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Abstract

Treatment and prevention of elevated intracranial pressure (ICP) is crucial in patients with severe
traumatic brain injury (TBI). Elevated ICP is associated with secondary brain injury, and both intensity
and duration of an episode of intracranial hypertension, often referred to as “ICP dose”, are associated
with worse outcomes. Prediction of such harmful episodes of ICP dose could allow for a more proactive
and preventive management of TBI, with potential implications on patients’outcomes. The goal of this
study was to develop and validate a machine-learning (ML) model to predict potentially harmful ICP
doses in patients with severe TBI. The prediction target was defined based on previous studies and
included a broad range of doses of elevated ICP that have been associated with poor long-term
neurological outcomes. ML. models were used, with minute-by-minute ICP and mean arterial blood
pressure signals as inputs. Harmful ICP episodes were predicted with a 30 minutes forewarning. Models
were developed in a multi-center dataset of 290 adult patients with severe TBI and externally validated
on 264 patients from the Collaborative European Neuro-trauma Effectiveness Research in Traumatic
Brain Injury (CENTER-TBI) dataset. The external validation of the prediction model on the CENTER-
TBI dataset demonstrated good discrimination and calibration (AUC: 094, accuracy: 0.89,
precision: 0.87, sensitivity: 0.78, specificity: 0.94, calibration-in-the-large: 0.03, calibration slope: 0.93).
The proposed prediction model provides accurate and timely predictions of harmful doses of ICP on the
development and external validation dataset. A future interventional study is needed to assess whether

early intervention on the basis of ICP dose predictions will result in improved outcomes.

Key words for indexing: Traumatic Brain Injury, Intracranial Pressure, Intracranial pressure
dose, Machine Learning, Prediction



Introduction

Current guidelines for the management of intracranial hypertension in patients with severe traumatic
brain injury (TBI) suggest to initiate treatment when the intracranial pressure (ICP) rises above
22mmHg."? This threshold-based strategy is population-derived, therefore it does not allow therapy to
be targeted to specific subgroups of patients. In addition, secondary injury by elevated ICP may not be

adequately defined by the simple crossing of a universal threshold.

The ICP dose, i.e. the combination of intensity and duration of an ICP event, might offer a better
representation of the risk of secondary brain injury due to elevated ICP. High doses of elevated ICP
have been associated with worse clinical outcomes in several observational studies.>” Moreover, the
association between ICP doses and long-term neurological outcomes was visualized in a color coded
heat map by Giiiza et al.® (Figure 1 panel C shows an adapted version), which was further replicated in
other large datasets.”® In the visualizations, an exponential line separates the ICP doses that occur more
frequently in patients with worse and better long-term neurological outcomes, represented in the
visualizations in red and blue respectively. These studies corroborated the hypothesis that elevated ICP
can be tolerated if maintained for a short period, whereas ICP values between 15mmHg and the current
treatment threshold of 22mmHg, if maintained for a prolonged time, resulted associated with poor long-
term neurological outcomes. Panel A) and B) of Figure 1 show an example of how the quantification of
ICP harmfulness may vary according to the criterion in use, namely whether we rely on the concept of

ICP > 22 mmHg or the concept of harmful ICP doses.®®

Despite these scientific evidences, the concept of ICP dose has not been integrated in the clinical
reasoning. One potential limitation is the ICP dose retrospective calculation, which as such only
provides information on the neurological burden of past events of elevated ICP but gives little
information that can be used for prophylactic purpose. A quantification of the risk of the patient to
experience impending events of harmful ICP doses could serve this scope and provide valuable

information for the attending physician.



In this study, we hypothesized that the analysis of routinely monitored signals through advanced
machine learning (ML) techniques, could allow for the early detection of events of harmful ICP doses.
ML algorithms use mathematical rules to capture patterns in the observed data and then apply such
patterns on a new, unseen dataset. Specifically, the goal of this study was the development and external
validation of a ML model to predict a broad range of future harmful ICP doses with a 30 minute

forewarning.

Material and methods

Database

The development cohort included the data of 290 patients from 6 prospectively and retrospectively
collected databases: the Brain-IT® is a European multi-center database that contains data of 206 adult
patients with severe TBI admitted to 22 intensive care units (ICU)s between March 2003 and July 2005.
Ethical approval for the collection and later analysis of the data was obtained from the Multi-Centre
Research Ethics Committee for Scotland MREC/02/09. Ethical approval was additionally obtained from
the local medical ethics committee of the centers involved. Of the remaining 84 patients: 38 patients
were admitted in the San Gerardo Hospital in Monza, Italy between March 2010 and April 2013; 27
patients from the University Hospitals of Leuven, Belgium between September 2010 and September
2013; 19 patients from the NEMO (Individualized targeted monitoring in neurocritical care) project at
the Antwerp University Hospital, Belgium, between March 2010 and June 2013; All centers obtained

ethical approval from the local medical ethics committee.

The external validation cohort was composed by 264 patients included in the High Resolution substudy
of the Collaborative European Neuro-trauma Effectiveness Research in Traumatic Brain Injury
(CENTER-TBI) dataset'*. The CENTER-TBI dataset prospectively collects data of adult patients with
TBI admitted to 47 European ICUs between 2015 and 2017. Ethical approval for CENTER-TBI was

obtained from the local ethic committee for each recruiting site.



All datasets include continuous (minute-by-minute) recordings of ICP and MAP signals. Missing data
of duration less than two consecutive values were imputed with the median value of the previous ten
minutes recordings. Patients were declared eligible for the study if their ICP recordings were acquired
with an intra-parenchymal ICP probe. Intracranial hypertension was treated according to the guidelines

for the treatment of severe TBI'! in force during data acquisition.

Predictive task

The model provides the probability that the patient will experience, in the next 30 minutes, an event of
ICP dose that appeared to be associated with poor long-term neurological outcomes in the visualization
method proposed by Giiiza et al.%, and in the following validation studies.”® Specifically, the prediction

target is displayed with the yellow line in Figure 1 Panel D.

Model development

The prediction model for a broad range of potentially harmful ICP doses was developed in 2 subsequent

steps.

Given that the predictive patterns that precede harmful ICP doses may differ across the red area, to
obtain optimal performance we divided the red area into several sub-areas and targeted each sub-area

8 as follows:

separately. The red sub-areas were defined according to the visualization curves®
ICP > 15 mmHg for more than 180 minutes, ICP > 18 mmHg for more than 70 minutes,
ICP > 20 mmHg for more than 35 minutes, ICP > 22 mmHg for more than 25 minutes, ICP > 24mmHg
for more than 18 minutes, ICP >26 mmHg for more than 14 minutes, ICP > 28 mmHg,
ICP > 30 mmHg, and ICP > 34 mmHg for more than 10 minutes. An example of the red subareas can
be seen in Figure 1, panel D. In the first step, we developed a specific prediction model for ICP doses

belonging to each identified sub-area. Each model for the prediction of the red sub-areas was based on

a Gaussian Regressor model with a Rational Quadratic kernel function. We will refer to these sub-



models as GPx, where X is the lower ICP threshold that identifies that specific sub-area. For example,
GPi5 refers to the prediction model for the red sub-area delineated by ICP doses of ICP > 15 mmHg for
more than 180 minutes, see Figure 1 panel D. Importantly, for the GP3 model we used the prediction
model previously proposed by Giiiza et al. .!? Input features for the GPx models were extracted from the
4 hours of continuous ICP, MAP and LAXx signals preceding the prediction, namely between t(-239) and
t(0) as shown in the example of Figure 1 panel B. For a complete list of the extracted features see the
Supplementary Material. To avoid overfitting, for each GP model, the most predictive features were
selected through the combination of a linear and non-linear method, i.e. feature selection via LASSO'
and features selection via mutual information.'* Feature importance was computed with the permutation

importance technique.'> Hyper-parameters tuning was performed for each GPx model separately.

In a second phase, to minimize the prediction error of the single sub-models and provide to the clinicians
a unique model output, we developed a Random Forest (RF) classifier that combines the predictions of
the models for the red sub-areas and provides as single output the probability that the patient will
experience events of ICP in the red area in the next 30 minutes. For simplicity, we will further refer to
this model as RFred model. We believe this output type, i.e. probability of being in the red area, is
particularly congenial to the clinical environment. For this task, the RF classifier demonstrated superior
performance as compared to more simple models (linear regression model, GP classifier, and decision
tree classifier). The only inputs to the RFred model are the predictions of the GPx models for the red
sub-areas. No ICP, MAP or LAx features were entered into the RFred model to avoid information

leakage.

The use of a model architecture at 2 layers (GPx and RF) demonstrated better performance as compared
to the alternative approaches of using one model to predict directly the entire red area or not using a MLL
model to combine the predictions of the single GPx models. More information on the model construction

can be found in the Supplementary Material.

To increase generalizability and avoid overfitting, models were trained with 10-fold cross validation

(CV).



External validation

The GPx, and RFred models were externally validated on the 264 patients from the CENTER-TBI
dataset.!” External validation is a crucial step in model development, it assesses the model’s
generalizability capacities and provides an estimate of the future performance of the model when applied
to an unknown population of patients. External validation is even more important in this study to assess
whether changes in clinical practice may affect the performance of the model, given that the

development set is more than 10 years-old.

Model performance and statistical analysis

Performance of the models was assessed with the following metrics: area under the receiver operating
characteristic curve (AUC), area under the precision-recall curve (AP), accuracy, precision, sensitivity,
and specificity. Performance metrics on the development cohort were provided in terms of mean (SD)
across the 10-fold CV iterations. The calibration was assessed by using calibration plots and by
computing the calibration-in-the-large and calibration-slope. Clinical importance was assessed with
decision curves. Decision curve analysis compares the clinical usefulness of using the prediction model
to alert the clinicians (and therefore trigger medical interventions) with the opposite strategies of “alert
for all” or “alert for none”. The “alert for all” indicates the scenario in which the clinician would be
constantly evaluating the clinical situation of the patient, while the “alert for none” indicates the
implausible scenario in which the clinician would never be alerted by the condition of the patient. For
this prediction model, medical intervention represents the need for an additional medical evaluation of

the clinical status of the patient.

Analyses were performed in Python (version 3.5, https://www.python.org/) with the following libraries:
numpy (version 1.15, https://mumpy.org/), sklearn (version 1.1, https://scikit-learn.org/stable/) and scipy
(version 0.20, https://www.scipy.org/). Calibration curves were extracted with the R-based library

givitiR (version 1.3, https://CRAN.R-project.org/package=givitiR).



Trustiness and transparency of the model

This study adheres to the Transparent Reporting of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) reporting guideline.!® To favor trustiness and transparency, we
provided a model fact sheet that summarizes the main characteristics of the proposed model, after the

example proposed by Brajer et al. .!”

Results

Patients’ demographics characteristics are reported in Table 1. Patients experienced a median [IQR]
number of events of ICP dose in the red area of 5 [1-28], for a median [IQR] percentage of monitoring
time spent in the red area of 12% [0-46], against a median [IQR] percentage of monitoring time spent
with ICP > 22 mmHg of 1% [0-6]. The external validation cohort included 8421 events of ICP dose in

the red area and 16840 selected events in the blue area.

Here we only report the results of the external validation. In short, for what concerns the performance
on the development cohort, on the 10 folds CV internal validation sub-sets the RFred presented a mean
(SD) AUC 0f 0.92 (0.02), AP of 0.87 (0.03), accuracy of 0.86 (0.02), precision of 0.81 (0.04), sensitivity
of 0.76 (0.04) and specificity of 0.91 (0.02). More detailed performance of the models on the

development cohort and feature importance analysis can be found in the Supplementary Material.

On the CENTER-TBI dataset, all GPx models presented an AUC above 0.83, an AP above 0.75, an
accuracy above 0.74, a precision above 0.57, a sensitivity above 0.55, and specificity above 0.71. The
GP models presented a calibration-in-the-large below 0.05 and mean calibration slope between 0.78 and

1.10. The calibration curves p-values were below 0.049. See Table 2 for complete results for each model.

When tested on the CENTER-TBI dataset, the RFred model for the prediction of the complete red area
presented an AUC of 0.94, an AP of 0.90, an accuracy of 0.89, a precision of 0.87, a sensitivity of 0.78,
and a specificity of 0.94. Visually, the model showed adequate calibration, with a calibration-in-the-

large of 0.03 and a calibration slope of 0.91 (despite a p-value < 0.01), see Figure 2, panel A. Also on



the CENTER-TBI dataset the model presented higher clinical benefit than the “alert for all” and “alert
for none” options in the risk range [0.12 to 0.87], see Figure 2, panel B. Table 3 summarizes the main

characteristics of the model in the form of a model fact sheet.

Discussion

In this study, we present a ML model for the early detection of potentially harmful doses of ICP in
patients with severe TBI. The model, which predicts a broad range of ICP doses previously associated
with poor long-term neurological outcomes, has good performance and good clinical utility even when

validated on an external, multi-center, prospectively collected dataset.

In the past, several studies have attempted to predict single ICP values or episodes of elevated ICP,!>!3-
20 with common characteristics. Some of these models focused on one specific ICP insults of specific
intensity and duration, not taking into consideration the complex, broad range of ICP events that have
been associated with poor outcomes.'*!® Some of these prediction models use a short forewarning time,
which may be insufficient to trigger a clinically useful intervention.!*?° An additional characteristic that
could challenge clinical implementation is the large number of required inputs, often from multiple
monitoring sources, which not only obstacles clinical implementation but also increases the risk of
overfitting.!® Last, but most importantly, most of these models lack external validation on geographically
and temporally independent datasets.'®?° External validation is strongly recommended,'® to assess the
model generalizability capacities and consequently to evaluate the performance of the model when

applied to a general, unknown population.
The present model presents an answer to these issues in many ways.

First, the model presents good performance also when externally validated on the CENTER-TBI dataset,
with an AUC of 0.94, an AP of 0.90, an accuracy of 0.89, a precision of 0.87, a sensitivity of 0.78, and
a specificity of 0.94. As this large, external, multicenter dataset was collected more than ten years after

the development cohort, this good performance not only proves the robustness of the model towards its



application to different ICU settings, but it also suggests robustness to changes in the clinical practice.
On the CENTER-TBI dataset the model presented clinical usefulness within the risk thresholds [0.12-
0.87]. Acceptable alerting thresholds will need to be evaluated carefully by the clinician and will depend
on the risk level of the medical intervention that may be triggered by the alert. In other words, the alerting
threshold will depend on how much the clinician accepts an high number of false positives (high

sensitivity) as compared to a high number of false negatives (high specificity).

Second, the prediction target is a broad range of episodes of doses of intracranial hypertension.® This
target was based on a previous study,® but similar associations with outcome were observed in a large
single-center cohort’” and in the CENTER-TBI dataset.® This broad target provides a more complete
approach to the prevention of potentially harmful doses of ICP, targeting ICP events that are not only
associated with increased mortality but that are also associated with reduced neurological outcomes.
Moreover, this model represent a practical step towards the use of the concept of “ICP dose” for

prophylactic purpose at the bedside.

Third, the forewarning time interval was defined after consultation with three clinicians of the ICU of
the University Hospitals of Leuven, Belgium, and a 30 minutes forewarning was identified as adequate

to trigger a useful clinical response.

Fourth, and finally, the model is sparse, given that it requires as inputs only the continuous ICP and

MAP signals, two signals that are routinely recorded in patients with severe TBI.

This study has some limitations. First, harmful ICP events were based on the visualization proposed by
Guiza et al.® and on the visualizations obtained in further validation studies.”® Although the
visualizations obtained in the different datasets have different transition curves, the prediction target of
the presented model was associated with worse long-term outcomes in all the studies. Second, the color-
coded visualization curves describe the association between ICP doses and long term neurological
outcomes on the general population. Nevertheless, the color-coded visualization may vary for different
sub-groups of patients (males vs females, old vs young, low vs high treatment intensity level etc..).® To

date, obtaining such visualizations for stratified groups of patients with TBI is challenging, since the



necessary large, preferably prospective, datasets with large subgroups of patients satisfying the
condition of interest are lacking. Until such datasets become available, the development of predictions
models for different sub-groups of patients remains challenging. Third, the data used were all acquired
in European settings. Validation on datasets collected in non-European ICUs are therefore necessary to
fully assess generalizability. Fourth, the CAR status of the patient can affect the association between
ICP dose and outcomes, where patients can better tolerate elevated doses of ICP if CAR is preserved.?!
In an ideal setting, the prediction target of the model should dynamically adapt to changes in the CAR
status. However, optimal methods to measure CAR have not been developed yet. Therefore, in this study
we limited the prediction target to the case unadjusted for CAR status. Information on the CAR status
of the patient was included as input to the models in the form of LAx signal. The fifth limitation is linked
to the lack of absolute explainability of ML models, which may limit the degree to which it is trusted
and accepted by clinicians. To overcome this limitation, we performed a feature importance analysis for
each GP, model. In addition, to increase the trustiness and transparency of the model, not only did we
report the results in accordance with the TRIPOD guidelines, but we also provided a model fact sheet
to summarize the main characteristics of the proposed model. Sixth, the models uses ICP and MAP
features that are extracted from the previous 4 hours of ICP monitoring, which implies that in a clinical
setting, clinicians could receive the first prediction only 4 hours after the start of ICP monitoring.
Although this may represent a source of delay, given the average length of monitoring of these patients
and that the minimum recommended duration of ICP monitoring is of 72 hours,> we believe that the
model could still provide useful information to the clinicians. Seventh, the relatively small size of the
dataset may lead to a slight over-representation of certain patients in the development of the GPx models.
However, the good performance that were obtained in the external validation dataset shows that the risk
of overfitting was minimal or even neglectable. FEight, the model was developed on data of treated
patients although information on treatment strategy was not included in the model. Patient management
may play a confounding role in the model development and evaluation. This is an intrinsic limitation of
the study, which could be partially overcome by adding high-resolution treatment information in the
model. Such high-resolution information was not available in our development cohort, moreover it

remains unclear whether the inclusion of such information may limit the translation of such model at



the bedside (where summarized information about patient management would need to be automatically
computed and input in the model). The last limitation of the study is that we target ICP doses that have
been associated with poor outcomes. However, association does not infer causality, and whether early
intervention on the basis of predicted doses of ICP will result in improved outcomes needs to be assessed

in future interventional studies.

Despite these limitations, the presented model represents the first example of an accurate model for the
prediction of a broad range of harmful ICP doses in patients with TBI. To develop and externally validate
this model we used two of the largest multicenter databases for patients with TBI with continuous
monitoring data and outcomes. Further model validation on more recent multicenter data may be
required. We believe that this model could provide valuable information for the clinical management of
patients with TBI. Future studies will focus on evaluating the performance of the model when
prospectively applied on continuous signals at the bedside. In context, of particular interest is the impact
of treatment intensity for elevated ICP on predictions, which needs to be further evaluated. In addition,
future randomized clinical trials will be necessary to identify the risk of medical interventions that may
be taken in response to the alerts of the models, to assess user acceptance and most importantly to assess
whether the use of this model at the bedside may have a positive impact on time spent by the patient

with an ICP dose in the red area.

Conclusions

In this study, we present an accurate and robust model for the early detection of events of ICP doses that
are associated with worse long-term neurological outcomes. Using only the ICP and MAP signals, our
model can predict with 30 minutes forewarning, events of harmful doses of ICP with high accuracy,
high sensitivity and specificity. The model presents good performance even when validated on a large
external multicenter dataset, showing robustness to changes in clinical setting and practice. Future
interventional studies are needed to assess the impact of the use of this tool at the bedside on clinical

practice and on patient outcomes.
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Fig. 1 Panel A) and B) Visualization of intracranial pressure (ICP) harmfulness as evaluated according

to different criteria. Panel A) ICP harmfulness is defined by events of ICP > 22mmHg. Events of ICP



that meet this criterion are identified with the letters a, b, ¢ and d. Panel B) ICP harmfulness is defined
by events of ICP in the “red area” of the visualization proposed by Giiiza et al ® (see panel C). Examples
of the events of ICP that meet this criteria are identified with the letters f, g and A. In detail, fis an event
of ICP>15mmHg that lasts more than 180 minutes, g is an event of ICP > 28mmHg that lasts more than
10 minutes, and 4 is an event of ICP > 18mmHg that lasts more than 70 minutes. The same events are
also displayed in the visualization of panel C) with white circles. In event e the ICP is above 22mmHg
but not long enough (less than 25 minutes) to be considered in the “red area” of the visualization. The
model provides a prediction at t(0), for impending harmful events at t(+30). The model prediction is
based on features that are extracted in the past 4 hours of monitoring, starting form t(-239) to t(0). Panel
C) and D) Visualization of the association between doses of ICP, identified by intensity and duration,
and the 6-months Glasgow Outcomes Score (GOS). Panel C) shows an adaptation of the original
representation as proposed by Giiiza et al. ®. Events of dose of ICP that occur more frequently in patients
with worse GOS are represented in red, while events of ICP that occur more frequently in patients with
better 6-months GOS are represented in blue. The four white circles indicate the position of the ICP
events displayed in panel B). The events of ICP doses that define the prediction target are indicated with
the yellow border. Importantly, the prediction target is also part of the “red area” of the color-coded
visualizations that were obtained in the following validation studies "®. Panel D) visual representation
of the division of the prediction target in sub-areas. Every sub-area extends until the 40mmHg threshold
(extreme right border of the figure), where multiple subareas can overlap. Dashed lines indicate when
the border of a sub-area overlaps with other sub-areas. A dedicated prediction model was developed for
each sub-area. The name of the model for each sub-area is indicated in the top as GPx, where x is the

corresponding lower ICP threshold that identifies that specific sub-area.
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Fig. 2 Performance metrics of the RFred model for the prediction of the red area on the external

validation dataset. Panel A) calibration curve. Panel B) decision curve.



Tables

Table 1 Demographics characteristics of the development and validation cohort

Variable Development cohort External validation cohort | p-value
Age, years 42 (27 to 56) 47 (29 to 61) 0.04
Sex, male, % 80 81 0.50
GCS at admission 7@toll) 6 (3 to 10) 0.03
DC, yes, % 16 24 <0.01
Length of monitoring, days 8(5-14) 53 to6) <0.01
Number of ICP episodes in 7 (0 to 30) 5 (1 to 28) <0.01
the red area

GCS: Glasgow Coma Scale

DC: Decompressive craniectomy

Table 2 Performance of the GPx and RFred models on the CENTER-TBI dataset.
Model AUC AP Accuracy | Precision | Sensitivity | Specificity | Calibration- | Calibration

in-the-large | slope

RFred 0.94 0.90 0.89 0.87 0.78 0.94 0.03 0.91
GP34 0.89 0.80 0.86 0.79 0.78 0.90 0.00 1.10
GPs* 0.93 0.75 0.88 0.73 0.83 0.91 -0.04 1.22
GPas 0.87 0.80 0.80 0.66 0.80 0.80 0.01 0.96
GPas 0.88 0.81 0.80 0.67 0.78 0.81 0.03 1.03
GP24 0.86 0.80 0.78 0.65 0.78 0.79 0.02 1.06
GP2 0.86 0.78 0.80 0.67 0.76 0.81 0.05 0.98
GP2o 0.83 0.75 0.74 0.58 0.80 0.71 0.01 0.89
GPis 0.84 0.76 0.74 0.57 0.84 0.68 0.04 0.78
GPis 0.83 0.77 0.83 0.89 0.55 0.97 0.01 0.84

§ Area under the receiver operating characteristic curve (AUC), accuracy, sensitivity, specificity, calibration-in-
the-large and calibration slope were reported from “Development and external validation of a novel algorithm for
the early prediction of doses of harmful intracranial pressure in patients with traumatic brain injury”, Carra et al.,
Intensive Care Medicine, 2020. The area under the precision-recall curve (AP) and precision were not reported in
the original study from Carra et al. but they were computed specifically for this study.

AUC: Area under the receiver operating characteristic curve; AP: Area under the precision-recall curve.



Table 3 Model fact sheet

Model fact sheet

Model name: Prediction model for harmful ICP doses in patients with traumatic brain injury (TBI).

Summary

This model uses intracranial pressure (ICP) and mean arterial blood pressure (MAP) inputs to predict,
with a 30 minutes forewarning, a broad range of events of ICP doses associated with worse long-term
neurological outcomes in patients with TBI. The model was developed by the Laboratory of Intensive
Care Medicine of KU Leuven, Belgium, between 2020 and 2021.

Mechanisms

o Outcome .............coviiiiiiiiiiiiii predictions of potentially harmful ICP doses

e OQutput........................ 0% to 100% probability of a future event of harmful ICP doses

o Suggested alerting thresholds ............................ between 20% and 80%, depending
on the risk level of the medical intervention

e Patient population ................ Adults (>18 years old) with severe TBI and invasive intra-
parenchymal ICP monitoring

e Time of prediction ................................. 30 minutes before the event onset

o Predictionsdatatype..................oooiiiiiiiiiiiiii minute-by-minute predictions

o Inputdatatype.....................oiiiiiiiiiii continuous ICP and MAP recordings

e Input data source ..... bedside monitors or local Patient Data Management System (PDMS)

e Training datasize........................ 290 adult patients with severe TBI (20938 samples)

o Modeltype ...........coooiiiiiiiiii, ensembled GP-based models and RF-based model

Validation and Performance
o External validation on CENTER-TBI (264 patients): AUC: 0.94, AP: 0.89, accuracy: 0.88,
precision: 0.85, sensitivity: 0.77, specificity: 0.93.

Uses and directions

This model is intended to be used as an additional source of information on which to base the
management of patients with severe TBI. In specific, this model is intended to be used for the early
identification of future events of ICP doses that have been associated with poor long-term

neurological outcomes in previous studies.
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