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The global health-care system is consistently under tremendous
pressure to lower health-care costs, maintain high efficiency and
quality of care, and remain up-to-date technologically in an era
of instantaneous information exchange. In the UK, around 8.4%
of the gross domestic product is spent on health care (approxi-
mately 0.19 trillion GBP).1 In the USA, this number is 17.9% of
gross domestic product, or 2.7 trillion USD.2 With the introduction
of health-care reform and a shift in payment structure to pay-for-
performance, further pressure has been placed on the health-care
system to reduce costs and increase health-care quality. Addition-
ally, a shift in patient characteristics to an ageing population and
improved access to care have increased the number of patients
seeking care.3 Compounding the situation is a shortage of key
practitioners, including nursing staff, in the medical workforce.3 4

As a result of staff shortage and external pressure and regulations
fromgovernment agencies to reduce costs, the health-care system
must find away to improve the quality of patient care formore pa-
tients with fewer resources. With these difficulties in mind, and
the additional challenges that lie ahead, the health-care system,
including anaesthetists, must continue to use innovative medical
technologies and becomemore efficient in the collection and ana-
lysis of this information to drive cost-effective clinical practice.

As discussed in the article by Simpao and colleagues,5 techno-
logical advancements in health care have led to an explosion in
data collection, increasing storage and analysis needs. In 2011,
there were 1.8 zettabytes of data created globally.6 In the same
year, it was estimated that data from the US health-care system
reached 150 exabytes.6 7 This number will continue to grow to
reach zettabyte (1021 gigabytes) followed by yottabyte (1024

gigabytes) levels over time.6 Data of this magnitude are known as
‘big data,’ defined as electronic data sets so large and complex
that theyaredifficult or impossible tomanagewith traditional soft-
ware, hardware, or both; nor can they be easilymanagedwith trad-
itional or common data-management tools and methods.7 There
are three primary characteristics of big data: volume (the amount
of data generated by organizations, individuals, or machines),
variety (data in all forms; structured, unstructured, and semi-
structured), and velocity (the speed of data generation, delivery,
or processing).7 The creation of these massive data sets with vary-
ing formats is a result of the proliferation of electronic health
records (EHRs). The EHRs have vastly improved the maintenance
of health information and have promoted the collection and shar-
ing of information among providers across all health-care disci-
plines, leading to a more collaborative approach to patient care.
In thefield of anaesthesia, the EHRs, also knownasAnaesthesia In-
formation Management Systems (AIMS) or Anaesthesia Informa-
tion Systems (AIS), have decreased inaccuracies, incompleteness,
biases, and inherent errors.8 However, implementation of these
EHRs has created data sets that can be difficult to analyse for qual-
ity control or research purposes. In one study of AIMS, event re-
cording dependent on user input can have a low sensitivity
(38%), leading to under-reporting of key clinical events,8 demon-
strating that EHR systems are in need of improvements and analy-
tics to identify issues. Further adding to the predicament of using
big data in health care is the development and use of low-cost,
non-invasive, wearable health-monitoring systems that allow for
continuous monitoring of patients’ vital signs and mobility from
external locations rather than the traditional approach of hard-
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wired equipment. These devices, along with EHRs and existing
clinical monitoring technologies, have challenged the health-care
industry in the storage and analysis of this big data. Additionally,
such data can be collected in systems that do not communicate,
and datamight not be collected in a structured format, further con-
founding analyses.

There are several systems that have been developed to over-
come structural and analytical data issues. Themost popular sys-
tem at this time is the open-source distributed data processing
platform, Hadoop (Apache platform). Initially, Hadoop was devel-
oped as a platform toaggregateWeb search indexes. Usingnumer-
ous servers, known as nodes, Hadoop has the potential to store
and process extremely large amounts of data by allocating parti-
tioned data sets to each node. An analysis request in Hadoop (a
Map Reduce request) is allocated to each node and each data set,
and executed at the data level in parallel (the Map process), and
the results are integrated and aggregated for the final result (the
Reduce process). Hadoop has the ability to analyse unstructured,
semi-structured, and structured data. As a data-protection meth-
od, Hadoop maintains redundant data sets in different nodes to
protect the data and analyses from system crashes. If a node be-
comes unusable, an additional node will be used to continue the
requested analyses.7 9 Therefore, Hadoop is structured to serve
dual roles, namely the ability to storemassive amounts of data ef-
ficiently and to analyse these data. Being open source, Hadoophas
great benefits to the medical community and health-care re-
searchers. However, there are several drawbacks to this technol-
ogy. Although Hadoop is open source and free of charge, the lack
of technical support and concerns with security must be ad-
dressed.7 Furthermore, the expertise required to use this system
is often greater than most health-care institutions can provide at
this time.7

Even though there are challenges ahead with the use of big
data, significant gains have been reported.10 The global use of
big data in health care hasmany benefits to be realized, including
the detection of diseases at early stages, enhancements in dis-
ease management, and detection of health-care fraud.6 7 11 It
has been estimated that the US health-care system could save
more than $300 billion per year by using big data analytics.12

These savings come from the reduction of waste and inefficien-
cies in clinical operations, research and development, public
health, evidence-based medicine, genomic analytics, pre-
adjudication fraud analysis, device or remote monitoring,
and patient profile analytics.7 12 To realize these benefits, the
health-care system must begin to use the massive amounts of
collected data appropriately.

Providing pre-, intra-, and postoperative care to patients,
anaesthetists have access to large amounts of patient data and
should learn from previous efforts to use big data effectively.
The ability to analyse these data efficiently can assist in the pro-
vision of high-quality care and have a significant impact on clin-
ical practice by allowing early identification of adverse or
clinically relevant events before their occurrence. Use of sophis-
ticated vital sign monitoring equipment allows collection of a
plethora of data points in second or even millisecond intervals,
resulting in billions of data points to analyse. Additionally, with
proliferation of EHR systems and the support of government
agencies around the world,13–17 the creation of national and re-
gional registries has become more prevalent. In the field of peri-
operative outcomes research, there are numerous databases
available for use, including theNational Surgical Quality Program
(NSQUIP), the Society of Thoracic Surgeons Database, the Ameri-
can Society of Anesthesiology Closed Claims Registry of settled
malpractice cases, the Multicenter Perioperative Outcomes

Group (MPOG), the Anesthesia Quality Institute’s National Out-
comes Registry (NACOR), and multiple international databases
through the Healthcare Quality Improvement Partnership
(HQIP) and the Health Services Research Centre and National
Audit Projects (NAP), to name a few.18–21 Furthermore, there are
numerous large billing databases and national surveys available
to conduct health outcomes and resource utilization studies, in-
cluding the Center for Medicare andMedicaid Services (CMS), the
Healthcare Cost andUtilization Project (HCUP)maintained by the
Agency for Healthcare Research and Quality (AHRQ), and various
national health surveys.22–25 Anaesthetists should take advan-
tage of these national registries and local EHR data to help drive
improvement in clinical care. Although retrospective studies will
not replace or provide the level of evidence of the randomized
control trial, researchers should look to these retrospective, big
data studies as initial evidence to drive clinical investigations.
Thus, the use of big data analytical tools enables hypothesis gen-
eration and exploration of massive data sets in a meaningful
way.11 25

Beyond clinical research, anaesthetists can use big data to
enhance operational efficiencies, resource utilization, and pa-
tient safety. Big data analytical tools have been used to monitor
and reduce drug–drug interactions, evaluate perioperative
transfusion practices, and identify risk factors associated with
laryngeal mask airway failure in children.26–28 Finally, big data
can assist departments of anaesthesia in identifying billing
anomalies.11 Currently, most departments find these errors
through the time-consuming and error-based approach of com-
plicated algorithms and manual audits on a sample of data.11

However, using advanced analytical approaches, one health-
care system identified up to 2% of out-patient revenue that
was previously unbilled and reduced audit expenses by as
much as 75%.29

Although big data offers significant gains for anaesthetists
and the health-care system, there are still significant challenges
to overcome. As previously mentioned, the skill set necessary to
use big data analytics is specialized and is not widely available
in the health-care system at the present time. In order for
these tools to become more widely used, they must become
more user friendly. In addition, analytical tools must provide
real-time information to care providers in order to make a sig-
nificant impact on clinical practice, quality, and operations. Fi-
nally, although analytical systems have the ability to work
with and provide data cleaning of unstructured data, the present
state of EHR data collection will require immense data cleaning,
and the findings of these studies should be interpreted with
caution.

Data security is a significant concern. It is the duty of health-
care providers and institutions to ensure the security of patient
information; however, as greater volumes of data are collected,
concern about large-scale data breeches increases. The question
remains as to whether patient informed consent is necessary to
conduct research using data collected for an alternative pur-
pose.30 As the use of big data intensifies, these issueswill become
more heavily debated, and solutions will need to be approached
with caution.

In summary, big data is currently underused in health care
despite the significant advantages it presents. Simpao and col-
leagues5 highlight the potential uses of big data, visual analytic
techniques available, and challenges to its use in anaesthesia.
Given the role of the anaesthetist in maintaining patient safety
and the vast availability of data, departments of anaesthesia
should be on the front-line of big data analytics. The ability to
analyse data efficiently has serious implications for the care
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and treatments provided by anaesthetists, particularly in the
operating room,where a patient’s condition can change frommi-
nute to minute and the ability to process data quickly facilitates
identification of pathological states and early treatment. In this
context, clinicians are provided with large amounts of data to
evaluate a patient’s condition on several monitor screens in
order to identify potential problems. The time for a physician
to process these data leads to diagnostic delays, potentially caus-
ing harm to the patient. Using big data analytics, researchers can
analyse billions of data points collected during the perioperative
period to identify patients at risk for adverse intraoperative and
postoperative events, and through development of early warning
systems, provide the clinician with proactive, rather than react-
ive, support in care. Supported by emerging technologies, the
health-care system, especially the data-intensive specialty of an-
aesthesia, must continue to evolve with the ever-changing
patient population and economic pressures. Innovation has be-
come and needs to remain a critical capability of all health-care
organizations,31 and anaesthetists are poised to lead in the appli-
cation of big data to acute care.
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Climbing the delirium mountain: is alpine anaesthesia
the perioperative cause?
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Delirium is an often unrecognized but common event after sur-
gery and is associated with poor cognitive outcomes,1 prolonged
hospitalization,2 and increasedmortality.3 4 The absence of ther-
apies for postoperative delirium is probably related to our incom-
plete understanding of the underlying pathophysiology. At
present, delirium appears as an unassailable perioperative
mountain, one that we will never conquer. Some perioperative
risk factors for postoperative delirium have been identified, in-
cluding benzodiazepine exposure,5 anaesthetic depth,6 blood
loss,7 and anaemia.8 The role of intraoperative haemodynamics
remains obscure; hypotension has been considered important
for the development of delirium, but studies have produced
discordant results.7 9 10 In this issue of the BJA, Hirsch and collea-
gues11 attempt to delineate the role of intraoperative hypoten-
sion and blood pressure variability (‘alpine anaesthesia’) in the
pathogenesis of postoperative delirium. Using multivariate ana-
lysis, these authors show that intraoperative blood pressure vari-
ability is an important risk factor for postoperative delirium,
leading to the question: would reducing ‘alpine anaesthesia’
make the delirium mountain easier to conquer?

Hirsch and colleagues11 conducted a prospective cohort study
of 594 subjects undergoing non-cardiac surgery with periopera-
tive cognitive and delirium assessments. Haemodynamic data
were largely abstracted after surgery from a paper record (in
91%). Despite several sensitivity analyses, relative and absolute
intraoperative hypotension were not associated with delirium.
This lack of effectmay relate to statistical power, because a larger
recent study in 33 330 non-cardiac surgical patients identified a
mean arterial pressure of <55 mm Hg to be associated with
increased risk of perioperative acute kidney injury, myocardial
injury, or both.11 12 Hirsch and colleagues11 did demonstrate
that intraoperative blood pressure fluctuations were associated
with postoperative delirium after adjusting for confounders, sug-
gesting that repeated blood pressure fluctuations, rather than
mean blood pressure values, predispose to delirium. Blood

pressure variability has been shown to be harmful in the peri-
operative period; increased mortality after cardiac surgery has
been associated with increased duration and amplitude of
change in perioperative systolic blood pressure.13 Another recent
study published in the BJA demonstrated thatmean arterial pres-
sure during cardiopulmonary bypass above the upper limit of
cerebral autoregulation is associated with delirium,14 implying
that hyperperfusion provokes subsequent delirium. These find-
ings will need further confirmation but may indicate the need
for cerebral autoregulation assessments in vulnerable indivi-
duals. Understandably, the study by Hirsch and colleagues11

did not include measurements of cerebral autoregulation; how-
ever, they did observe higher intraoperative systolic blood pres-
sure values in patients with subsequent delirium. While Hirsch
and colleagues11 provided novel evidence that repeated fluctu-
ation in blood pressure is an important risk factor for post-
operative delirium, these associations do not imply causality. It
is unclear whether blood pressure variability is amarker or ame-
diator of perioperative complications, because dysfunctional
autoregulation and vascular disease, which predispose to blood
pressure variability, predispose to end-organ disease in a wide
range of clinical settings. Whether blood pressure variability re-
flects a chronic predisposition to delirium or is an acute precipi-
tant that causes delirium is unclear.

Cerebral autoregulation alters vascular resistance tomaintain
constant cerebral blood flow despite changing perfusion pres-
sure.15 This neuroprotective phenomenon prevents decreased
cerebral blood flow during periods of hypotension and cerebral
oedema during periods of increased cerebral blood flow, such
as hypoxia16 or acidaemia.17 Recent studies using near-infrared
spectroscopy demonstrated that a wide range of mean arterial
pressure permits adequate cerebral oxygenation, but inter-
individual variability is high.18 The autoregulatory range is de-
creased and blood flow more pressure dependent in patients
with vascular disease. Patients with vascular risk factors are
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