a Mean Squared Error (MSE)
of 3.47, a Root MSE (RMSE) of 1.86 and a Mean Absolute Error (MAE) of
0.93. Different predictions of the baseline model over a 6-hour period
can be observed in Fig. 1.

Furthermore, to evaluate how the model behaves in the face of large
changes in MP, the mean squared error was analyzed in all those IMV
windows where the change in 15 min exceeded 2 MP points. A MSE of
24.59 was obtained in these predictions, along with a RMSE of 4.96 and
a MAE o 4.10. This indicates that predicting the current value as the next
MP value is erroneous because significant errors are made when the MP
experiences significant changes.

4.3. Deep learning model

The trained Deep Learning model presents a MSE of 2.79 in the test

Table 1

Nominal characteristics of the population.
Variable Categories Missings Values
n 1967
Gender, n (%) F 0 652 (33.1)
Gender, n (%) M 1315 (66.9)
ICU Discharge, n (%) Domicile 0 10 (0.5)
ICU Discharge, n (%) Exitus 600 (30.5)
ICU Discharge, n (%) OH 119 (6.0)
ICU Discharge, n (%) Ward 1238 (62.9)
Source of admission, n (%) 0 0 4(0.2)
Source of admission, n (%) ER 0 705 (35.8)
Source of admission, n (%) OH 0 328 (16.7)
Source of admission, n (%) OR 0 442 (22.5)
Source of admission, n (%) Ward 0 488 (24.8)
Admission type, n (%) Medical 0 1303 (66.2)
Admission type, n (%) Surgical elective 0 76 (3.9)
Admission type, n (%) Surgical urgency 0 588 (29.9)
Reason for admission, n (%) Neurologic 0 363 (18.5)
Reason for admission, n (%) Respiratory 0 519 (26.4)
Reason for admission, n (%) Other 0 1085 (55.1)
CRRT n (%) No 0 1642 (83.5)
CRRT n (%) Yes 0 325 (16.5)

ICU = Intensive Care Unit, ER = Emergency Room, OH = Other Hospital, OR =
Operating Room.
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Table 2

Continuous characteristics of the population.
Variable Missings Values
n 1967
Ventilation days, median [Q1,Q3] 0 8.8 [3.6,19.8]
Age, median [Q1,Q3] 0 63.0 [51.0,71.0]
Real RR (rpm), median [Q1,Q3] 68 (3.5 %) 18.1 [16.8,20.7]
Set RR (rpm), median [Q1,Q3] 55 (2.8 %) 16.0 [15.0,18.1]
FiO2 (%), median [Q1,Q3] 9 (0.5 %) 35.0 [30.0,41.3]

FlowSet (L/min), median [Q1,Q3] 371(18.86 %)  60.0 [53.0,62.0]

Set TV (L), median [Q1,Q3] 182 (9.3 %) 0.5 [0.5,0.5]
Real TV (L), median [Q1,Q3] 168 (8.5 %) 0.5 [0.5,0.6]
PEEP (cmH20), median [Q1,Q3] 72 (3.7 %) 6.0 [5.0,8.0]
Peak Pressure (cmH20), median [Q1,Q3] 85 (4.3 %) 23.9 [21.0,27.0]

Plateau Pressure (cmH20), median [Q1,
Q3]

Sp0O2 (%), median [Q1,Q3]

Driving Pressure (cmH20), median [Q1,

272 (13.8 %) 19.1 [16.0,23.0]

3(0.2 %)
283 (14.4 %)

97.6 [96.6,98.7]
12.6 [10.0,15.0]

Q3]
Mechanical Power (J/min), median [Q1, 291 (14.8 %) 16.2 [13.3,19.7]
Q3]
Pa02/Fi02, median [Q1,Q3] 96 (4.8 %) 244.0
[178.1,344.3]
Sp0O2/Fi02, median [Q1,Q3] 12 (0.6 %) 281.0

[235.1,330.0]
Weight (Kg), median [Q1,Q3] 0 75.0 [70.0,89.8]
Height (cm), median [Q1,Q3] 1(0.1 %) 170.0

[165.0,175.0]

PBW (Kg), median [Q1,Q3] 1 (0.1 %) 66.0 [57.0,70.6]
Blood pH, median [Q1,Q3] 74 (3.8 %) 7.4 [7.4,7.4]
Blood PaCO2 (mmHg), median [Q1,Q3] 74 (3.8 %) 41.1 [37.6,45.1]
Blood HCO3(mmol/1), median [Q1,Q3] 562 (28.6 %) 26.7 [23.9,29.3]
RASS, median [Q1,Q3] 27 (1.4 %) -3 [-2,-4]
APACHE II score, median [Q1,Q3] 45 (2.3 %) 16.0 [12.0,21.0]

RR = Respiration rate, TV = Tidal Volume, APACHE = Acute Physiology and
Chronic Health Evaluation,

set, a RMSE of 1.66 and a MAE of 0.88, representing a 20 % improve-
ment in MSE compared to the baseline model for all MP predictions.
Additionally, for moments when there is a change of more than 2 points
in MP, the MSE is 18.18, the RMSE is 4.26 and the MAE is 3.48. These
results demonstrate that our model can predict MP more accurately in
15 min than the baseline model, especially in moments of significant
changes.

Different moments where the prediction of our model is superior to
the baseline model value can be reviewed in Fig. 2.

To establish the MP cutoff point that will differentiate higher-risk
situations, the relationship between MP and mortality was analyzed.
Fig. 3 shows that we see an increase over 25 % mortality rate at 18 J/min
of MP, defining the cutoff point.

When evaluating the results around the 18 J/min MP threshold, it is
observed that the model is accurate 94.44 % of the time in predicting
whether the MP will be higher or lower than 18 J/min, with an average
sensitivity of 95.44 % and an average specificity of 93.94 %. The sta-
bility of the success rate regardless of whether the previous MP is above
or below 18 can be appreciated in Fig. 4.A.

Furthermore, when evaluating only the MV moments in which a
patient changes from < 18 J/min to >= 18 J/min or vice versa, a 16.94
% accuracy was obtained compared to 0 % of the baseline model. An
average sensitivity of 19.33 % and an average specificity of 15.25 %
were obtained. Our model is significantly better at predicting when a
patient will change MP category. Fig. 4.B shows this more detailed
evaluation.

4.4. Real-Time integration of the model

After developing the model and completing the real-time data
pipeline integration on the web platform, clinicians have access to the
real-time use of the model. In the web platform interface, a label has
been added that displays the patient’s current MP value as well as the
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Fig. 1. Baseline predictive model. These plots represent the monitored Mechanical Power (MP) over time alongside the baseline prediction for MP’s future values
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Fig. 2. Comparative between the predictions of our model against the baseline model. These plots illustrate the evolution of Mechanical Power (MP) in different
patients and the forecasts of the baseline model and our Artificial Intelligence (AI) model. The blue line shows the observed MP up to the actual time of the prediction.
Red dots are the MP predictions of the baseline model, yellow dots the MP predictions of our Al model and green circles are the real values in 15 min. This
comparative visualization highlights the predictive performance of our model in relation to the baseline model.
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Fig. 5. Web platform developed. Visualization of the web platform interface developed for real-time monitoring and prediction of mechanical power (MP). Displayed
are two patient monitoring boxes, BOX08 and BOX09, showing current tidal volume (VT), maximum VT, driving pressure (DP), current MP, and predicted MP. Alerts
are indicated by red lights to signify when predicted values exceed threshold levels, and a "CV’ icon is present to indicate controlled ventilation status.

MP prediction for the next 15 min. It also indicates whether the MP is
increasing or decreasing and uses colors to generate alarms when the MP
exceeds the 18 J/min threshold. Fig. 5.

5. Discussion

The results obtained in this study represent a significant advance-
ment in the application of Al in the management of IMV. Our deep
learning model achieved a 20 % improvement in MSE (2.74) in pre-
dicting MP, demonstrated a 94 % accuracy in predicting whether MP
would exceed the threshold of 18 J/min or not, and exhibited notable
achievements in moments of critical changes in MP (16.94 % accuracy),
a scenario where even minor improvements in prediction accuracy can
have a significant impact on patient outcomes.

Al models have been widely used in the last 5 years with the aim of
improving adherence to clinical practice guidelines in IMV [33] and
predict clinical aspects related to the context of IMV [34]. To date, no
model has been developed that predicts the future MP a patient will
have. To establish some context the closest to our model was the one
created by Hagan et al. in 2020, which predicted future Vt with a 10 %
accuracy rate [35], or the model by Ghazal et al. that predicted SpO2
five minutes after making a change in the ventilator[36] this last one
with an AUC between 0.54 and 0.72.

Besides our model’s good prediction rate, the appeal of the model
proposed in this work lies in its clinical applicability as it will allow the
physician to have more personalized information when deciding
whether to make changes in IMV parameters. Predicting MP in a 15-min-
ute window with a 2.74 mean squared error is not just a theoretical
achievement but represents a paradigm shift in patient care.

Regarding on how to apply our model to the clinical practice, the real
impact of Al models based on large databases has been debated.
Adequate implementation in clinical practice and rigorous prospective
evaluation are needed[37]. We consider that the main difficulties in
deploying our model in the real world are related to the dynamic nature
of ICU environments. The ICU is characterized by rapid shifts in patient
conditions, which, coupled with potential issues from computing de-
vices, significantly complicates obtaining valid and reliable data.
Computing errors, system downtimes, and data transmission failures can
lead to incomplete or inaccurate data, which are critical challenges that
must be addressed to ensure the effectiveness of real-time predictive
modeling. In our study, we have applied the same data processing used
for developing the model in our real-world implementation and have
seen that it works with reliability.

Besides that, our group has focused on ensuring quality data in CIS
for secondary use in clinical management and for the development of AlI-
based models [25]. This complete access to quality patient data, both
recorded by professionals and coming from bedside devices and labo-
ratory data, marks the difference between being able to deploy the
model to real-world or not. Finally, we also propose a methodology that
includes displaying the model’s prediction to the clinician in an ergo-
nomic way at the bedside and in real time. This methodology has already
been published by our research group and has shown improved orga-
nization and distribution of resources in ICUs [38]. Even so, continuous
evaluation and model recalibration, based on incoming real-world data,
are essential steps to ensure sustained accuracy and reliability.

Our study has some limitations that should be highlighted. Firstly, in
this study, we established a cutoff point of MP > 18 J/min as it is the
point at which more than 25 % of our population dies. This cutoff point
correlates with the literature [19,23]. However, in recent years, there
has been advocacy for a value of normalized MP by predicted ideal
weight (PI) [20] or the size of the healthy aerated lung (baby lung
concept) [39,40] which may lead to changing or individualizing this
cutoff point in the coming years.

In second place, we did not differentiate between patients ventilated
in volume control and pressure control modes, although in recent years a
different MP formula has been proposed for patients with Pressure
Control [41,42]. Perhaps if we had applied this formula to Pressure
Control patients, the mean squared error would have improved.

As our last limitation, this model has been created and tested using
data from a single Spanish ICU, making it currently not extrapolable to
other populations. We believe that our model should not be thought as a
ready-to.use product in other cohorts or locations. We think of our
model as a technological process that can be adapted to other cohorts
with mandatory adaptations like studying the available data, finding the
similarities and differences between data, adapt the used variables to the
new population of patients and a retrain of the model with new data that
benefits from our previous training of the data. Future studies should be
conducted to test this model in other populations and to learn from
them, improving its metrics, and finding new potential limitations.

Despite the limitations mentioned, it is worth highlighting that this is
an interdisciplinary work between clinicians experts in mechanical
ventilation and data scientists. We have developed a predictive model to
forecast MP and have implemented real-time visual alerts that provides
doctors with valuable data-driven decision-making information,
enabling early interventions in case of significant changes in MP. This
advance represents a significant step towards optimizing the manage-
ment of IMV and highlights the value of combining AI with clinical
judgment in ICU patient care management. Until now, no one had
created a predictive model of these characteristics.

These results are not only predictive but also open the door to new
ways of monitoring and managing IMV in critically ill patients,
enhancing data-driven medical care. Future studies will be necessary to
test this model in other populations and its real utility in daily clinical
practice.

6. Conclusions

The present study will assist clinicians in predicting an increase in
MP and advancing in the necessary actions to prevent it. Prospective
studies following its implementation in clinical practice through the
proposed methodology will allow us to evaluate its true impact on the
evolution of critically ill patients undergoing IMV.
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Summary table.

What was already known on the topic:

Invasive Mechanical Ventilation in ICUs can significantly increase
the risk of developing Ventilator-Induced Lung Injury.
Mechanical power has been identified as a critical parameter related
to Ventilator-Induced Lung Injury and high values of mechanical
power are associated with lung damage and mortality.

What this study added to our knowledge:

It is possible to forecast mechanical power 15 minutes in advance
with the use of Artificial Intelligence, improving a baseline model.
Clinicians can use this model integrated into a web platform,
enabling real-time predictions of mechanical power and adjustments
to ventilation settings to mitigate VILI risk.

The variables selected to be into the study for predicting MP were divided into 2 groups and selected by Pearson’s correlation.

The first group includes the IMV variables, all of which showed a high correlation. The variables selected from this group used to calculate MP are:
RR (correlation of 0.59), VT (correlation of 0.35), PEEP (correlation of 0.53), Ppeak (correlation of 0.71), Pplat (correlation of 0.52), DP (correlation of
0.29), and current MP (0.91).

The second group of variables defines the critical state of the patient. For IMV variables, those that did not show a high correlation with MP were
included in this group. Those were set RR, FiO2, Flow set, Set VT, SpO2, PaCO2/FiO2. For the other type of variables, although these variables
generally showed a low correlation, the selected ones had a correlation greater than 0.1 with MP. For categorical variables, each category was
evaluated individually, selecting only those categories that exhibited a correlation higher than 0.1. These variables include height (cm), sex, weight
(kg), PBW (Kg), RASS, arterial pH, PaCO2 (mmHg), HCO3 (mmol/1), Heart Rate (HR) (bpm), presence of continuous renal replacement therapy
(CRRT), source of admission (emergency or operating room), reason for admission (neurological or respiratory), type of admission (medical or
surgical), and admission type (urgent or elective).

Appendix B

The outlier detection and deletion of IMV variables were defined by clinical values stated by clinicians. Specifically, an extreme value was defined
as a Respiratory Rate lower than 10, a VT lower than 200, a Peak Pressure lower than 15, a Plateau Pressure lower than 10, and a PEEP lower than 0.

Once the extreme values were eliminated, time intervals with missing data were completed. For IMV variables, missing data were filled with the
previous value as long as this value had not been collected more than 4 h ago.

For variables defining the patient’s critical state, simply the last value obtained before the prediction was used.

Appendix C

We derived new variables to get more information of the data to feed to the model. Two group of variables were derived. The first groups aim to
capture whether the current value of a temporal variable is high or low in the context of the last few hours. We calculated these variables for each of the
MV temporal variables, differences were calculated with respect to the maximum, minimum, average, and median of the last 6 h. From these derived
variables, those with a correlation with MP greater than 0.1 were selected. The new variables derived where:

- MP-minMP, MP-medianMP, MP-meanMP, RR-maxRR, RR-maxRR, PEEP-minPEEP, PeakP-minPeakP, PeakP-medianPeakP, PeakP-meanPeakP,
PlatP-minPlatP and DP-minDP.

The second group of derived variables aimed to quantify the interaction between each pair of MV variables. For each analysis window addition,
subtraction, division, and multiplication between each pair was calculated. Those derived variables whose correlation with MP was greater than that
of their individual components were selected. The new variables were:

- RR + VT, RR/VT, RR + PEEP, RR/PEEP, RR + PeakP, RR/PeakP, RR + PlatP, RR/PlatP, VT/RR, VT + PEEP, VT/PEEP, VT + PeakP, VT/PeakP, VT

-+ PlatP, VT/PlatP, PEEP/RR, PEEP/VT, PEEP -+ PeakP, PEEP + PlatP, PEEP/PlatP, PeakP/RR, PeakP/VT, PlatP/RR, PlatP/VT, PlatP/PEEP, PlatP-
DP, DP/VT, DP/PEEP, DP-PlatP.

Appendix D

We trained our model to to minimize the mean squared error of the MP predictions. The architecture of the model it’s shown in the Figure Appendix
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Figure Appendix D Representation of our proposed model for MP prediction.
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This figure illustrates the mixed neural network model used for real-time prediction of Mechanical Power (MP) from ICU data. At the top, the dense
layers receive critical patient state variables at the time of prediction. At the bottom, the LSTM layers process temporal variables across 24 time
windows. Both parts of the model are concatenated for final processing and generation of the MP prediction for the next 15 min. The number of units in
each layer is indicated by the numbers in parentheses.
Regarding the training specifics of the model, we trained the model with a ranger optimizer, a combination of a Lookahead and a RectifiedAdam
with a 0.0001 learning rate. A reduction in the learning rate is applied to avoid overfitting, we applied a reduce learning rate on plateau algorithm with
a factor of 0.7, a patience of 12 epochs and a minimum learning rate of 1e-7. Also earlystopping was applied to avoid extra overfitting, monitoring the
loss of the validation dataset and with a patience of 30 epochs. The model is trained twice consecutively to avoid falling into local minima of the mean

ared error that could prevent improvement of the result.

References

[1]

[2]

[3]

[4]

[5]

[6

)

[71

[8]

[9]

[10]

A.S. Slutsky, V.M. Ranieri, Ventilator-Induced Lung Injury, New England Journal of
Medicine 369 (2013) 2126-2136, https://doi.org/10.1056/NEJMral208707.

A. Kumar, H. Pontoppidan, K.J. Falke, R.S. Wilson, M.B. Laver, Pulmonary
barotrauma during mechanical ventilation, Crit Care Med 1 (1973) 181-186,
https://doi.org/10.1097,/00003246-197307000-00001.

D. Dreyfuss, P. Soler, G. Basset, G. Saumon, High Inflation Pressure Pulmonary
Edema: Respective Effects of High Airway Pressure, High Tidal Volume, and
Positive End-expiratory Pressure, American Review of Respiratory Disease 137
(1988) 1159-1164, https://doi.org/10.1164/ajrccm/137.5.1159.

T.A.R.D.S. Network, Ventilation with Lower Tidal Volumes as Compared with
Traditional Tidal Volumes for Acute Lung Injury and the Acute Respiratory Distress
Syndrome, New England Journal of Medicine 342 (2000) 1301-1308, https://doi.
org/10.1056/NEJM200005043421801.

H.H. Webb, D.F. Tierney, Experimental pulmonary edema due to intermittent
positive pressure ventilation with high inflation pressures. Protection by positive
end-expiratory pressure, Am Rev Respir Dis 110 (1974) 556-565.

L. Tremblay, F. Valenza, S.P. Ribeiro, J. Li, A.S. Slutsky, Injurious ventilatory
strategies increase cytokines and c-fos m-RNA expression in an isolated rat lung
model, Journal of Clinical Investigation 99 (1997) 944-952, https://doi.org/
10.1172/JCI119259.

L. Gattinoni, T. Tonetti, M. Cressoni, P. Cadringher, P. Herrmann, O. Moerer,

A. Protti, M. Gotti, C. Chiurazzi, E. Carlesso, D. Chiumello, M. Quintel, Ventilator-
related causes of lung injury: the mechanical power, Intensive Care Med 42 (2016)
1567-1575, https://doi.org/10.1007/s00134-016-4505-2.

J.J. Marini, Dissipation of energy during the respiratory cycle: conditional
importance of ergotrauma to structural lung damage, Curr Opin Crit Care 24
(2018) 16-22, https://doi.org/10.1097/MCC.0000000000000470.

J.G. Laffey, G. Bellani, T. Pham, E. Fan, F. Madotto, E.K. Bajwa, L. Brochard,

K. Clarkson, A. Esteban, L. Gattinoni, F. van Haren, L.M. Heunks, K. Kurahashi, J.
H. Laake, A. Larsson, D.F. McAuley, L. McNamee, N. Nin, H. Qiu, M. Ranieri, G.
D. Rubenfeld, B.T. Thompson, H. Wrigge, A.S. Slutsky, A. Pesenti, Potentially
modifiable factors contributing to outcome from acute respiratory distress
syndrome: the LUNG SAFE study, Intensive Care Med 42 (2016) 1865-1876,
https://doi.org/10.1007/s00134-016-4571-5.

L. Papazian, C. Aubron, L. Brochard, J.-D. Chiche, A. Combes, D. Dreyfuss, J.-

M. Forel, C. Guérin, S. Jaber, A. Mekontso-Dessap, A. Mercat, J.-C. Richard,

D. Roux, A. Vieillard-Baron, H. Faure, Formal guidelines: management of acute

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

respiratory distress syndrome, Ann Intensive Care 9 (2019) 69, https://doi.org/
10.1186/513613-019-0540-9.

M.B.P. Amato, M.O. Meade, A.S. Slutsky, L. Brochard, E.L.V. Costa, D

A. Schoenfeld, T.E. Stewart, M. Briel, D. Talmor, A. Mercat, J.-C.-M. Richard, C.R.
R. Carvalho, R.G. Brower, Driving Pressure and Survival in the Acute Respiratory
Distress Syndrome, New England Journal of Medicine 372 (2015) 747-755,
https://doi.org/10.1056/NEJMsal410639.

A.B. Cavalcanti, E.A. Suzumura, L.N. Laranjeira, D. de M. Paisani, L.P. Damiani, H.
P. Guimaraes, E.R. Romano, M. de M. Regenga, L.N.T. Taniguchi, C. Teixeira, R.
Pinheiro de Oliveira, F.R. Machado, F.A. Diaz-Quijano, M.S. de A. Filho, I.S. Maia,
E.B. Caser, W. de O. Filho, M. de C. Borges, P. de A. Martins, M. Matsui, G.A.
Ospina-Tascon, T.S. Giancursi, N.D. Giraldo-Ramirez, S.R.R. Vieira, M. da G.P. de
L. Assef, M.S. Hasan, W. Szczeklik, F. Rios, M.B.P. Amato, O. Berwanger, C.R.
Ribeiro de Carvalho, Effect of Lung Recruitment and Titrated Positive End-
Expiratory Pressure (PEEP) vs Low PEEP on Mortality in Patients With Acute
Respiratory Distress Syndrome, JAMA 318 (2017) 1335. Doi: 10.1001/
jama.2017.14171.

J.R. Hotchkiss, L. Blanch, G. Murias, A.B. Adams, D.A. Olson, O.D. Wangensteen, P.
H. Leo, J.J. Marini, Effects of Decreased Respiratory Frequency on Ventilator-
induced Lung, Injury (2000) www.atsjournals.org.

A. Protti, T. Maraffi, M. Milesi, E. Votta, A. Santini, P. Pugni, D.T. Andreis,

F. Nicosia, E. Zannin, S. Gatti, V. Vaira, S. Ferrero, L. Gattinoni, Role of Strain Rate
in the Pathogenesis of Ventilator-Induced Lung Edema*, Crit Care Med 44 (2016)
e838-e845, https://doi.org/10.1097/CCM.0000000000001718.

J.J. Marini, Strain Rate and Cycling Frequency—The “Dynamic Duo” of Injurious
Tidal Stress*, Crit Care Med 44 (2016) 1800-1801, https://doi.org/10.1097/
CCM.0000000000001785.

B.M. Fuller, D. Page, R.J. Stephens, B.W. Roberts, A.M. Drewry, E. Ablordeppey, N
M. Mohr, M.H. Kollef, Pulmonary Mechanics and Mortality in Mechanically
Ventilated Patients Without Acute Respiratory Distress Syndrome: A Cohort Study,
Shock 49 (2018) 311-316, https://doi.org/10.1097/SHK.0000000000000977.
M.T.U. Schuijt, L. Hol, S.G. Nijbroek, S. Ahuja, D. van Meenen, G. Mazzinari,

S. Hemmes, T. Bluth, L. Ball, M. Gama-de Abreu, P. Pelosi, M.J. Schultz, A. Serpa
Neto, Associations of dynamic driving pressure and mechanical power with
postoperative pulmonary complications—posthoc analysis of two randomised
clinical trials in open abdominal surgery, EClinicalMedicine 47 (2022) 101397,
https://doi.org/10.1016/j.eclinm.2022.101397.

D. Karalapillai, L. Weinberg, S. Neto A, P. Peyton, L. Ellard, R. Hu, B. Pearce, C.O.
Tan, D. Story, M. O’Donnell, P. Hamilton, C. Oughton, J. Galtieri, A. Wilson, G.
Eastwood, R. Bellomo, D.A. Jones, Intra-operative ventilator mechanical power as


https://doi.org/10.1056/NEJMra1208707
https://doi.org/10.1097/00003246-197307000-00001
https://doi.org/10.1164/ajrccm/137.5.1159
https://doi.org/10.1056/NEJM200005043421801
https://doi.org/10.1056/NEJM200005043421801
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0025
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0025
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0025
https://doi.org/10.1172/JCI119259
https://doi.org/10.1172/JCI119259
https://doi.org/10.1007/s00134-016-4505-2
https://doi.org/10.1097/MCC.0000000000000470
https://doi.org/10.1007/s00134-016-4571-5
https://doi.org/10.1186/s13613-019-0540-9
https://doi.org/10.1186/s13613-019-0540-9
https://doi.org/10.1056/NEJMsa1410639
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0065
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0065
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0065
https://doi.org/10.1097/CCM.0000000000001718
https://doi.org/10.1097/CCM.0000000000001785
https://doi.org/10.1097/CCM.0000000000001785
https://doi.org/10.1097/SHK.0000000000000977
https://doi.org/10.1016/j.eclinm.2022.101397

M. Ruiz-Botella et al.

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

a predictor of postoperative pulmonary complications in surgical patients, Eur J
Anaesthesiol 39 (2022) 67-74, https://doi.org/10.1097/EJA.0000000000001601.
K.K.S. Parhar, K. Zjadewicz, A. Soo, A. Sutton, M. Zjadewicz, L. Doig, C. Lam,

A. Ferland, D.J. Niven, K.M. Fiest, H.T. Stelfox, C.J. Doig, Epidemiology,
Mechanical Power, and 3-Year Outcomes in Acute Respiratory Distress Syndrome
Patients Using Standardized Screening, An Observational Cohort Study, Ann Am
Thorac Soc 16 (2019) 1263-1272, https://doi.org/10.1513/AnnalsATS.201812-
9100C.

Z. Zhang, B. Zheng, N. Liu, H. Ge, Y. Hong, Mechanical power normalized to
predicted body weight as a predictor of mortality in patients with acute respiratory
distress syndrome, Intensive Care Med 45 (2019) 856-864, https://doi.org/
10.1007/500134-019-05627-9.

S. Coppola, A. Caccioppola, S. Froio, P. Formenti, V. De Giorgis, V. Galanti,

D. Consonni, D. Chiumello, Effect of mechanical power on intensive care mortality
in ARDS patients, Crit Care 24 (2020) 246, https://doi.org/10.1186/513054-020-
02963-x.

M.T.U. Schuijt, M.J. Schultz, F. Paulus, A. Serpa Neto, J.P. van Akkeren, A.

G. Algera, C.K. Algoe, R.B. van Amstel, O.L. Baur, P. van de Berg, D.C.J.

J. Bergmans, D.I. van den Bersselaar, F.A. Bertens, A.J.G.H. Bindels, M.M. de Boer,
S. den Boer, L.S. Boers, M. Bogerd, L.D.J. Bos, M. Botta, J.S. Breel, H. de Bruin,
S. de Bruin, C.L. Bruna, L.A. Buiteman-Kruizinga, O. Cremer, R.M. Determann,
W. Dieperink, D.A. Dongelmans, H.S. Franke, M.S.G. Aldridge, M.J. de Graaff, L.
A. Hagens, J.J. Haringman, N.F.L. Heijnen, S. Hiel, S.T. van der Heide, P.L.J. van
der Heiden, L.L. Hoeijmakers, L. Hol, M.W. Hollmann, M.E. Hoogendoorn, J. Horn,
R. van der Horst, E.L.K. Ie, D. Ivanov, N.P. Juffermans, E. Kho, E.S. de Klerk, A.W.
M. Koopman, M. Koopmans, S. Kucukcelebi, M.A. Kuiper, D.W. de Lange, D.M. van
Meenen, I. Martin-Loeches, G. Mazzinari, N. van Mourik, S.G. Nijbroek, M. Onrust,
E.A.N. Oostdijk, F. Paulus, C.J. Pennartz, J. Pillay, L. Pisani, .M. Purmer, T.C.

D. Rettig, J.P. Roozeman, M.T.U. Schuijt, M.J. Schultz, A.S. Neto, M.E. Sleeswijk,
M.R. Smit, P.E. Spronk, W. Stilma, A.C. Strang, A.M. Tsonas, P.R. Tuinman, C.M.
A. Valk, F.L. Veen, A.P.J. Vlaar, L.I. Veldhuis, P. van Velzen, W.H. van der Ven,
P. van Vliet, P. van der Voort, H.H. van der Wier, L. van Welie, H.J.F.T. Wesselink,
B. van Wijk, T. Winters, W.Y. Wong, A.R.H. van Zanten, Association of intensity of
ventilation with 28-day mortality in COVID-19 patients with acute respiratory
failure: insights from the PROVENT-COVID study, Crit Care 25 (2021) 283, https://
doi.org/10.1186/5s13054-021-03710-6.

A. Serpa Neto, R.O. Deliberato, A.E.W. Johnson, L.D. Bos, P. Amorim, S.M. Pereira,
D.C. Cazati, R.L. Cordioli, T.D. Correa, T.J. Pollard, G.P.P. Schettino, K.T.
Timenetsky, L.A. Celi, P. Pelosi, M. Gama de Abreu, M.J. Schultz, Mechanical
power of ventilation is associated with mortality in critically ill patients: an
analysis of patients in two observational cohorts, Intensive Care Med 44 (2018)
1914-1922. Doi: 10.1007/500134-018-5375-6.

M. Urner, P. Jiini, B. Hansen, M.S. Wettstein, N.D. Ferguson, E. Fan, Time-varying
intensity of mechanical ventilation and mortality in patients with acute respiratory
failure: a registry-based, prospective cohort study, Lancet, Respir Med 8 (2020)
905-913, https://doi.org/10.1016/52213-2600(20)30325-8.

G. Sirgo, F. Esteban, J. Gomez, G. Moreno, A. Rodriguez, L. Blanch, J.J. Guardiola,
R. Gracia, L. De Haro, M. Bodi, Validation of the ICU-DaMa tool for automatically
extracting variables for minimum dataset and quality indicators: The importance of
data quality assessment, Int J Med Inform 112 (2018) 166-172, https://doi.org/
10.1016/j.ijmedinf.2018.02.007.

C. V Cosgriff, L.A. Celi, D.J. Stone, Critical Care, Critical Data, Biomed Eng Comput
Biol 10 (2019) 117959721985656. Doi: 10.1177/1179597219856564.

B. Mamandipoor, F. Frutos-Vivar, O. Penuelas, R. Rezar, K. Raymondos, A. Muriel,
B. Du, A.W. Thille, F. Rios, M. Gonzalez, L. del-Sorbo, M. del Carmen Marin, B.V.
Pinheiro, M.A. Soares, N. Nin, S.M. Maggiore, A. Bersten, M. Kelm, R.R. Bruno, P.
Amin, N. Cakar, G.Y. Suh, F. Abroug, M. Jibaja, D. Matamis, A.A. Zeggwagh, Y.
Sutherasan, A. Anzueto, B. Wernly, A. Esteban, C. Jung, V. Osmani, Machine

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

International Journal of Medical Informatics 189 (2024) 105511

learning predicts mortality based on analysis of ventilation parameters of critically
ill patients: multi-centre validation, BMC Med Inform Decis Mak 21 (2021) 152,
https://doi.org/10.1186/s12911-021-01506-w.

N. Hou, M. Li, L. He, B. Xie, L. Wang, R. Zhang, Y. Yu, X. Sun, Z. Pan, K. Wang,
Predicting 30-days mortality for MIMIC-III patients with sepsis-3: a machine
learning approach using XGboost, J Transl Med 18 (2020) 462, https://doi.org/
10.1186/5s12967-020-02620-5.

F. Li, H. Xin, J. Zhang, M. Fu, J. Zhou, Z. Lian, Prediction model of in-hospital
mortality in intensive care unit patients with heart failure: machine learning-based,
retrospective analysis of the MIMIC-III database, BMJ Open 11 (2021) e044779.
J. Parreco, A. Hidalgo, J.J. Parks, R. Kozol, R. Rattan, Using artificial intelligence
to predict prolonged mechanical ventilation and tracheostomy placement, Journal
of Surgical Research 228 (2018) 179-187, https://doi.org/10.1016/j.
jss.2018.03.028.

M. Bodi, L. Claverias, F. Esteban, G. Sirgo, L. De Haro, J.J. Guardiola, R. Gracia,
A. Rodriguez, J. Gomez, Automatic generation of minimum dataset and quality
indicators from data collected routinely by the clinical information system in an
intensive care unit, Int J Med Inform 145 (2021) 104327, https://doi.org/
10.1016/j.ijmedinf.2020.104327.

W. Knaus, E. Draper, D. Wagner, J. Zimmerman, APACHE II: a severity of disease
classification system, Crit Care Med 10 (1985) 818-829.

A. Peine, A. Hallawa, J. Bickenbach, G. Dartmann, L.B. Fazlic, A. Schmeink,

G. Ascheid, C. Thiemermann, A. Schuppert, R. Kindle, L. Celi, G. Marx, L. Martin,
Development and validation of a reinforcement learning algorithm to dynamically
optimize mechanical ventilation in critical care, NPJ Digit Med 4 (2021) 32,
https://doi.org/10.1038/541746-021-00388-6.

C.I Ossai, N. Wickramasinghe, Intelligent decision support with machine learning
for efficient management of mechanical ventilation in the intensive care unit — A
critical overview, Int J Med Inform 150 (2021) 104469, https://doi.org/10.1016/j.
ijmedinf.2021.104469.

R. Hagan, C.J. Gillan, I. Spence, D. McAuley, M. Shyamsundar, Comparing
regression and neural network techniques for personalized predictive analytics to
promote lung protective ventilation in Intensive Care Units, Comput Biol Med 126
(2020) 104030, https://doi.org/10.1016/j.compbiomed.2020.104030.

S. Ghazal, M. Sauthier, D. Brossier, W. Bouachir, P.A. Jouvet, R. Noumeir, Using
machine learning models to predict oxygen saturation following ventilator support
adjustment in critically ill children: A single center pilot study, PLoS One 14 (2019)
e0198921.

G. Wardi, R. Owens, C. Josef, A. Malhotra, C. Longhurst, S. Nemati, Bringing the
Promise of Artificial Intelligence to Critical Care: What the Experience With Sepsis
Analytics Can Teach Us, Crit Care Med 51 (2023) 985-991, https://doi.org/
10.1097/CCM.0000000000005894.

L. Claverias, J. Gomez, A. Rodriguez, J. Albiol, F. Esteban, M. Bodi, Support to the
organization of the Intensive Care Units during the pandemic through maps
created from the Clinical Information Systems, Medicina Intensiva (english
Edition) 45 (2021) 58-60, https://doi.org/10.1016/j.medine.2020.10.003.

L. Gattinoni, A. Pesenti, The concept of “baby lung”, Intensive Care Med 31 (2005)
776-784, https://doi.org/10.1007/s00134-005-2627-z.

L. Gattinoni, T. Tonetti, M. Quintel, Intensive care medicine in 2050: ventilator-
induced lung injury, Intensive Care Med 44 (2018) 76-78, https://doi.org/
10.1007/s00134-017-4770-8.

T. Becher, M. van der Staay, D. Schadler, I. Frerichs, N. Weiler, Calculation of
mechanical power for pressure-controlled ventilation, Intensive Care Med 45
(2019) 1321-1323, https://doi.org/10.1007/s00134-019-05636-8.

S. van der Meijden, M. Molenaar, P. Somhorst, A. Schoe, Calculating mechanical
power for pressure-controlled ventilation, Intensive Care Med 45 (2019)
1495-1497, https://doi.org/10.1007/s00134-019-05698-8.


https://doi.org/10.1097/EJA.0000000000001601
https://doi.org/10.1513/AnnalsATS.201812-910OC
https://doi.org/10.1513/AnnalsATS.201812-910OC
https://doi.org/10.1007/s00134-019-05627-9
https://doi.org/10.1007/s00134-019-05627-9
https://doi.org/10.1186/s13054-020-02963-x
https://doi.org/10.1186/s13054-020-02963-x
https://doi.org/10.1186/s13054-021-03710-6
https://doi.org/10.1186/s13054-021-03710-6
https://doi.org/10.1016/S2213-2600(20)30325-8
https://doi.org/10.1016/j.ijmedinf.2018.02.007
https://doi.org/10.1016/j.ijmedinf.2018.02.007
https://doi.org/10.1186/s12911-021-01506-w
https://doi.org/10.1186/s12967-020-02620-5
https://doi.org/10.1186/s12967-020-02620-5
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0145
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0145
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0145
https://doi.org/10.1016/j.jss.2018.03.028
https://doi.org/10.1016/j.jss.2018.03.028
https://doi.org/10.1016/j.ijmedinf.2020.104327
https://doi.org/10.1016/j.ijmedinf.2020.104327
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0160
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0160
https://doi.org/10.1038/s41746-021-00388-6
https://doi.org/10.1016/j.ijmedinf.2021.104469
https://doi.org/10.1016/j.ijmedinf.2021.104469
https://doi.org/10.1016/j.compbiomed.2020.104030
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0180
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0180
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0180
http://refhub.elsevier.com/S1386-5056(24)00174-6/h0180
https://doi.org/10.1097/CCM.0000000000005894
https://doi.org/10.1097/CCM.0000000000005894
https://doi.org/10.1016/j.medine.2020.10.003
https://doi.org/10.1007/s00134-005-2627-z
https://doi.org/10.1007/s00134-017-4770-8
https://doi.org/10.1007/s00134-017-4770-8
https://doi.org/10.1007/s00134-019-05636-8
https://doi.org/10.1007/s00134-019-05698-8

	Advancing ICU patient care with a Real-Time predictive model for mechanical Power to mitigate VILI
	1 Introduction
	2 Objective
	3 Materials and methods
	3.1 Outcome
	3.2 Data extraction and collection
	3.3 Data Transformation
	3.4 Division into Training/Test sets
	3.5 Model development
	3.6 Implementation of the predictive model in clinical practice

	4 Results
	4.1 Description of the cohort
	4.2 Baseline model
	4.3 Deep learning model
	4.4 Real-Time integration of the model

	5 Discussion
	6 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix Acknowledgements
	Appendix A 

	Appendix B Appendix A 
	Appendix C Appendix A 
	Appendix D Appendix A 
	References


