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Abstract
The critical care environment drives huge volumes of data, and clinicians are tasked with quickly processing this data and
responding to it urgently. The neurocritical care environment increasingly involves EEG, multimodal intracranial monitoring,
and complex imaging which preclude comprehensive human synthesis, and requires new concepts to integrate data into clinical
care. By definition, Big Data is data that cannot be handled using traditional infrastructures and is characterized by the volume,
variety, velocity, and variability of the data being produced. Big Data in the neurocritical care unit requires rethinking of data
storage infrastructures and the development of tools and analytics to drive advancements in the field. Preprocessing, feature
extraction, statistical inference, and analytic tools are required in order to achieve the primary goals of Big Data for clinical use:
description, prediction, and prescription. Barriers to its use at bedside include a lack of infrastructure development within the
healthcare industry, lack of standardization of data inputs, and ultimately existential and scientific concerns about the outputs that
result from the use of tools such as artificial intelligence. However, as implied by the fundamental theorem of biomedical
informatics, physicians remain central to the development and utility of Big Data to improve patient care.
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Introduction

The entire digital universe in 2020 consists of 40 times more
bytes than there are stars in the sky—44 zettabytes. In just a
few years, we will collectively create the equivalent of nearly
9 million DVDs worth of data every hour [1]. More than 90%
of the data in the world has been created in just the past several
years [2]. Healthcare data is also accumulating rapidly with
expanding adoption of electronic health record (EHR) sys-
tems, and what was projected to have surpassed 25 exabytes
just a few short years ago [3] is now estimated to balloon to
35 zettabytes by 2020 [4]. The critical care environment, in
particular, drives huge volumes of data from a variety of
sources, everything from intermittent imaging results to

continuous physiological sensor data. Clinicians are tasked
with processing this data and responding to it urgently in order
to care for the sickest patients. As brain-focused critical care
grows internationally, the use of data-intensive brain monitor-
ing technologies such as electroencephalography (EEG) and
intracranial multimodal monitoring (MMM) generates time-
resolute multivariate time series that preclude comprehensive
human interpretation and require new concepts to integrate
these data into patient care and to leverage these data to foster
research insights and progress.

What Is Big Data: Defining Big Data
in Neurocritical Care

In 2012, the Big Data Research and Development Initiative
was launched by the USA, leading the National Institute of
Standards and Technology (NIST) to create a Big Data
Interoperability Framework including definitions to guide
concepts surrounding large-volume data in industries such as
healthcare. Big Data is a term that encompasses any data that
cannot be handled efficiently by “traditional data architec-
tures,” such as relational databases (e.g., standardized query
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language (SQL)) or consumer software platforms (e.g.,
Microsoft Excel) [5]. The canonical 4 Vs of Big Data—vol-
ume, variety, velocity, and variability—describe characteris-
tics of data that make it a challenge to handle with standard
technologies. Big Data by definition requires “a scalable ar-
chitecture for efficient storage, manipulation, and analysis”
[5].

The critical care environment generates data every day that
embody the characteristics (Vs) of Big Data. In the pediatric
intensive care unit (ICU), one study documented a median of
1348 clinical data points each day, with nearly double the volume
in patients requiring the most advanced technologies such as
extracorporeal membrane oxygenation [6]. ICU data comes from
a variety of systemswithmultiple standards, including structured
data (Health Level Seven (HL7) clinical flowsheet data),
propriety-format semi-structured sensor data such as EEG, and
unstructured free-text clinician notes, as well as Digital Imaging
and Communications in Medicine (DICOM) standard imaging
and Logical Observation Identifiers Names and Codes (LOINC)
standard laboratory values. While there are some technical stan-
dards, meta-data—such as the zeroing strategy used to measure
the arterial blood pressure, a key variable in interpreting cerebral
perfusion pressure—is lacking and there are no widely adopted
methods for integrating these data [7]. The high-velocity flow of
this data occurs in real time, and clinicians in the ICU are expect-
ed to log in to different systems in order to respond to raw data as
quickly as possible. Clinicians have to account for the variability
in each data point over time. For instance, patients undergoing
thrombectomy after stroke in the USA require blood pressure
measurements each 15 min initially; these data points may be
validated by nursing staff from an arterial blood pressure catheter
that delivers second-by-second data. Within a single day, these
recorded values are spaced to every hour and become sourced
from noninvasive blood pressure cuff measurements performed
directly by a bedside nurse.

Additional Big Data Vs have been proposed with direct
implications on critical care data (Table 1). The veracity of
the data in the ICU is constantly evaluated: clinicians may
ask for the external ventricular drain to be re-zeroed or fre-
quently ignore a concerning but artifactual rhythm on telem-
etry that results from sternal rub. Validity and value are related
terms that are similarly considered as part of day-to-day care.
In the recent Brain Oxygen Optimization in Severe Traumatic
Brain Injury (BOOST)-II trial, the first 5 h of brain tissue
oxygen data was excluded from analysis to allow for equili-
bration and validity checks [8] and a median of 8 h was re-
quired for valid brain tissue oxygen data in another retrospec-
tive series [9]. The value of data is equally important. For
instance, a lab test such as a brain natriuretic peptide level in
a patient with neurocardiogenic stunning and pulmonary ede-
ma may add nothing to the clinical exam in a patient with
known extravascular volume overload. In contrast, several
hours of continuous EEG monitoring in a comatose patient

with nonspecific background slowing may continue to have
value based on evidence that a full 48 h of EEG may be
required for adequate sensitivity to detect relevant pathology,
such as seizures [10].

Big Data Infrastructure in Neurocritical Care

Informatics relies on a simple model wherein input is proc-
essed and analyzed to produce output (Fig. 1). However, when
the input consists of Big Data, new types of architecture are
required by definition. A key step in creating a Big Data in-
frastructure from an engineering standpoint is to move away
from traditional relational database systems. Termed NoSQL
databases, these are infrastructures that allow flexible data
storage within a distributed network of computing resources.
Whereas SQL databases use tables to store data, which in-
clude definitions about which data is stored where, NoSQL
databases can be stored free-form or can use novel strategies
based on key values or graph networks. In many instances,
developing the architecture necessary to store and use Big
Data captured in the ICU requires collaboration with local
resources in order to reduce costs and comply with informa-
tion security and technological regulations.

Tools then must be developed for preprocessing, feature
extraction, and statistical processing (Fig. 1). Preprocessing
may refer to outlier detection algorithms that remove values
of arterial pressure that are negative in value, complex algo-
rithms designed to check data based on its relationship with
other data (e.g., two temperatures from two sources may be
checked to see if one is disparate), or imputation procedures to
fill in the blanks where data might be missing. Feature extrac-
tion subsequently reduces the raw data into discrete data
points while allowing for data integration through common
sampling frequencies (e.g., daily averages). Statistical pro-
cessing refers to methods of evaluating the data either using
statistical inference or using artificial intelligence tools.
Finally, analytics refer to the output product depending on
what is needed: description, prediction, or prescription.

Clinicians are intuitive data scientists. Consider a patient who
has tachycardia. First, the ECG telemetry signal itself is evaluated
for accuracy (preprocessing) and the heart rate, which is a 10-s
average, is then recorded in a flowsheet with other down-
sampled hourly heart rate values (feature extraction) by a bedside
nurse. The clinical care team then performs time series analysis
with Bayesian inference (statistical processing) to decide that this
value is higher than expected based on prior values even though a
value or 2 was not recorded overnight. An internal model is
created incorporating information from EHR including a) that
the patient has had a Foley catheter for several days and b) she
has new leukocytosis, and with that, the care team is now able to
predict that the patient is developing sepsis (analytics) and sends
a urinalysis to confirm rather than waiting for a catastrophic
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change in physiology to declare itself. All this is done without a
second thought: it is how we are trained to think. But adding the
complexity of the critical care unit to this problem – the patient
also had a venous thrombosis found last night and is being
weaned from her analgosedation – and it is easy to see how
quickly we are subjected to thousands of data points prior to
arriving at an analysis. Despite our abilities, humans are limited

in consciously processing more than four independent variables
at the same time [11].

Insights Through Feature Extraction

Much of what is referred to as Big Data in the acute setting
results from high-volume time series data, which requires

Table 1 The Vs of Big Data in
neurocritical care Term Definition Example

Volume Data large enough to create challenges
in its storage, management, and use

EEG generates > 1 GB of data each day. In order to
study the time series of multiple patients over
multiple days, a variety of NoSQL architectures
have been proposed, including NeuroPigPen [69]

Variety Data exists in multiple forms: structured
(e.g., flowsheets), semi-structure, and
unstructured (e.g., text notes) data

Combining standard scales based on clinical data
such as imaging and physiologic time series data,
studies in patients with SAH [32] and with TBI
[26] have demonstrated improvements in the area
under the curve to predict clinically important
endpoints relative to structured data alone.
Unstructured data has been analyzed using
special techniques such as natural language
processing to accurately define stroke subtype
with good agreement compared to expert chart
review [20]

Velocity Data in motion; the amount of time in
which data is generated and passed
on to storage or analysis. Real-time,
or streaming, data

Processing ICP and ABP to generate the pressure
reactivity index is a promising method of
assessing cerebral autoregulation and guiding
CPP targets [15]. A small pilot study
demonstrated the feasibility of processing these
signals in real time in order to provide a bedside
display of the optimal CPP [70], and a clinical
trial is underway to test its use in guiding CPP in
patients prospectively [47]

Variability Changes in data flow rate or format
over time

In a survey of data collection across 2 major
multicenter observational studies of TBI, devices
were found to record at variable sampling
frequencies, and there was a lack of standardized
nomenclature in labeling or sampling across sites
and platforms [7]

Veracity An understanding of data origination
(provenance) and trustworthiness

The veracity of billing and coding data (i.e., ICD
codes) to determine diagnosis in large
epidemiological databases is not perfect. The
positive predictive value for a stroke diagnosis
ranges from 31 to 97% [71]; differences exist
based on hospital setting (rural vs urban) and
stroke severity [72]

Validity The appropriateness of the data for its
intended use

The use of central venous pressure to assess fluid
volume status was called into question when the
data was found to have limited validity [73]; the
use of central venous pressure has fallen out of
favor in the management of subarachnoid
hemorrhage as a result

Value The usefulness of the data to generate
insights

The EKG signal is used for bedside monitoring,
but the raw signal is often discarded for summary
measures (heart rate); computation methods that
calculate heart rate variability have shown
promise to predict delayed cerebral ischemia
after subarachnoid hemorrhage [74], enhancing
the value of the higher-volume signal
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signal processing in order to both preprocess and extract rel-
evant features. Common signal preprocessing techniques in-
clude filtering based on specific frequencies oroutlier removal
methods (Fig. 2). Signals such as the intracranial pressure
(ICP) waveform are often expressed using summary statistics
as a principle feature, such as mean ICP. However, clinicians
recognize each wave within the signal has physiologic impor-
tance. An example of detailed signal processing in
neurocritical care is illustrated by the Morphological
Clustering and Analysis of ICP (MOCAIP) framework [12],
which was developed to precisely measure nonartifactual ICP
peaks, thereby creating a rich feature set including automated
measurements of slope and waveform duration for each beat-
to-beat ICP oscillation.

Physiologic time series vary according to complex interac-
tions that are not explained by simple assumptions (sometimes
referred to as nonlinear relationships). The implication is that a
whole system cannot be understood simply by component
signals. Measures of complexity uncover insight embedded
within these signals that are not visible on bedside monitors.
Entropy measures, for example, quantify the unpredictability
or randomness within a signal; several different entropy mea-
sures have been used including approximate entropy (ApEn),
sample entropy (SampEn), andmultiscale entropy (MSE). In a
cohort of 290 patients with severe traumatic brain injury

(TBI), the MSE of the ICP signal demonstrated decreased
complexity during critically elevated ICP and the average
complexity index of the ICP signal was an independent pre-
dictor of outcome [13]. Scalar features are those that do not
change whether the feature is measured over seconds or hours
or even days which can be quantified using detrended fluctu-
ation analysis (DFA). In one study of 147 patients with TBI,
the DFA intercept and scaling exponent were linearly corre-
lated and independently associated with outcome [14]. While
measures of heart rate variability have been studied for de-
cades, higher-order measures of complexity have only begun
to touch on the signals measured in the neurocritical care unit.

The relationships between signal features can provide
insight into physiologic states. In one of the most successful
translational informatics stories in neurocritical care, the
correlation coefficients between the input pressure (either
arterial or cerebral perfusion pressure) and various surro-
gates of cerebral blood flow or volume (i.e., ICP or nonin-
vasive infrared spectroscopy) have been validated as surro-
gate measures of autoregulatory function. The pressure re-
activity index (PRx) specifically is defined as the moving
average correlation coefficient of the mean arterial pressure
and the ICP. In a seminal series of 327 patients with severe
TBI undergoing ICP monitoring, the PRx was mapped to
cerebral perfusion pressure (CPP), uncovering an optimum

Fig. 1 A simplified Big Data Framework. Informatics relies on input to
generate an output. Input is made up of data from a variety of variable
sources. Preprocessing (cleaning, artifact removal, and signal processing)
steps are performed so that the next steps reflect only valid, verified data.
Data is simplified through feature extraction, and then statistical
processing is used to evaluate the data for meaning and importance,

whether through standard statistical inference techniques or more
sophisticated artificial intelligence algorithms. Finally, analytics are
used to describe the data, then use the data to predict relevant events or
to prescribe specific courses of action that might be warranted based on
the data.
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CPP at which autoregulatory function was maximized. The
distance from this optimum CPP was shown to vary linearly
with outcome [15], reinforced by a meta-analysis demon-
strating that particularly in TBI, there is a significant corre-
lation (r = 0.37; 95% CI, 0.28–0.47) with functional out-
come [16]. Coupling between more than two variables be-
comes more complex because the number of correlations
increases exponentially with each new variable. Work to
develop a framework for quantifying the nonlinear interac-
tions between networks of multiple physiologic variables
has led to the concept of time delay stability which has been
studied in the context of sleep-state transitions and promises
to uncover novel cross-system coupling associated with
pathological brain states [17]. Graph theoretical models al-
low quantification of networks of physiological interactions
based on correlations or more complex nonlinear interac-
tions, while techniques such as Granger causality may play
a role in determining the direction of those relationships.

For unstructured data such as free-text notes, natural lan-
guage processing (NLP) is a tool that draws features from
syntactical data based on specified rules. Features can then
be generated directly from clinical documentation, poten-
tially preserving the nuances of uncertainty and allowing for
data that has no structured access point. NLP has been used
primarily to enhance research and registry data collection,
including use in abstracting key data from CT reports about
the size and location of subdural hematomas [18], identify-
ing cohorts of patients with subarachnoid hemorrhage
(SAH) and their matched controls [19], and recognizing

ischemic stroke subtypes based on progress notes and radi-
ology reports [20].

Insights Through Artificial Intelligence

Statistical processing tools refer to both traditional statisti-
cal inference models, such as linear or binary regression, or
artificial intelligence tools, including machine learning and
neural network techniques. Regression models have driven
much of the statistical methodology of the past decades;
however, there are significant limitations on the number of
predictor variables a model may contain and they may
make assumptions about the relationships between those
predictors that are not true, e.g., assumptions about linear-
ity between variables. As a general principle, the “one in
ten” rule dictates that at least 10 observations should be
made for each predictor. Thus, a small study of 100 pa-
tients might include 10 predictors for a linear endpoint;
however, if the model is designed to predict death and only
20 patients died, at most 2 predictors should be used.
Modern alternatives to standard binary regression analysis
techniques may relax this rule, but in general, this rule
provides reasonable guidance [21].

Machine learning tools, on the other hand, do not re-
quire these restrictions a priori. Instead, overfitting be-
comes the primary limitation. Overfitting refers to the de-
velopment of a complex model that works on the small n
used to train the model, but because the model is so spe-
cific, it is inaccurate when applied to larger test datasets

Fig. 2 Common signal processing steps. Signal processing techniques
are used for raw sensor data in order to remove artifacts and noise that
may impact feature extraction and therefore analysis. (A) The raw signals
recorded in the ICU are often noisy. The ICP waveform recorded here is
visible, but there is high-frequency data that gives the signal a fuzzy
appearance. Electrical noise (60 Hz in the USA or 50 Hz in Europe) is
common. (B) A filter is applied that removes frequencies of 60 Hz from
the signal; note the fuzziness of the ICP waveform is gone. (C) Simple

outlier detection uses simple thresholds to dismiss any signal outside of
that threshold. For instance, an ICP > 100 mmHg is not likely to be
physiologic and, therefore, any values outside of this area can be exclud-
ed. Similarly, (D) the oscillations within a signal can be used as thresholds
by stipulating that a signal should have a certain standard deviation over a
window of n units of time. In this case, there were 3 s of flat, invariant
values suggesting an artifact that should be removed.
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with higher variance. This generalization gap is a reflec-
tion of the bias–variance trade-off (Fig. 3). Bias refers to a
model that does not incorporate fully the complexity of
the data whereas variance reflects noise from data that is
not needed to create a valid model. Therefore, machine
learning often seeks to find the model with the lowest
prediction error by varying parameters. Machine learning
can model known endpoints, termed supervised machine
learning, or it can explore relationships within the data in
a hypothesis-free way, referred to as unsupervised ma-
chine learning. A deeper look at the various machine
learning tools that are readily available is covered else-
where [22].

Supervised Learning

Supervised learning can be used for high-dimensional datasets
in order to model or describe how the data relates to a label. In
a landmark study assessing conscious awareness in patients
with acute brain injuries, continuous EEG features were used
to construct a support vector machine model to describe re-
sponses to verbal commands (the label) using a block design.
Fifteen percent of patients clinically in coma had EEGs that
predicted the label with an area under the curve (AUC) signif-
icantly more than 50% (corresponding to chance alone), sug-
gesting their EEG was changing in response to verbal com-
mands even if their bodies were not [23].

Fig. 3 The bias–variance trade-off. This figure conceptually demon-
strates the trade-off between bias (red line), meaning that data is not
included in the model that is necessary for the model to be accurate,
and variance (green line), or data that is not necessary for the model to
be accurate, sometimes referred to as noise. The model error is the sum of
the bias2, the variance, and irreducible error, as shown in the bottom
portion of the figure. The Y-axis represents prediction error, and the X-
axis represents the complexity of the model being created. Training error
(dashed orange line) refers to increasing accuracy when variables are
added to a model being created on relatively small cohort. However, this
model may be overfit and this leads to an increase in test or validity error

(dashed blue line) when applied to larger cohorts. An optimal model falls
on the dashed blue line at its lowest, when bias and variance are mutually
minimized, as denoted as the relatively white space between the
underfitting and overfitting zones demonstrated in gray shading. Across
the top are visualizations of models that are representative of an underfit
model on the left (such as a linear regression, which fails to capture the
complexity of the data) and an overfit model on the right, in which the
model adheres to the training data that it would be inaccurate given new
data points. An optimal fit is shown in the center, in which an exponential
curve is fit nicely across the data in a way that minimizes the distance
between the observed and the predicted data.
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Endpoints or outcome measures may also act as labels for
supervisedmachine learning. Using the vital signs from nearly
270,000 hospitalized patients, one study used several machine
learning techniques to predict death, cardiac arrest, or ICU
admission. Using derivation and validation cohorts including
more than 16,000 events, the authors found that the random
forest method yielded the highest AUC of 80% compared to
established models (such as the modified early warning score)
[24]. Standard regression models have been validated to pre-
dict clinical outcome following moderate-to-severe TBI based
on more than 15,000 patients enrolled in two large clinical
trials using simple admission variables [25]. The Brain
Monitoring with Information Technology (BrainIT) group
used Gaussian process models in a cohort of 264 patients with
TBI and demonstrated that the inclusion of ICP and arterial
blood pressure signals sampled each minute over 4-h win-
dows across 239 patients increased the AUC of the
International Mission for Prognosis and Analysis of Clinical
Trials (IMPACT) model for long-term outcome from 72 to
90% [26].

Importantly, caution is warranted prior to deploying com-
plex machine learning algorithms for outcome prediction: as
practice and patients change in their baseline characteristics,
models need not only validation, calibration, and decision
curve analyses [27], but model versioning and regular
updating in order to avoid applying improperly fit or out-of-
date models. In other words, machine learning models act
more like software than statistics; in this regard, regression
methods will likely continue to play an important role in prog-
nostic modeling [28].

Unsupervised Learning

Unsupervised techniques do not require labels or an outcome
endpoint but rather group input data based on patterns that do
not need to be defined a priori, thus reducing some of the risk
of investigator bias. For instance, in a cohort of pediatric pa-
tients with sepsis, the expression of thousands of genes was
examined using unsupervised techniques, and despite the in-
dividual variability of gene expression across each patient,
there were essentially three distinct “clusters” or patterns that
emerged [29]. By focusing on these clusters, the authors found
that they differed based on adaptive immunity and zinc
biology–related gene pathways and subsequently confirmed
they also differed in their clinical characteristics. Grouping
patients first by age or severity and using a supervised tech-
nique might have missed these insights: groups B and C had
similar illness severity, and groups A and C had similar ages.

Unsupervised techniques include principal component
analysis used for dimensionality reduction, in which the struc-
ture of the data itself is simplified into representative features.
Simplified data structures may have stand-alone importance
when it defines a class or state in which a patient exists by

organizing multivariate data into groups, termed cluster or
latent class analysis. In one study exploring hierarchical clus-
ter analysis in 23 patients with TBI, 18 brain and body signals
were measured each minute for a median of 7 days from
which three clusters emerged, roughly corresponding to out-
come [30]. In a follow-up from the same group, 17 patients
were studied each with 45 measured signals; 10 clusters were
identified. Assessment of these clustered patients by clinicians
failed to identify any clinical correlation, yet several clusters
were associated with a higher probability of death or
multiorgan failure [31]. Interestingly, cluster assignments
shifted over time, suggesting that clustering algorithms may
identify novel hidden physiologic states that might be poten-
tially influenced in order to impact outcome.

The presence of hidden states within time series physiolog-
ic data also forms the rationale for using unsupervised tech-
niques as a feature generation tool in predictive modeling. In a
study of 488 patients with subarachnoid hemorrhage, a con-
volution dictionary learning algorithm was used to generate
4200 physiologic features. When these features (similar to
very small clusters or states) were combined with clinical var-
iables in a partial least squares regression, the model resulted
in an AUC of 78% (95% CI, 64–92) [32].

Topological data analysis is an unsupervised technique that
includes dimensionality reduction, pattern detection, and net-
work visualization and allows for an assessment of complex
interrelationships within multidimensional data. In a proof-of-
concept study using preclinical TBI and spinal cord injury
models, novel relationships between blood pressure and out-
come and a robust interaction between brain and spinal cord
injuries were found, despite the fact that the data had been
studied rigorously using standard statistical techniques [33].
Future work using topological data analytic tools in large ob-
servational, multidimensional clinical datasets such as the
Transforming Research and Clinical Knowledge in
Traumatic Brain Injury (TRACK-TBI) study holds promise
to undercover hypothesis-generating relationships between
clinical, physiologic, and radiologic data.

Learning algorithms are combined approaches that rely on
unsupervised feature extraction followed by interactive expert
annotation and act as a method of making expensive or time-
intensive labeling more efficient. In a study of ICP waveform
identification and artifact reject, 34 patients with ICP wave-
form data were used to generate more than 125,000 dominant
pulse waves. An active learning paradigm was then employed
to select specific waveforms for expert labeling in order to
maximize the Fisher information or minimize variance.
Active learning is a technique bywhich the algorithm attempts
to learn by asking the user to provide a label (“is this an artifact
or a true ICP waveform?”) and then uses those labels to iter-
atively improve its modeling. By doing it so, active learning
reduces the amount of labels necessary for the algorithm to
learn. Thus, as few as 50 labeled ICP segments were required
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per rater, resulting in AUCs averaging 95%, far above tem-
plate matching and threshold-based comparisons [34]. In a
similar paradigm leveraging interactive expert labeling, con-
tinuous EEG signals were clustered in order to provide effi-
cient annotation of seizures or abnormal periodic or rhythmic
discharges. A total of 369 continuous EEG recordings were
broken into segments based on changes in background fea-
tures that were then described using bag-of-words representa-
tion with each cluster representing a different background pat-
tern. This allowed expert readers to quickly scan 30 to 50
clusters and identify patterns, quantifying 24 h of EEG in a
mere 3 min relative to reading and annotating each window
across the entire recording [35].

Hidden Markov Models

Hidden Markov models are dynamic Bayesian networks in
which hidden states occur with a probability that is based on
the existing state of the observed data. Bayesian inference
leverages existing data to model what we expect (prior prob-
ability) and new data to model what we see (likelihood), gen-
erating a posterior probability, which takes into account both
expected and existing data. Markov processes are those in
which the probability of a certain state depends on the prior
state; the term “hidden” refers to the fact that these states are
not observable or defined. Therefore, the hidden Markov
model uses posterior probabilities to identify states that might
not be directly observable. In a recent cohort of patients with
TBI and detailed physiologic recordings, nearly 29,000 h of
data across 379 patients was explored using a hidden Markov
model. States were based on a combination of cerebral perfu-
sion pressure, ICP, pressure reactivity, and compensatory re-
serve. Three distinct states were identified, and the model was
able to predict death based on these states with an AUC of
0.78 ± 0.07. States were dose-dependent, in which the propor-
tion of time spent in the “worst” state also predicted death with
an AUC of 0.75 ± 0.07 [36]. Importantly, the average ICP in
the “worst” state was 20.8 mmHg, less than the recommended
threshold to consider treatment based on the most recent Brain
Trauma Foundation guidelines [37]. Similarly, using a combi-
nation of hidden Markov modeling and statistical inference,
an autoregressive ordinal regression technique was used to
predict critical elevations in ICP across 817 patients and crit-
ically low brain tissue oxygen across 242 patients. Using this
method, they found that a “pre-crisis” ICP of just 19 mmHg
predicted ICP crisis within the next 30 min with a cross-
validation AUC of 86% [38].

Neural Networks

Neural network algorithms use hidden layers of nodes, or
neurons, to create a hierarchy of features that better represent
the nonlinear structure of input data. Artificial neural networks

and convolutional neural networks can be relatively simple
(e.g., one or a few layers) or can encompass multiple layers,
so-called deep learning. Deep learning, in particular, has been
leveraged for imaging data, including identification and quan-
tification of stroke or hemorrhage burden [39]. Even the ap-
parent age of the brain can be intuited using deep learning
strategies, a promising method of inferring premorbid health
and cognitive function. Convolutional neural networks were
used across 2001 healthy controls to derive brain age which
matched actual age with a correlation coefficient of 0.96 and a
mean absolute error of only ~ 4 years [40]. Neural networks
may be more capable of handling the complexity of data gen-
erated in the ICU setting. For instance, neural networks out-
perform linear regression and support vector machine tech-
niques more than 90% of the time for prediction of clinically
relevant outcomes across a variety of neurosurgical applica-
tions [41]. However, moving from intuitive linear relation-
ships to accepting a black box of hidden nodes is a challenge
for most bedside clinicians.

Integrating Big Data into Research

Until Big Data goes from in silico to in vivo, much of the
potential patient impact that is promised by Big Data analytics
will continue to be developed and refined post hoc from data
that comes from increasingly large, well-curated, and more
complete datasets. From time series physiologic data to
genome-wide linkage associations, large sets of data with rich
clinical phenotyping will be necessary to reduce bias and en-
sure Big Data tools will be powered for population-level in-
sights while accurate enough for eventual use at the individual
level. Efforts to curate large, complex datasets have been ini-
tiated in the international TBI community and are beginning to
bear fruit; for example, the International Initiative for TBI
Research (InTBIR) [42] acts as a framework for international
collaboration by providing a way for large, completed funded
studies to be aggregated, greatly expanding knowledge
generalizability.

Despite the primacy of the randomized controlled trial
(RCT) in modern medicine, there is a growing conviction that
the design of such trials undermines the efficacy of therapies
applied without precisely targeting the right patients for the
therapy [43]. The concept of precision medicine was
pioneered through the genetic analysis of tumors and the de-
velopment of tumor-specific chemotherapies, a thoroughly
Big Data approach that has continued to evolve. Modern ap-
proaches to neurocritical care research should leverage the
strengths of Big Data and the randomized controlled trial de-
sign [43].

Consider a hypothetical RCT of a candidate neuroprotec-
tive agent to prevent delayed cerebral ischemia after SAH:
candidate single nucleotide polymorphisms are identified
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[44] and added to imaging-based risk models [45] on admis-
sion to stratify patients into groups. Real-time physiologic
data such as heart rate or blood pressure are then used to adjust
this risk profile over time [32]. As patients enter the window
for delayed cerebral ischemia, those with the highest risk
could then be randomized to various agents using an interme-
diate biomarker such as the development of spreading depo-
larizations [46] as an endpoint; agents that do not performwell
are gradually dropped from random assignment. By working
in a multidisciplinary way to integrate genetics, neurocritical
care, data science, neurophysiology, and adaptive clinical trial
design, the most promising interventions can be evaluated in a
targeted population most likely to benefit at a much lower
cost.

Increasingly, there is need to evaluate the evidence behind
critical care in general. For instance, physiology is constantly
manipulated to achieve goals that have little evidence-based
support. Instead of testing a drug, Big Data–derived compu-
tational analytics can be used to drive precise physiologic
targets. By using modular, app-based design, data scientists
can facilelymove post hoc algorithms into the clinical space to
prospectively test specific critical care management strategies.
For instance, an algorithm to identify an optimum CPP from
the PRx was developed as a visual interface (via ICM+;
Cambridge, UK) capable of being deployed within systems
without homegrown Big Data infrastructure. This algorithm is
now being used to guide the management of CPP in patients
with severe TBI as part of the COGITATE study
(NCT02982122) [47]. While the US Food and Drug
Administration (FDA) does not require specific approval for
Medical Device Data Systems (MDDS), defined as hardware
or software intended to “transfer, store, covert formats, and
display medical device data or medical imaging data”
(Section 520(o)(1)(D)), analytic tools that modify the ICP
and CPP data or its display may require regulatory approval.
Therefore, this paradigm could lead to FDA approval of the
data tools that guide therapy, much in the way that the FDA
approves and regulates tested biologic agents currently.

These examples leverage both Big Data and randomized
controlled trial design in order to address a lack of evidence
within neurocritical care by maximally enriching the patient
cohorts that stand to benefit the most from a therapeutic agent
or physiologic manipulation. In contrast, a second data-driven
focus of research in healthcare capitalizes on the variability in
clinical practice as a method of comparative effectiveness re-
search. The concept of the learning health system has been
defined by the Institute of Medicine as a way to “generate and
apply the best evidence for the collaborative health-care
choices of each patient and provider, drive the process of
discovery as a natural outgrowth of patient care, and ensure
innovation, quality, safety, and value in healthcare” [48]. From
a practical standpoint, learning health systems allow patients
and their caregivers to prioritize research questions and

outcome endpoints, and leverage common data elements
across multiple centers via the EHR in order to track improve-
ments in those outcomes over time. Learning health systems
thus are able to flexibly answer questions that would other-
wise require expensive clinical trials by using practical imple-
mentation in order to shift outcomes that are important to
patients or their caregivers directly. The ImproveCareNow
Network is a successful example of such an architecture in
the pediatric outpatient population and demonstrates the pow-
er of such a system to change both practice and outcome [49].
To date, there is no published implementation of learning
health systems in the critical care environment despite its po-
tential for common diseases such as TBI or stroke [50].

Challenges in Implementing Big Data
at the Bedside

The use of Big Data focuses on three principle goals: descrip-
tion, prediction, and prescription. Each of these goals have
profound implications for implementation. However, there
are major barriers to the widespread deployment of Big Data
infrastructure and techniques within neurocritical care and
there are very few successful examples of a truly data-driven
system within critical care in general [22].

First, many institutions do not have an infrastructure ame-
nable to the acquisition and storage of neurocritical care data
within a nonrelational database structure. Systems such as
Amazon Web Services are open source and tied to platforms
with data storage capacity, yet issues surrounding privacy,
security, access, and bandwidth [22, 51] must be addressed
by the local institution and its information technology experts.
While these platforms are built to support Health Insurance
Portability and Accountability Act (HIPAA) compliance,
user-level configuration may lead to unsecured data. For in-
stance, the Patient Home Monitoring Corporation reportedly
configured a repository of 47 GB of patient-level documents
such that they were freely available via the Internet [52] even
though the Amazon S3 storage platform housing those docu-
ments is fully HIPAA-compatible.

To study or share local data, the oversight of both the in-
stitutional review board and the institution’s legal office is
required to ensure intellectual property is preserved for the
investigator or the institution. Ethics questions center around
privacy, informed consent, justice, trust, and data ownership
[53]. This is highlighted byGoogle’s recent acquisition of data
from the Ascension health system, encompassing the health
records of millions of patients across 21 states [54]. The deal
stoked significant concerns about privacy; the HIPAA require-
ments for the deal required Google to sign a business associate
agreement, which assures the information can only be used for
the benefit of the healthcare system and could not be used in
conjunction with any consumer data from Google itself.
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However, there is no control over how the data is used once it
has been deidentified, termed secondary use. Even stripped of
the 18 HIPAA identifiers, the inherent nature of some data
may preclude true deidentification: consider an unusual phys-
ical abnormality which, tied to a CT from a regional univer-
sity, might be enough to identify a subject allowing concate-
nation with consumer-level data without informed consent. To
date, there are no unified rules governing the privacy of our
data across sectors such as healthcare and industry, creating
challenges to preserve the patient–doctor relationship when
working with industry partners.

Even without an infrastructure, many neurointensivists
have begun the hard work of assembling local datasets that
require Big Data tools. But, the ICU is a messy place and data
is frequently missing, ugly, or corrupt [51]. The quantity of the
data varies from patient to patient, and the quality of the data
depends on equipment and its placement, setup, and mainte-
nance. Artifacts abound—a fact long-recognized by continu-
ous EEG experts [55] and now being addressed for other sig-
nals such as ICP or arterial blood pressure by data scientists
using increasingly sophisticated methods [56]. Researchers
find themselves choosing to train clean data from a few highly
curated patients leading to bias [57] or, conversely, using
noisy data from a large, pragmatically curated cohort of pa-
tients, which leads bad analytics (an extension of the well-
known computer science dictum: garbage in, garbage out)
[22]. Work to create a consensus checklist for Data Access
Quality and Curation for Observational Research Designs
(DAQCORD; daqcord.org) is underway and promises to
improve the quality of data a priori rather than relying on
post hoc data cleaning methods which can be prohibitively
time-consuming.

Third, data is poorly integrated in the neurocritical care
unit. In a survey of sites collecting high-resolution physiologic
data as part of TRACK-TBI and Collaborative European
NeuroTrauma Effectiveness Research in TBI (CENTER-
TBI) studies, the biggest challenges to integration included a
lack of standardization between devices and a lack of stan-
dardized labels for common measurements (e.g., brain tissue
oxygen monitoring). Meta-data about devices and measure-
ments, such as device location or sampling frequency, were
rarely available [7]. Further, data recorded from different de-
vices gets time-stamped according to different internal time
clocks, leading to imperfect or impossible data synchroniza-
tion. Integrated platforms, e.g., Component Neuromonitoring
Systems (Moberg Solutions, Inc., Ambler, PA), BedMaster
(Excel Medical, Inc., Jupiter, FL), and ICM+ (Cambridge,
UK), have improved data synchronization and device labeling
for many of the devices used in neurocritical care. Recently,
experts working primarily with physiologic data have begun
coalescing around a common file format, HDF5, which is
extensible and capable of handling a variety of data sizes
including both high-frequency time series and intermittent

laboratory data [58]. Efforts to harmonize physiologic data
between sites and studies and to develop frameworks to iden-
tify physiologic phenotypes should lead to new insights.
Ultimately, linking individualized physiologic responses
(i.e., the physiome) to discrete clinical events or responses to
therapies is a common goal of critical care research, reflecting
the individualized care intensivists provide at bedside every
day.

Integrating additional information sources (e.g., radiology
and genomics) with bedside physiologic and clinical data con-
tinues to be a significant challenge in part because the infor-
matics architecture for different data types often arises out of
proprietary or technical necessity, limiting generalizability.
For instance, the DICOM standard for neuroimaging is used
by virtually every medical imaging device to store imaging
data from CT to MRI. This standard originated early after the
development of CTand was designed to be comprehensive; as
a result, this tag-based system is overwhelmingly complex.
There are public tags that act as addresses that can be looked
up in publically available DICOM dictionaries, and private
tags which vendors can use for propriety information.
Although the framework is universal, its implementation is
far from standard and allows for distinct information to be
captured in proprietary ways. Simpler formats are necessary
prior to leveraging Big Data at the bedside; neuroimaging
research has benefitted from a robust informatics community
that has embraced the NIfTI format and provided open source
tools for conversion from DICOM and propriety, legacy im-
aging formats [59]. Conversion pathways and increasingly
flexible data formats promise to link data sources together in
increasingly streamlined datasets.

Clinical annotation of verifiable ICU-based events within
data captured from devices or in the EHR is yet another barrier
to the use of data from the ICU. There are currently no stan-
dardized annotations for bedside events in general (e.g., bath-
ing or receiving an urgent PRN medication), and even cata-
strophic events such as a medication error or cardiac arrest are
va r i ab ly documen ted in no tes . The concep t o f
“neuroworsening” is critical to define when considering using
Big Data to predict important changes in the neurocritical care
unit. However, neuroworsening is poorly defined in clinical
practice despite its definition within federally funded TBI
common data elements [60] and requires careful adjudication
for use even in post hoc data analysis [61]. Nursing observa-
tions that describe a neuroworsening event might exist as free
text in the EHR only, if, at all, completely separated from the
data that could be used to predict such an event.

Eventually, hospitals will catch up to their corporate coun-
terparts and Big Data infrastructures may become common-
place. Certainly, the use of predictive models as clinical deci-
sion support tools is an intuitive and pressing need. Yet, there
still remains a final gap between the development and imple-
mentation of Big Data technologies and the broad clinical use
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of even the most rigorously developed and maintained analyt-
ical algorithms. While the use of Big Data is rapidly
expanding, there is a clear danger that algorithms may be
affected by (and learn from) human bias [62], and for scien-
tists, those are many of the same biases that plague clinical
trials and their translation to the bedside. As a proof of this
concern, one group of researchers used the concept of the
implicit association test that links the time it takes humans to
pair concepts (for instance, target words such as man or wom-
an are paired with an attribute such as career or family). Using
a machine learning algorithm to identify these semantic asso-
ciations within a 10-word window across a broad segment of
the Internet, including some 840 billion words, they found that
their algorithm replicated racial and gender bias at every turn
[63].

Why is this important? Consider the hypothetical use of
Big Data to develop an AI algorithm predicting outcome after
cardiac arrest. Developers may pull together large datasets
from clinical trials, nationwide inpatient samples, and other
sources. Yet, they may neglect some key inherent clinical
biases: patients enrolled in studies necessarily survived to
the ICU (selection bias), ethnic disparities in withdrawal of
care may mean some populations are more likely to survive
(confounder), and clinicians may be more likely to provide
aggressive care to a younger patient compared to an older
patient, or a healthy patient compared to a patient who has
struggled with prior drug overdoses (observer bias). In fact,
these biases (among others) do lead to withdrawal of care
decisions within 72 h of arrest in one third of those who die.
However, a post hoc analysis found that an estimated 16% of
those patients might have gone on to have functionally favor-
able survival [64] had this decision not been made. If our
algorithm reflects these biases, will AI make a recommenda-
tion that leads to inappropriate withdrawal of care? And how
are changes in practice, such as the use of extracorporeal car-
diopulmonary resuscitation, going to impact the accuracy of
recommendations made by an algorithm developed based on
data from survivors who only underwent manual chest com-
pressions? This problem arises even for regression models,
such as the intracerebral hemorrhage (ICH) score, which over-
estimates short-termmortality in modern cohorts in part due to
the fact that it was developed two decades ago [65].

Federal regulation has begun to emerge that aims to regu-
late how algorithms are benchmarked [66]. It is clear that
developing any tool for clinical use will require careful vali-
dation, bias assessment, versioning, and updating in order to
understand when and how the algorithm was created. Yet, the
very real concern that physicians will lose autonomy remains.
In fact, some work is likely to be displaced [57]: algorithms
identifying core-perfusion mismatch were used to guide re-
cent successful delayed embolectomy clinical trials [67, 68]
largely in the absence of radiologist input. However, Big Data
does not preclude or diminish clinicians. In fact, clinical

implementation of Big Data requires a team of data scientists
and implementation experts who are led by someone with
clinical domain expertise [22]—the bedside physician.
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