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ARTICLE INFO ABSTRACT

Article history: Status epilepticus care and treatment are already being touched by the revolution in data science. New ap-
Received 30 June 2019 proaches designed to leverage the tremendous potential of “big data” in the clinical sphere are enabling re-
Accepted 26 July 2019 searchers and clinicians to extract information from sources such as administrative claims data, the electronic

Available online 21 August 2019 medical health record, and continuous physiologic monitoring data streams. Algorithmic methods of data extrac-

tion also offer potential to fuse multimodal data (including text-based documentation, imaging data, and time-
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Ep}i’lzlpsy series data) to improve patient assessment and stratification beyond the manual capabilities of individual physi-
Status epilepticus cians. Still, the potential of data science to impact the diagnosis, treatment, and minute-to-minute care of patients
Big data with status epilepticus is only starting to be appreciated. In this brief review, we discuss how data science is

impacting the field and draw examples from the following three main areas: (1) analysis of insurance claims
from large administrative datasets to evaluate the impact of continuous electroencephalogram (EEG) monitoring
on clinical outcomes; (2) natural language processing of the electronic health record to find, classify, and stratify
patients for prognostication and treatment; and (3) real-time systems for data analysis, data reduction, and mul-
timodal data fusion to guide therapy in real time. While early, it is our hope that these examples will stimulate
investigators to leverage data science, computer science, and engineering methods to improve the care and out-
come of patients with status epilepticus and other neurological disorders.

This article is part of the Special Issue “Proceedings of the 7th London-Innsbruck Colloquium on Status Ep-
ilepticus and Acute Seizures”
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1. Introduction

Technological advancements in clinical data acquisition and storage
are rapidly changing the face of patient care for status epilepticus. In
multiple domains, we are now acquiring large-scale data that make it
possible to explore previously infeasible clinical and basic science ques-
tions [1-3]. For instance, these data come as clinical reports from health-
system-wide electronic health records (EHRs) and billing claims from
administrative databases, as well as in the form of digital neurophysio-
logic recordings from continuous electroencephalogram (EEG) or
multimodality intensive care unit (ICU) monitoring. While powerful,
each dataset has its own challenges: data can be lacking in clinical detail,
noisy, uncurated, or poorly annotated. Claims data are collected for bill-
ing purposes and therefore provide little clinical context; however, rig-
orous analysis and careful interpretation allow important inferences
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from populations of millions of patients. In the case of clinic notes in
the EHR, information is not uniformly documented or organized, mak-
ing automated extraction of relevant data challenging. These issues,
combined with the sheer size of these datasets, necessitate the use of
new analysis paradigms and technical approaches, such as algorithmic
data mining and machine learning, to perform data reduction and
glean clinical insights.

The era of “big data” in clinical medicine offers potential to improve
care for status epilepticus through several avenues. One goal is to use
clinical records to stratify patients, both for prognostication and to iden-
tify patient groups that may benefit from particular interventions such
as continuous EEG (cEEG) monitoring, surgery, or neuromodulation.
In this way, personalized data mining algorithms can be used to opti-
mize and individualize care. Secondly, extensive intracranial EEG
(iEEG) datasets recorded using next-generation implantable devices
are capable of driving powerful machine learning algorithms for data in-
terpretation, epileptiform event detection, and per-patient optimization
of therapeutic stimulation parameters. This streaming data analysis
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paradigm is now being translated into the neurointensive care unit,
where multimodal data inform algorithms for data reduction, auto-
mated data monitoring, and notifying caretakers regarding changes in
clinical status in near real time. Finally, these data are driving re-
searchers and clinicians to establish data-sharing platforms to propel
collaborative research initiatives investigating the mechanisms under-
lying the pathology of epilepsy and status epilepticus [4-7].

2. Continuous EEG and hospitalization outcomes for patients with
status epilepticus

Administrative claims datasets offer a unique opportunity to analyze
data from millions of patients at once and to assess trends in healthcare
utilization over time. These data are collected by insurers (both private
and public insurance datasets are available) and typically contain
deidentified information regarding patient demographics, measures of
comorbidity, diagnoses, procedures, admission and disposition details,
payer information, and hospital characteristics. This type of data is par-
ticularly advantageous when studying the care of patients with status
epilepticus, a relatively rare occurrence with an annual incidence of
10-41 per 100,000 population [8].

Continuous EEG, a tool that provides noninvasive real-time informa-
tion about brain function, plays an important role in the diagnosis and
management of status epilepticus [9,10]. The American Clinical Neuro-
physiology Society (ACNS) recommends the use of cEEG in seizure diag-
nosis in patients with critical illness as there is a very high incidence of
status epilepticus in this population [11] - 8-68% of intensive care pa-
tients who are undergoing EEG monitoring are found to have seizures
[10]. Continuous EEG is critical to identifying subclinical seizures,
which have been associated with neuronal injury [12,13] and neurolog-
ical decline [14,15]. However, the impact of cEEG utilization on out-
comes for patients with critical illness has not been well established.
Furthermore, there is great variability in application of cEEG because
of resource availability and variation in provider practices [16,17].
While a randomized controlled trial of cEEG is underway in Europe
(“Continuous EEG Randomized Trial in Adults”) [18], this trial will be
limited by logistical and ethical considerations, challenges that adminis-
trative data analysis does not face.

Trends in the utilization of cEEG can be readily characterized with
claims data, as many administrative datasets offer a large nationwide
sample of patients and serial years of data. Evaluation of the National In-
patient Sample (NIS), the largest all-payer inpatient national database
through the Agency for Healthcare Research and Quality (AHRQ) [19],
found an increase in the proportion of patients with critical illness re-
ceiving cEEG from 0.06% in 2004 to 0.8% in 2013. This increase in utiliza-
tion was observed across all considered indications: status epilepticus,
subarachnoid or intracerebral hemorrhage, and altered consciousness
(Fig. 1). Yet, cEEG monitoring was only administered for a very small
minority of patients with critical illness (0.3%) and only employed by
6% of the nationally-sampled hospitals [20].

The impact of cEEG monitoring on patient outcomes can also be con-
sidered with claims data analysis. Two studies have assessed the associ-
ation of cEEG monitoring with inpatient mortality within the population
with critical illness. In a study of 40,945 ventilated patients from the NIS
dataset from 2005 to 2009, undergoing cEEG was associated with a
lower risk of inhospital mortality as compared to patients who received
routine EEG only (OR [odds ratio]: 0.63; 95% CI [confidence interval]:
0.51-0.76; p < 0.001); including epilepsy/convulsion diagnoses as co-
variates did not alter these findings [21]. A second study of 2004-2013
NIS data identified 7,102,399 ventilated patients, and found a similar as-
sociation of cEEG with decreased inpatient mortality as compared to pa-
tients who did not undergo cEEG (OR: 0.83; 95% CI: 0.75-0.93; p <
0.001); however, this relationship was only significant for patients
with subarachnoid/intracerebral hemorrhage or altered mental status,
and was not significant for the subgroup with a diagnosis of seizure/sta-
tus epilepticus [20]. The most plausible explanation for this unexpected
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Fig. 1. Use of cEEG in critically ill discharges from 2004 to 2013 by diagnostic subcategory.
Data derived from National Inpatient Sample database. Numerator is the number of
patients who underwent cEEG; denominator is the total discharges with a particular
diagnosis.

Figure reproduced with permission from Hill et al., “Continuous EEG is associated with
favorable hospitalization outcomes for critically ill patients,” Neurology, Jan 2019, 92 (1)
e9-e18 [20].

finding is that this subanalysis was confounded by disease severity, as
the diagnosis of seizure or status epilepticus identifies a highly hetero-
geneous population with a range of seizure etiologies and related
prognoses.

While limited by the absence of detailed clinical information, these
administrative claims analyses illustrate the current utilization of
cEEG, which is growing at a rapid pace, and should inform the appropri-
ate expansion of cEEG moving forward. Continuous EEG appears bene-
ficial to patients with critical illness, however, targeting is critical as
the observed benefit varies across subgroups of patients.

Claims data offer unique opportunities to find associations between
diagnostic approaches, therapies, and outcomes in patients with status
epilepticus, although it is important to note that such studies are not a
substitute for prospective, randomized clinical trials. Rather, studies of
this nature can inform the objectives and design of clinical trials such
as the Established Status Epilepticus Treatment Trial (ESETT) [22,23].
As health system infrastructures continue to advance across the world,
particularly with consolidation of digital medical records [24] and
more centralized care delivery, administrative claims research is likely
to become increasingly powerful and informative.

3. Natural language processing for interpreting epilepsy clinical
notes

3.1. Natural language processing for clinical data

Large EHR datasets can reveal patterns in patient populations that
are useful for both clinical and research applications. These datasets in-
clude clinical notes (such as admission notes, progress notes, discharge
summaries, operative notes, and outpatient clinic notes) and diagnostic
reports (such as radiology and pathology reports). However, much of
EHR data are recorded as unstructured free text [25]. As human review
of unstructured text is time intensive and inefficient, natural language
processing (NLP) can greatly facilitate analysis of large EHR datasets
[26]. Natural language processing is a range of computational tech-
niques used to analyze and process human language [27], critical for in-
formation extraction (IE) from unstructured text [28]. In clinical
domains, researchers have used NLP IE to aid clinical decision support
systems [29,30], identify patient cohorts [31,32], and identify risk fac-
tors from clinical notes [33]. While current applications of NLP in epi-
lepsy have so far been limited by algorithm efficacy and
generalizability, increasing study sizes in genetic and precision medi-
cine trials are making NLP essential for epilepsy phenotyping and strat-
ification [26].
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3.2. Epilepsy specific ontologies

Epilepsy datasets are particularly challenging as they are generated
in a wide range of settings using differing terminologies. A seizure
with alteration of consciousness may be called a complex partial seizure,
a focal dyscognitive seizure, or a dialeptic seizure by different physicians
[34]. One way to standardize a vocabulary is to create an ontology, a for-
mal representation of knowledge of a given domain that allows both
humans and computers to consistently and accurately interpret terms.
Ontologies are now commonly used across biomedical domains to sim-
plify data management, as they enable NLP tools to better extract het-
erogeneous information from clinical free text [35].

A major milestone in epilepsy NLP research was the creation of a
comprehensive epilepsy specific ontology by Sahoo et al. in 2012 [36].
Epilepsy and Seizure Ontology (EpSO) integrates recommendations
from the International League Against Epilepsy (ILAE) Classification
and Terminology Commission with elements from existing ontologies
like the Neural ElectroMagnetic Ontologies. Epilepsy and Seizure Ontol-
ogy includes very specific terms for epilepsy types, seizure types, EEG
patterns, symptoms, and brain locations. It uses the World Wide Web
Consortium recommended Web Ontology Language (OWL2), a formal
knowledge representation language based on description logic that sup-
ports software applications [34]. While EpSO has been utilized in several
NLP systems, it is not the only ontology currently used in epilepsy NLP
research. Several studies from Portugal using text mining of medical re-
cords to classify epilepsy in children utilized an ontology based on the
Unified Medical Language System and the International Classification
of Diseases (ICD9) for epilepsy types. This ontology had additional Por-
tuguese words to aid computer analysis of the medical notes [30,37,38].
Other sources of standardized epilepsy terms include the SNOMED-CT
(Systematized Nomenclature of Medicine - Clinical Terms) [39], and
HPO (Human Phenotype Ontology) [40]. In 2017, the ILAE released an
updated classification of seizure types to allow more flexibility in diag-
nosis [41]. The ILAE also released an updated classification of epilepsy
types with new terminology such as developmental epilepsy and epi-
leptic encephalopathy [42]. These 2017 ILAE classification systems are
expected to remain stable for at least a decade to come. As EpSO is
now outdated, the field of epilepsy NLP would greatly benefit from a
new OWL2 encoded ontology that reflects the updated ILAE recommen-
dations. It is also important to note that these approaches, while effi-
cient for analysis once data are entered, likely sacrifice some of the
richness of unstructured data and suffer from the need to revise data en-
tries as terminology, classification, and their scientific underpinnings
evolve over time.

3.3. Integrated tools for NLP-based epilepsy data management and cohort
identification

Epilepsy and Seizure Ontology provided the backbone to a suite of
epilepsy specific informatics tools which were developed for a

multicenter study funded by the National Institute of Neurological Dis-
orders [31,32,36,43]. The OPIC system, Ontology-driven Patient Infor-
mation Capturing system for epilepsy, was developed in 2012 to
facilitate structured entry of multimodal epilepsy data according to
the EpSO format [36]. Another software tool based on EpSO is the Epi-
lepsy Data Extraction and Annotation (EpiDEA) system. The EpiDEA sys-
tem utilizes Mayo Clinic's open source NLP software tool cTAKES
(clinical Text Analysis and Knowledge Extraction System) to identify
and analyze EpSO terminology in Epilepsy Monitoring Unit (EMU) dis-
charge summaries for patient cohort identification [31]. In 2014, the
OPIC and EpiDEA systems were combined into the Multi-Modality Epi-
lepsy Data Capture and Integration System, MEDCIS, developed to facil-
itate data integration for large-scale multicenter EMU studies [43-45].
The robustness of these tools rests in the use of EpSO as the common
reference terminology across all software components, with the goal
of increasing generalizability across health centers. A timeline of mile-
stones for development of NLP tools for epilepsy is shown in Fig. 2.

3.4. Comparison of recent epilepsy information extraction studies and fu-
ture directions

Despite the abundance of open source software tools, there are only
a few published studies on epilepsy IE from the EHR. Natural language
processing performance is often measured by the following three met-
rics: precision, the fraction of retrieved items relevant to the query; re-
call, the fraction of relevant items successfully retrieved; and F1 score,
the harmonic mean of precision and recall. The EpiDEA system devel-
oped by Cui et al. achieved overall precision, recall, and F1 scores of
93.59%, 84.01%, and 88.53%, respectively, for extraction of EEG patterns
and medication information from 104 EMU discharge summaries [31].
Cui et al. also developed the PEEP (Phenotype Extraction in Epilepsy)
system for extracting the epileptogenic zone, seizure semiology,
lateralizing sign, interictal and ictal EEG pattern from discharge summa-
ries. Phenotype Extraction in Epilepsy achieved overall precision, recall,
and F1 scores of 92.4%, 93.1%, and 92.7%, respectively, when tested over
262 discharge summaries [32]. Most recently, Fonferko-Shadrach et al.
developed the EXECT (Extraction of Epilepsy Clinical Text) system
which retrieves epilepsy diagnosis, epilepsy type, focal seizures, gener-
alized seizures, seizure frequency, medications, CT (computed tomogra-
phy), MRI (magnetic resonance imaging), and EEG data from clinic
letters. Extraction of Epilepsy Clinical Text achieved overall precision,
recall, and F1 scores of 91.4%, 81.4%, and 86.5%, respectively [46]. The
gold standard in all studies consisted of manual annotations created
by clinicians. Though the EpiDEA and PEEP systems have higher scores
on the performance metrics than EXECT, this could be because EpiDEA
and PEEP utilize EMU discharge summaries while EXECT utilizes clinic
letters. Discharge summaries tend to be much more organized than
clinic notes, making them easier for an NLP system to classify.

The improvement in classifier performance on prestructured data
compared to free-form notes is clear; however, there are several

First epilepsy PEERdawioped ILAE classification
specific ontology EpSO of epilepsy and
developed based on published seizure types
1981 ILAE guidelines EpiDEA and OPIC developed; published ExECT developed
l First mention of EpSO
}

2010 2011 2012 2013 2014 2015 2016

Second epilepsy ICD-9 and

specific ontology Portuguese

developed as part language based
of EPILEPSIAE ontology developed

2018 2019

MEDCIS developed

Fig. 2. Timeline of milestones for NLP in epilepsy. Integrated EpSO-based tools are highlighted with green arrows. EPILEPSIAE = Evolving Platform for Improving the Living Expectations of

Patients Suffering from IctAl Events.
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drawbacks of mandating a structured note format. Predefined catego-
ries are not always sufficient to describe every patient and lack the de-
tail and customizability of free-form prose. Clinicians pressed for time
may also be less careful with cumbersome, structured data entry sys-
tems and may autopopulate forms with default options. Continued
work is needed to identify the optimal combination of structured and
unstructured data entry to maximize interpretability while offering
convenience in clinician workflow. To this end, the field of epilepsy re-
search could benefit greatly from updated data entry tools to balance
clinician and researcher interests, an updated ontology to reflect ILAE
changes, and increased use of the existing software tools for data orga-
nization and NLP.

4. Distributed systems for real-time analysis of intracranial EEG
4.1. Next generation implantable devices for iEEG telemetry

The area with likely the most immediate potential impact of “big
data” on the care and science of status epilepticus is the real-time anal-
ysis of neurophysiologic data. The next generation of implantable mon-
itoring and therapeutic devices are producing vast amounts of iEEG data
capable of being transmitted to analysis systems in real time, and will
soon be deployed in the care and prevention of status epilepticus. Tradi-
tionally, the computational capabilities of neuroimplantable devices
[47,48], such as the NeuroPace RNS (Responsive Neurostimulation)
system [49], have been limited by device processing power and battery
life [50]. Furthermore, such devices typically store only brief segments
of iEEG for intermittent review by a physician, precluding evaluation
of the continuous record or trending of iEEG features over time. A prom-
ising approach for improving the utility of implanted devices is to trans-
mit data from the device to a remote analysis platform [51,52], such as a
hand-held personal assist device (PAD) or cloud-based server [53] (Fig.
3A). With continuous or intermittent data telemetry, patient data can be
archived and annotated in centralized repositories accessible to physi-
cians [54], and can also be exposed to offboard computing resources
and custom algorithms.

A critical benefit of telemetry-capable devices has been the produc-
tion of high-quality continuous iEEG datasets for both research and clin-
ical use. Automated seizure detection, seizure diary generation, seizure
prediction, and behavioral state classification have been demonstrated
using the NeuroVista Seizure Advisory System (SAS), an implanted de-
vice providing telemetry of iEEG data coupled to off-body analytics, in
both humans [55-57] and canines [58-61]. These novel datasets have

A

e o]

also been featured in kaggle.com competitions to crowdsource develop-
ment of seizure detection [56] and prediction [61,62] algorithms, which
have produced validated, generalizable, open-source methods at a frac-
tion of the cost of traditional research studies. These datasets have made
it possible to investigate questions that require continuous interictal
data, such as long-term trends in recording metrics [63], temporal rela-
tionships among seizures [64,65], and identification of iEEG biomarkers
[66]. Clinically, continuous iEEG data streams offer a means of
circumventing reliance on self-reported seizure diaries, which suffer
from poor accuracy and hamper assessment of therapy efficacy [67,68].

4.2. Continuous iEEG datasets for optimizing neuromodulation

Neuromodulation (in the form of vagal nerve stimulation (VNS), re-
sponsive nerve stimulation (RNS), or deep brain stimulation (DBS)) is a
viable treatment option for patients with medication-refractory sei-
zures who are not candidates for surgical intervention [69,70]. While
neurostimulation has been shown to reduce seizure frequency by 30-
50% on average [71-73], optimizing of stimulation parameters remains
a significant challenge. For instance, in the case of the NeuroPace RNS
device, the first FDA (Food and Drug Administration)-approved
closed-loop stimulator for epilepsy, stimulation parameters such as fre-
quency, pulse width, and burst duration are manually tuned during
clinic visits in an effort to decrease seizure frequency [74]. There is
also a lack of convincing evidence in the literature as to the optimal lo-
cation for cortical or subcortical stimulation [75], or whether stimula-
tion should be directed in response to seizure activity [71,76,77] or
chronic and subthreshold [78,79].

The next generation of implanted devices with continuous stream-
ing capabilities offers exciting potential to generate comprehensive
datasets for algorithmic optimization of neurostimulation. While novel
strategies for adjustment of stimulation parameters, such as gradient
descent learning [80] and physiologic adaptation [81], have been ap-
plied in animal models, they have not yet been translated to human
studies [82]. Ongoing work using an investigational implantable
neurostimulator (Summit System RC + S, Medtronic Inc.) in a canine
model aims to leverage off-body algorithms for optimizing stimulation,
in combination with two-way telemetry, to actively probe seizure net-
works [52,53]. Given the wealth of data produced by continuous iEEG
records, it is now possible to dynamically adjust therapeutic stimulation
parameters, guided by surrogate interictal markers of seizures such as
interictal epileptiform discharges (IEDs), evoked responses, and brain
state [52]. Advances in hardware, software, and real-time analysis
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Fig. 3. Implanted devices with cloud connectivity. (A) Schematic of next-generation epilepsy management system using Medtronic investigational Summit RC+-S. The device interfaces
with a local PAD and the cloud to create a flexible platform with local and distributed computing, analytics, and data storage. Figure reproduced with permission from Kremen et al.,
“Integrating Brain Implants with Local and Distributed Computing Devices: A Next Generation Epilepsy Management System,” IEEE;JTEHM, Sep 2018, Vol 6 [53]. (B) Seizure detection
paradigm using cloud computing. Potential seizure clips are identified using a hypersensitive, onboard seizure detector. These candidate clips are transmitted to a cloud platform for
analysis using a highly accurate, computationally intensive algorithm. Figure reproduced with permission from Baldassano et al., “Cloud computing for seizure detection in implanted

neural devices,” Journal of Neural Engineering, Feb 2019, 16 (2) [88].
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systems are likely to bring these techniques into the management of pa-
tients with status epilepticus.

4.3. Cloud computing for seizure detection on intracranial EEG

Effective closed-loop neurostimulation requires highly accurate al-
gorithms to classify brain signals and detect seizures [83-85]. While
many machine learning algorithms to detect seizure activity have
been published [56,86], such methods are typically far too complex to
be implemented in an implanted device. As a result, current responsive
stimulation devices, such as the NeuroPace RNS and Medtronic Activa
PC+S, are limited to simple feature sets and classifiers [47,48,87] and
are consequently plagued by high rates of false detections [72].

Next-generation implantable devices capable of intermittent data
telemetry may offer substantial improvements in seizure detection ac-
curacy through oftboarding of computationally-intensive algorithms.
Our group recently proposed a novel paradigm for implementing real-
time complex seizure detection algorithms on implanted device iEEG
data [88]. This method (Fig. 3B) relies on two sequential seizure detec-
tion algorithms. First, a simple “gating” algorithm running onboard the
device is used to control selective transmission of data from the device
to a cloud storage and analysis platform. The gating algorithm is de-
signed to be compatible with the computational limitations of an im-
planted device, and is tuned to be hypersensitive in order to identify
every seizure event for transmission. Transmitted data are then ana-
lyzed by a “precision” algorithm, a much more accurate and computa-
tionally intensive algorithm deployed using cloud computing
resources. Evaluated using continuous, human iEEG data collected
from the NeuroVista SAS [55], this system achieved seizure detection
accuracy far outpacing that of existing neuroimplantable devices with
significantly lower false positive rates [72]. This early work is encourag-
ing, as by using telemetry to access cloud computational resources, the
next generation of implanted devices will be able to employ much more
sophisticated algorithms to improve device performance and patient
outcomes.

5. Real-time analysis of multimodal ICU data
5.1. Quantitative approaches to continuous EEG

Despite its benefits for detection of nonconvulsive status epilepticus
(NCSE) [89], a condition with a mortality rate greater than 50% [90],
CEEG is underutilized in part because of the significant labor required
to initiate recordings and interpret the vast amount of data generated.
In many cases, around-the-clock staffing of physicians and EEG technol-
ogists to handle the unpredictable needs of cEEG monitoring presents a
prohibitive level of cost [91]. Furthermore, cEEG is often read at infre-
quent intervals which could lead to hours of delay between the onset
of a seizure and notification of the event to the patient's physician. In in-
stances that require rapid clinical action, the therapeutic window may
pass before cEEG is interpreted or a patient's condition may deteriorate
and result in an adverse outcome. Automated methods of cEEG inter-
pretation and detection of NCSE hold the potential to solve some of
these problems and increase the utilization of cEEG at both large centers
and small hospitals.

While there are several approved algorithms for seizure detection in
scalp EEG, they suffer from a variety of drawbacks which preclude their
widespread clinical use. The most prominent EEG monitoring algorithm
is the FDA-approved Reveal algorithm implemented as part of Persyst's
clinical EEG system. Reveal was initially reported to have a sensitivity of
76% with a false positive rate of 0.11/h [92], though subsequent studies
have found a much higher false positive rate [93]. This level of perfor-
mance leads to a significant proportion of seizures going undetected,
as well as a substantial number of false alarms. One accepted method
for providing semiautomated ICU EEG analysis is known as quantitative
EEG (qEEG) in which signals are evaluated in real time, displaying

metrics such as amplitude, rhythmicity, and spectral features in a visual
interface [94]. Quantitative EEG can be presented in a temporally com-
pressed format allowing long trends to be quickly visualized, such as
in the NeuroTrend algorithm [95]. However, while qEEG may signifi-
cantly reduce review time by the clinician, sensitivity for seizure identi-
fication may be as low as 51-67% [96], limiting its clinical reliability.

Approaches that leverage innovative methods in data science and
machine learning may allow future algorithms for automated and
semiautomated cEEG analysis to be more impactful than previous at-
tempts. One such method uses quantitative features and a simple classi-
fier to identify patients as belonging to the following groups: normal,
isoelectric, slowing, low-voltage, burst suppression, or containing dis-
charges or seizures [97]. While classification accuracy was 85% in the
test set, this algorithm is not designed to perform in real time and
would not necessarily improve early detection of seizure activity [97].
ICU-ASDA (ICU Automated Seizure Detection Algorithm) is an algo-
rithm which uses signal amplitude variation and a regularity statistic
to detect changes in rhythmicity [98]. This algorithm detected seizures
with a 90.4% sensitivity and a false positive rate of 1.6 per 24 h in a
dataset with 24 patients of which 11 had nonconvulsive seizures [98].
However, the authors only reported training accuracy, and given their
small sample size, the generalizability of this algorithm is unknown.
There remains a clear need for high-performance algorithms designed
for real-time deployment, supported by studies which use large, high-
quality, ICU cEEG datasets.

5.2. Multimodal ICU monitoring: an opportunity for translational clinical
data platforms

In addition to cEEG, other modalities of continuous physiologic mon-
itoring are increasingly relied upon for neurointensive care of patients
in or recovering from status epilepticus [99,100]. Such modalities in-
clude advanced monitoring techniques such as intracranial pressure
probes [101], tissue oxygen probes [102], thermal diffusion probes
[103], invasive and noninvasive monitors of cardiac output [104], and
near-infrared spectroscopy [105], as well as standard physiologic sig-
nals such as heart rate, continuous blood pressure, and oxygen satura-
tion. Just as in the case of cEEG, multimodal monitoring data in the
ICU must be manually reviewed by physicians, imposing a significant
burden to caretakers and increasing cost, latency of response to clinical
events, and risk of missing events altogether. In response, development
of clinical informatics to fuse outputs from multiple clinical monitors in
a meaningful way for monitoring or prediction is flourishing [106]. The
ability to detect nonconvulsive seizures after subarachnoid hemorrhage
based on cEEG can be improved by incorporating other physiological
data such as heart rate, blood pressure, respiratory rate, and cerebral
perfusion pressure [107]. Methods incorporating cEEG in combination
with metrics such as intracranial pressure, brain tissue PO, and cerebral
microdialysis [108], or demographic and admissions data [109], have
been used to detect and monitor cerebral hypoperfusion. Algorithms
interpreting multimodal ICU data have also shown efficacy for stratify-
ing patient outcomes after cardiac arrest [110] or severe traumatic
brain injury [111].

While such methods for inferring patient status and predicting out-
comes are increasingly common, there is nevertheless a dearth of tools
for practical data reduction and interpretation that integrate with care-
taker workflow. Currently, tremendous amounts of data are generated
from clinical monitors but are not centralized or archived to allow for
remote viewing, annotation, sharing among providers, or retrospective
retrieval. In parallel with the advancement of monitoring, technology
must come an advancement in clinical informatics infrastructure
[112]. Specifically, manufacturer-specific data systems must be aug-
mented with customizable, modular data platforms that facilitate data
storage, visualization, and analytics (Fig. 4).

The need for next-generation data management and analysis plat-
forms is beginning to be addressed by companies such as Blackfynn,
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Fig. 4. I1CU data analysis pipeline. The next generation of real-time data analysis platforms will incorporate multimodality data and employ machine learning algorithms to provide custom
clinical event detections. By incorporating clinician feedback through reinforcement learning, these algorithms can intelligently adapt over time. cEEG = continuous EEG, ICP =
intracranial pressure, PbO, = brain tissue oxygen, CPP = cerebral perfusion pressure, HR = heart rate, cBP = continuous blood pressure, T = continuous temperature, SpO, = blood

oxygen saturation.

Inc. [113,114], a secure cloud-based platform for sharing and analyzing
medical data, cofounded by members of our group. Ongoing work in our
lab also seeks to meet this need through development of a modular ICU
data monitoring platform called IRIS (ICU Real-Time Informatics Sys-
tem) (unpublished). This automated system is capable of streaming
ICU data from multimodal clinical monitors in real time, archiving the
data on a central server, and carrying out custom analysis modules.
Early proof-of-concept trials have included modules to detect faulty
CEEG electrodes, automatically trend burst-suppression ratios, and de-
tect sustained elevations in intracranial pressure. The system is linked
to a custom, HIPAA (Health Insurance Portability and Accountability
Act)-compliant API (Application Programming Interface) and
smartphone application to securely deliver notifications of detected
clinical events to caretakers including physicians, nurses, and EEG tech-
nicians. Such platforms have great potential to benefit patient care by
improving ICU workflow, reducing the cost and caretaker burden asso-
ciated with continuous monitoring, and exposing existing data streams
to state-of-the-art machine learning algorithms. Furthermore, by de-
signing platforms with a modular structure, it is possible to add custom
modules based on clinical needs such as methods of seizure detection,
spike detection, or vasospasm monitoring. Future work may also inte-
grate therapy in a closed-loop system, for applications including titra-
tion of medications for treatment of status epilepticus or maintenance
of general anesthesia. We hope that our work will encourage the contin-
ued implementation of translational medical data systems to optimize
care of patients with epilepsy undergoing neurointensive care.

5.3. Economic impact of automated ICU data analysis

Automated analysis of ICU data may have significant ramifications
for healthcare costs in the ICU. As ICU datasets become larger and
more descriptive, tools leveraging these data for prognostication will
become more effective. In the case of patients with critical illness in sta-
tus epilepticus, improved outcome prediction has potential to signifi-
cantly influence goals of care and resource allocation at the end of life
[115-117]. While automated scoring systems may not yet outperform
ICU physicians in predicting mortality [118], their ability to fuse large
amounts of multimodal data promises to reveal clinical insights that
may affect management decisions. Furthermore, automated analysis of
continuous monitoring data will, in itself, change revenue models in
critical care. Continuous monitoring studies, such as 24-h EEG, are costly
to patients [119,120], in part because of the need for manual physician
review. The implications of this economic impact remain to be seen. In
the current, private-insurance driven model, recommendations for con-
tinuous monitoring may be monetarily disincentivized by hospitals due
to lower billing potential; however, if healthcare payments shift toward

single-payer or bundled payments, automated monitoring studies may
be more prevalent due to increased cost effectiveness.

6. Future directions and conclusion

The revolution of “big data” in status epilepticus has already begun,
and tools for leveraging these data are flourishing. Yet, for extracting
data from clinical sources such as claims data and the EHR, we have
merely scratched the surface. Part of future progress in these areas is
predicated on developing new methods for NLP, integrating clinical
notes with imaging and laboratory data, and mining health systems da-
tabases. An equally important part will be driven by ambitious pushes to
share data and algorithms through collaborative platforms, and to en-
courage investigators to work together to pose powerful questions. In
the realm of physiologic monitoring, implanted devices and ICU systems
currently in development are capable of streaming EEG and
multimodality data to local computing systems or the cloud. By
implementing distributed data reduction and interpretation algorithms,
these systems provide real-time analytics for treatment of status epilep-
ticus. As we continue to improve technologies for acquiring, storing, and
accessing “big data”, we will be able to rapidly design, test, and employ
data-driven methods and classifiers. “Big data” are being established as
an agent for change in healthcare that will impact clinical practice, deci-
sion-making, and care guidelines. In addition, population-based
datasets offer opportunities to compare medical management decisions,
costs, and outcomes across different health systems, potentially provid-
ing new perspectives on healthcare among countries with a range of
payment models. Such information may play an important role in legis-
lative decisions reshaping the US healthcare system. Through data sci-
ence and engineering, we have potential to improve the quality and
efficiency of care for status epilepticus and other neurologic disorders.
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