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Abstract

Objectives—To develop computer algorithms that can recognize physiologic patterns in
traumatic brain injury patients that occur in advance of intracranial pressure and partial brain
tissue oxygenation crises. The automated early detection of crisis precursors can provide clinicians
with time to intervene in order to prevent or mitigate secondary brain injury.

Design—A retrospective study was conducted from prospectively collected physiologic data.
Intracranial pressure, and partial brain tissue oxygenation crisis events were defined as intracranial
pressure greater than or equal to 20 mm Hg lasting at least 15 minutes and partial brain tissue
oxygenation value less than 10 mm Hg for at least 10 minutes, respectively. The physiologic data
preceding each crisis event were used to identify precursors associated with crisis onset.
Multivariate classification models were applied to recorded data in 30-minute epochs of time to
predict crises between 15 and 360 minutes in the future.

Setting—The neurosurgical unit of Ben Taub Hospital (Houston, TX).
Subjects—Our cohort consisted of 817 subjects with severe traumatic brain injury.

Measurements and Main Results—Our algorithm can predict the onset of intracranial
pressure crises with 30-minute advance warning with an area under the receiver operating
characteristic curve of 0.86 using only intracranial pressure measurements and time since last
crisis. An analogous algorithm can predict the start of partial brain tissue oxygenation crises with
30-minute advanced warning with an area under the receiver operating characteristic curve of 0.91.

Conclusions—Our algorithms provide accurate and timely predictions of intracranial
hypertension and tissue hypoxia crises in patients with severe traumatic brain injury. Almost all of
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the information needed to predict the onset of these events is contained within the signal of interest
and the time since last crisis.

Keywords

brain tissue hypoxia; forecasting; data mining; intracranial pressure; neuromonitoring; prediction
algorithm; traumatic brain injury

Two central physiologic targets in the management of severe traumatic brain injury (TBI) are
the intracranial pressure (ICP) and the partial brain tissue oxygen tension (PbtO,). Despite
the lack of high-level evidence on impacting clinical outcome via control of these variables,
most ICUs treating TBI incorporate ICP and PbtO, into step-tiered clinical protocols. This
approach is recommended by the Brain Trauma Foundation (BTF) guidelines and by more
recent international multidisciplinary consensus conferences (1-4).

Although the initial injury incurred by TBI patients is usually irreversible, the original
trauma often starts a series of physiologic changes that may cause long-term damage. These
“secondary injuries” can be mitigated and even reversed, to some extent, by careful
management, particularly of ICP hypertension. The current BTF guidelines offer thresholds
at which treatment is recommended in order to prevent or mitigate secondary brain injury.
However, by the time treatment is provided, it may be too late. The ability to predict the
onset of these “crisis” events would provide clinicians with valuable time to attempt aborting
the episode and/or to appropriately manage it. Combining statistical machine learning with
physiologic and clinical insight allows the construction of robust quantitative models to
predict future events such as elevated ICP or low PbtO, Such models provide targets for
evidence-based individualized treatment in real time (5, 6).

We seek to predict episodes of intracranial hypertension and brain tissue hypoxia 30 minutes
to several hours in advance of overt deterioration using intuitive and simple models whose
inputs are the recent ICP or PbtO, values, the time since the last crisis and the fraction of the
time spent with high/low ICP or oxygen levels. We investigate how model performance
changes as the prediction time increases, providing an estimate of the clinical timescale of
crisis precursors. We also investigate the importance of these crises with regards to clinical
outcomes by computing correlations between both the total time and fraction of time
patients spend in each type of crisis and their 1-, 3-, and 6-month Glasgow Outcome Scale
(GOS) (7).

To the best of our knowledge, this article represents the first attempt to build a predictive
model for brain tissue hypoxia in TBI patients. Although previous work has been published
on predicting ICP crises, these approaches use more than 100 independent variables (8). In
contrast, we propose that it is possible to achieve good predictive performance using five
extracted features, forming intuitive models that are perhaps less prone to overfitting and
more likely to generalize to clinical settings.
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MATERIALS AND METHODS

Database

We constructed a database of 874 subjects who experienced severe TBI. Patient data were
collected between 1989-2000 and 2006—2013. All subjects were admitted to the
neurosurgical ICU of Ben Taub General Hospital located in Houston, TX. ICP, mean arterial
pressure (MAP), end-tidal CO5 (ETco,), oxygen saturation, and PbtO, measurements were
recorded every 36 seconds from the patient monitors for each subject over the course of their
ICU admission. ICP measurements were made using either a extraventricular drain or an
intraparenchymal fiberoptic probe. PbtO, measurements were made using the Licox (Integra
Life Sciences, Plainsboro, NJ) device. ICP recordings were present in 817 subjects for
subsequent analysis of intracranial hypertension. PbtO, recordings were present in 242
subjects for analysis of brain tissue hypoxia. The Institutional Review Board of Baylor
College of Medicine approved the use of this dataset for retrospective analysis (protocol
H-34134).

Prediction Task

Our goal was to discover algorithms that could provide early warning of impending crises in
TBI patients. We developed and evaluated a set of statistical models to predict periods of
elevated ICP, as well as a second set of models to predict depressed PbtO,. ICP crises were
defined as time periods where ICP was greater than or equal to 20 mm Hg for at least 15
minutes. PbtO, crises were defined as time periods where PbtO, was less than 10 mm Hg
for at least 10 minutes. In both cases, a 30-minute window of physiologic data and the time
since last crises were used to predict impending crisis events between 15 and 360 minutes in
the future.

Evaluation Process

The database was separated into three cohorts. Data collected from subjects between 1989
and 1996 formed the study cohort; data between 1996 and 2000 comprised the model
selection cohort; whereas data between 2006 and 2013 defined the validation cohort. The
study cohort was used to develop candidate predictive models, while the model selection
cohort was used to evaluate their performance. The best performing models were
subsequently validated on the independent validation cohort. This strict separation of model
development, selection, and validation makes it highly unlikely for the model to be over-fit
to the training data.

Because data were collected over a period of 24 years, changes in patient care practices
could impact model applicability. Our groups are well matched in terms of age, gender, and
admission Glasgow Coma Scale. No attempt was made to create strictly matched groups
because our primary aim was event prediction, not outcome comparisons between cohorts.
Differences in mortality rates may be due to trauma causes and advancement of care
practices. Models were constructed and tuned using the oldest of the recorded data and
evaluated on temporally distinct and more recent data. If such models work well across this
wide time range, it provides strong evidence that the models are robust to changes in care
management, which may make them widely applicable.
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Different types of statistical models were developed using the study cohort. The top 6
models were evaluated using the model selection cohort. We used the area under the receiver
operating characteristic curve (AUC) to evaluate discrimination performance. We tested the
two best performing models on the independent validation cohort.

Two tests were performed using the validation cohort. The first used 10-fold cross validation
to calculate an average AUC. This test measures the ideal-case performance of the models.

In the second test, model parameters optimized using the study cohort are directly applied to
the validation cohort, without modification. This more pessimistic evaluation measures how
the models perform when parameters are fit to data that are distinct from the dataset used to
construct the model.

The process for developing predictive models of PbtO, crises was similar, but because PbtO5
crises are more rare than ICP crisis events, the epochs prior to PbtO, crises were replicated
100 times in the data used for model development to increase their prevalence, a standard
method for dealing with rare classes (9).

Models Evaluated

Three types of classification algorithms were studied: Gaussian processes (GP), logistic
regression, and the Autoregressive Ordinal-Regression (AR-OR) model described by Myers
etal (10).

Gaussian process models were evaluated by duplicating the steps used by Gliiza et al (8).
Their selection method generated a set of features for each epoch, after which a GP model
evaluated the predictive ability of each feature individually to predict crisis states. This
process generated 145 features in our dataset. We used the top 5% of these features in
combination to predict crises 30 minutes in the future.

Logistic regression models were evaluated based on the 145 features identified by Giiza et
al (8). A univariate analysis was performed to measure the association between each
individual feature with the onset of crisis events. This feature set was truncated to include
only those features with the strongest associations.

The AR-OR model utilizes a hidden Markov model to learn a set of latent time series states.
The fraction of time spent in each state was used as an input to a logistic/probit regression
(along with other features) to predict the value of a dependent variable. The AR-OR model
has demonstrated success in classifying vital sign time series (9).

Several combinations of these model generation methods were applied to the study cohort.
Additional physiologic signals (CPP, MAP, and Petco,) were included in the model
construction. A piecewise-linear approximation of the time since last crisis was also
included in the models.

Additional information related to the methods of this article can be found in the online
supplemental material (Supplemental Digital Content 1, http://links.lww.com/CCM/B869).
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RESULTS

A breakdown of the study cohorts by demographics and types of trauma can be seen in
Tables 1 and 2. Typical ICP and PbtO, recordings can be seen in Figure 1. The time since
the last crisis was found to be strongly predictive of when another crisis would occur. Figure
S1 (Supplemental Digital Content 1, http:/links.lww.com/CCM/B869) shows the probability
of a second crisis occurring as a function of the amount of time elapsed since the last
observed crisis event. The probability of having a crisis is higher if the subject had recently
experienced a crisis.

Prediction of ICP Crises

The physiologic signals found to be most associated with precursors to intracranial
hypertension were ICP and the change in ICP (AUC = 0.85 at 30 min from event) (Fig. 2A).
We found that CPP, ETco,, and MAP, as well as changes in these signals, had little
predictive power when used in isolation (AUC = 0.49, 0.57, 0.58, respectively, at 30 min
from event). The time since last crisis performed better than any individual physiologic
signal at prediction times greater than 30 minutes. We found that the majority of the
information associated with the precursors of ICP crisis was contained within the last two
ICP values of the 30-minute epoch, no matter how far in advance this epoch is from the
crisis event. The best model for predicting ICP crisis events 30 minutes in advance uses two
states in the AR-OR model to obtain two fractions, along with the time since last crisis and
the last two ICP values. Because this is a rare class problem, the F~,-score was used to
compare the model with a null hypothesis where all epochs are classified as no crisis (11—
14). We obtain a maximal F,-score of 0.79 for the ICP predictive model and 0.37 using the
null hypothesis.

In Figure 3, we show the two-state hidden Markov model state diagram learned to predict
ICP crises. The two states correspond to a “precrisis” state, with mean value of 19 mm Hg
for the ICP and a small positive change in ICP and a “noncrisis” state with mean value of 11
mm Hg and little change in ICP. The amount of time spent in the precrisis state contributes
to the likelihood that a patient will have an ICP crisis in 30 minutes, whereas time spent in
the noncrisis state reduces this likelihood.

Prediction of Brain Tissue Oxygen Crises

The physiologic signals found to be most associated with precursors to PbtO, crisis were
PbtO, and the change in PbtO, (AUC = 0.91 at 30 min from event in the model selection
cohort) (Fig. 2B). We found that arterial oxygen saturation and CPP, as well as changes in
these signals, had little predictive power (AUC = 0.53 and 0.58). In the case of PbtO, crises,
the time since last crisis had the lowest performance compared to the individual physiologic
signals. We obtained an ~»-score of 0.43 using the predictive model for PbtO, and 0.07 for
the null hypothesis. For a given signal, we found that the majority of the information
associated with the onset of PbtO, crisis was contained in the last two points of the 30-
minute epoch, no matter how far in advance this epoch is from the crisis event. The best
model for predicting PbtO, crisis events used the two-state AR-OR model, the time since
last crisis and the last two PbtO, values.

Crit Care Med. Author manuscript; available in PMC 2020 March 20.
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The prediction performance of both the ICP and PbtO, algorithms as a function of
forecasting time can be seen in Figure 4. Additional performance measures can be found in
the supplemental material (Supplemental Digital Content 1, http://links.lww.com/CCM/
B869).

Patient Outcomes

We correlated the fraction of time patients spend in crises and their 1-, 3-, and 6-month
GOS. Because the values of the fraction of time in crises are non-Gaussian, standard tests
such as a two-sample #test are not applicable. A nonparametric bootstrap test (15) was used
to compare the median cumulative time in crisis or fraction of time in crisis for patients with
GOS of 1-3 against the median values for patients with GOS of 4-5 (Table S11,
Supplemental Digital Content 1, http://links.lww.com/CCM/B869). Statistically significant
correlations were found.

DISCUSSION

Our goal was to discover models that could be incorporated into bedside monitors in order to
provide clinicians early warning of ICP and PbtO, crises in TBI patients. Research related to
forecasting ICP measurements has been ongoing over the past 30 years. In 1983, R. Allen
discussed the importance of automated ICP data collection and suggested that short-term
predictions may be more useful than long-term predictions due to changes in patient
conditions. This observation supports the use of short epochs of time for making clinical
predictions (16) and was the basis for choosing a 30-minute epoch for this study.

Several works have been published attempting to either predict the onset of ICP crisis events
or to forecast future ICP values themselves with limited success (17-19). The closest work
to this study is that of Guiza et al (8). They used a 4-hour epoch of minute-byminute
measurements of ICP and MAP in conjunction with patient length of stay and other time
series features, to predict ICP crises in the next 30 minutes. The authors were able to predict
ICP crises (defined as ICP = 30 mm Hg for at least 10 min) with an AUC of 0.87 (8). This
work represents the best prediction to date.

However, despite the high AUC they achieved, Guiza et al (8) used a very large number of
features, testing an initial set of 1,000 potential features and utilizing approximately 100.
The large number of features increases the potential of overfitting. In contrast, the best
approach we considered uses five features (time spent in each of two states, the last two
points in the primary signal epoch, and the time since last crisis). Guiza et al (8) reported
that the 10 most important predictors in their model include the most recently observed ICP
value, which is consistent with our results. However, this set also includes the 68th and
143rd most recent observations. It is difficult to posit a clinical justification for why these
particular observations are important, suggesting the possibility of overfitting. Indeed, we
were unable to replicate the performance of GP-based predictive models of Giiiza et al (8)
on our own data sets.

In our study, we found that the most accurate predictive model for ICP crises was a five-
feature logistic regression using the AR-OR output along with the last two measurements of
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ICP and the time since last crisis (AUC of 0.83 with direct validation; 0.86 using 10-fold
cross validation).

For predicting PbtO5 crises, we found that the last two observed PbtO, measurements alone
are an extremely useful predictor of an upcoming crisis. Using the last two measurements
along with the two AR-OR features achieved an AUC of 0.97 for predicting PbtO, crisis
events 30 minutes in the future on the model selection cohort, and achieved an AUC of 0.91
on the validation cohort (0.91 using 10-fold cross-validation). For predicting ICP and PbtO,
crises, we found that none of the other recorded physiologic signals increased the model’s
predictive ability. This implies that much of the information necessary to predict the onset of
crisis events is contained in the ICP or PbtO, signals. These results are consistent with
observations from Giliza et al (8).

Given that our models can forecast ICP and PbtO, crises, it is natural to ask whether
preventing such crises in TBI patients would be clinically beneficial. Although providing a
definitive answer to this question is difficult, our results indicate that time spend in crisis
state seems to be correlated with outcome (Table S11, Supplemental Digital Content 1,
http://links.lww.com/CCM/B869). Although correlation does not imply causation, these
results suggest that an outcome benefit may be achieved by reducing the cumulative amount
of time that a patient spends in a crisis state.

Although the data were prospectively collected, the analysis is retrospective. Also, because
this is a treated cohort of subjects, it is likely that the clinical team detected subjects that
were heading towards crisis states and intervened. However, it is unlikely that this occurred
for every patient, and it is unlikely that physicians could consistently detect the onset of such
crisis events 30 minutes beforehand. Because we do not have records of interventions
performed, it was not possible to distinguish between a precrisis epoch that was successfully
averted by intervention and a similar looking epoch where the patient recovered without
intervention.

Although our definitions for ICP and PbtO, crises may not be universally acceptable, they
follow current BTF guidelines and are consistent with contemporary clinical intuition. More
importantly, our methodology is not dependent on the particular crisis definition and can be
applied to variable thresholds as deemed necessary.

CONCLUSION

We have presented a simple, robust, and validated model for predicting ICP and PbtO, crises
in patients with severe TBI within an adequate time window for clinical intervention. Using
ICP measurements and the time from last crisis, our model can predict ICP crises from 15
minutes to 6 hours in the future with AUCs ranging from 0.76 to 0.92. Using measurements
of PbtO,, our model can predict PbtO, crises in the same time span with AUCs ranging from
0.74 to 0.91. Both models were validated using independent validation cohorts. Our
approach uses a minimum set of features that are easily understood and requires only a 30-
minute lead-in period. We found that adding additional physiologic signals to the prediction
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model did not improve results, implying that these signals either do not contain additional
information or that changes in these signals are already incorporated in the main input
features. Finally, we demonstrate that the 1-, 3-, and 6-month GOS scores are correlated
with time spent in these crises states. This finding may indicate that the ability to predict the
onset of crisis events would be valuable, as it would provide time for early intervention,
reducing the time a patient spends in crisis, which may improve patient outcomes.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Typical intracranial pressure (ICP) and partial brain tissue oxygenation (PbtO,) recordings.
Crisis periods are annotated with lines.
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A, Performance of several classes of predictive models of Intracranial pressure (ICP) crises
as a function of model forecast time, based on data from the model selection cohort. B,

Performance of several classes of predictive models of partial brain tissue oxygenation

(PbtO5,) crises as a function of model forecast time, based on data from the model selection

cohort. AR-OR = Autoregressive Ordinal-Regression, AUC = area under the receiver

operating characteristic curve.
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State diagram of the hidden Markov model for predicting intracranial pressure (ICP) crisis
(top), state labels for sample precrisis epoch (middle), and state diagram of the hidden
Markov model for predicting partial brain tissue oxygen tension (PbtO,) crisis (bottom).
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Best predictive model performance as a function of model forecast time, based on data from
the validation cohort. AUC = area under the receiver operating characteristic curve, ICP =
intracranial pressure, PbtO, = partial brain tissue oxygen tension.
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