
Vol.:(0123456789)1 3

Journal of Clinical Monitoring and Computing (2019) 33:39–51 
https://doi.org/10.1007/s10877-018-0139-y

ORIGINAL RESEARCH

Forewarning of hypotensive events using a Bayesian artificial neural 
network in neurocritical care

Rob Donald1 · Tim Howells2 · Ian Piper3   · P. Enblad4 · P. Nilsson4 · I. Chambers5 · B. Gregson6 · G. Citerio7 · 
K. Kiening8 · J. Neumann8 · A. Ragauskas9 · J. Sahuquillo10 · R. Sinnott11 · A. Stell12 on behalf of the BrainIT Group

Received: 22 July 2017 / Accepted: 14 March 2018 / Published online: 24 May 2018 
© Springer Science+Business Media B.V., part of Springer Nature 2018

Abstract
Traumatically brain injured (TBI) patients are at risk from secondary insults. Arterial hypotension, critically low blood 
pressure, is one of the most dangerous secondary insults and is related to poor outcome in patients. The overall aim of this 
study was to get proof of the concept that advanced statistical techniques (machine learning) are methods that are able to 
provide early warning of impending hypotensive events before they occur during neuro-critical care. A Bayesian artificial 
neural network (BANN) model predicting episodes of hypotension was developed using data from 104 patients selected 
from the BrainIT multi-center database. Arterial hypotension events were recorded and defined using the Edinburgh Uni-
versity Secondary Insult Grades (EUSIG) physiological adverse event scoring system. The BANN was trained on a random 
selection of 50% of the available patients (n = 52) and validated on the remaining cohort. A multi-center prospective pilot 
study (Phase 1, n = 30) was then conducted with the system running live in the clinical environment, followed by a second 
validation pilot study (Phase 2, n = 49). From these prospectively collected data, a final evaluation study was done on 69 of 
these patients with 10 patients excluded from the Phase 2 study because of insufficient or invalid data. Each data collection 
phase was a prospective non-interventional observational study conducted in a live clinical setting to test the data collection 
systems and the model performance. No prediction information was available to the clinical teams during a patient’s stay in 
the ICU. The final cohort (n = 69), using a decision threshold of 0.4, and including false positive checks, gave a sensitivity 
of 39.3% (95% CI 32.9–46.1) and a specificity of 91.5% (95% CI 89.0–93.7). Using a decision threshold of 0.3, and false 
positive correction, gave a sensitivity of 46.6% (95% CI 40.1–53.2) and specificity of 85.6% (95% CI 82.3–88.8). With a 
decision threshold of 0.3, > 15 min warning of patient instability can be achieved. We have shown, using advanced machine 
learning techniques running in a live neuro-critical care environment, that it would be possible to give neurointensive teams 
early warning of potential hypotensive events before they emerge, allowing closer monitoring and earlier clinical assessment 
in an attempt to prevent the onset of hypotension. The multi-centre clinical infrastructure developed to support the clinical 
studies provides a solid base for further collaborative research on data quality, false positive correction and the display of 
early warning data in a clinical setting.
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1  Introduction

One of the primary aims in treating emergency admission 
patients with physical trauma is to stabilise vital physiologi-
cal systems [1]. It is also recognised that patients who have 
suffered a traumatic brain injury (TBI) are at risk of having 
their “primary” brain damage exacerbated from a class of 

complications during neurocritical care (NCC) known as 
secondary insults [2]. The secondary insults can be both 
intracranial and systemic. The intracranial insults predomi-
nantly result from high intracranial pressure caused by 
mass lesions and ischaemic mechanisms resulting in brain 
swelling. One of the most critical types of systemic sec-
ondary insult is arterial hypotension, defined as abnormally 
low arterial blood pressure. Research has shown [3] that 
increased incidence of hypotensive episodes is related to 
poor neurological outcome. The physiological vital func-
tions are extensively monitored in critical care and alarms 
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are sent out when a secondary insult, e.g. an hypotensive 
event, occurs so effective treatment can be initiated immedi-
ately without delay to reduce the development of secondary 
injuries. The ideal situation in the future would be to have a 
monitoring system that sends out alarms before a secondary 
insult will take place so relevant precautions can be insti-
tuted to avoid the secondary event completely.

The overall aim of this study was to get proof of the con-
cept that advanced statistical techniques (machine learning) 
are methods that are not only able to provide early warn-
ing of impending hypotensive events before they occur, but 
can do so prospectively in a live neuro-critical care envi-
ronment. This project had two specific aims: to develop a 
Bayesian artificial neural network (BANN) based system for 
prediction of hypotensive events; and to run a prospective 
multi-centre clinical study to test the system in a real clinical 
environment. For the clinical study a secure software and 
hardware infrastructure was developed and used for collec-
tion of anonymised data from hospital intensive care units 
(ICUs).

2 � Materials and methods

2.1 � Patient data

In 1997 an international group of clinicians and clinical sci-
entists set up the BrainIT consortium [4] with an aim to 
collect high resolution physiological and clinical data from 
TBI patients in a standardized manner, and to use that data to 
undertake further research in this domain through hypothesis 

generation as well as the development and testing of new 
data analysis methods. The group defined a core data set [5] 
and then collected a database of over 200 patients containing 
demographic data (e.g. age, gender, time of injury, initial 
admission data both at pre-neurosurgical and neurosurgical 
admission), episodic data (e.g. treatments given, lab results 
from routine blood samples and nursing procedures) and 
minute-by-minute physiological data from bedside moni-
tors [6]. The BANN was constructed using data from 104 
patients from the BrainIT database, which was recruited 
from 22 European neuro-intensive care centers between 
March 2003 and June 2005 [6, 7].

To support a pilot study of the prediction system, 30 
patients were prospectively recruited between September 
2009 and October 2010 from six BrainIT centres (Prospec-
tive Phase I Dataset): Uppsala, Sweden; Glasgow, Scotland; 
Vilnius, Lithuania; Heidelberg, Germany; Monza, Italy; 
and Barcelona, Spain. Then in support of this data, 49 more 
patients were prospectively recruited from the same centers 
between December 2010 and July 2011 (Prospective Phase 
II dataset). The Phase II prospective study used a “Hanfelt” 
two stage design consisting of an initial collection of 13 
patients (Phase II—Stage 1) followed by a subsequent 36 
patients (Phase II—Stage 2). The Hanfelt design is used to 
minimise the recruitment of patients in Phase II trials [14]. 
See Fig. 1 outlining the design and timing of the clinical 
studies.

In the final analysis reported here the initial Phase I and 
repeat Phase II cohorts were combined. Ten patients had 
to be excluded due to excessive missing or invalid data 
(seven patients did not have the required minimum of 24 h 

Fig. 1   Graphical representa-
tion of the clinical study design 
broken down by testing stage
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of continuous monitoring data and three patients from one 
centre had technical data capture issues resulting in unre-
coverable corrupted data), leaving a total of 69 patients for 
analysis. Of these 52 (75%) were male and 17 (25%) female. 
In terms of patient demographics, the median age was 40 
years, range 16 to 83. There were two main types of injury: 
fall (30) and road traffic accident (25). The remaining 14 
injuries were in the categories: pedestrian (4); unknown (4); 
assault (3); and sports related (3). The GCS scores, where 
complete, were obtained from two time-points: at admission 
to the pre-neurosurgery hospital, median GCS = 8 (range 
3–15; complete n = 51); at admission to the neurosurgery 
ICU, median GCS = 8 (range 3–14; complete n = 24).

2.2 � Hypotension definition

Although other studies have assessed machine learning 
approaches to hypotension prediction [19–25], these use 
hypotension definitions that are markedly more severe 
in terms of the depth of hypotension and their combined 
duration (often > 30 min). In the management of patients 
with TBI there is compelling evidence that even “minute 
by minute” hypotension events cumulatively can influence 
patient outcome [2]. Thus, in order to quantify the occur-
rence of hypotension the Edinburgh University Secondary 
Insult Grading (EUSIG) system was used, which defines 
hypotension as systolic arterial pressure (BPs) ≤ 90 mmHg 
or mean arterial pressure (BPm) ≤ 70  mmHg sustained 
for at least 5 min. This definition has been shown to be a 
clinically relevant measure when assessing the burden of 
hypotension [2]. The EUSIG definition requires that blood 
pressure return to above threshold for at least 5 min before 
the hypotension event is considered to have ended. For the 
purposes of these studies we have increased this “switch off 
time” to 15 min, because we found that otherwise we created 
clusters of closely related events that were better considered 
as a single episode.

2.3 � Bayesian artificial neural networks (BANN)

The term artificial neural network incorporates a variety 
of techniques, but most often (and in the present case) 
describes a form of nonlinear regression. Neural networks 
are very general and powerful models, capable of modelling 
any continuous function [8]. They have consistently proved 
to be among the best techniques for difficult problems in 
statistical pattern recognition [9, 10]. Bayesian analysis can 
be used to estimate error bars for neural network predic-
tions, and to mitigate problems like over-fitting that can arise 
due to the power of the models [11, 12]. We have adapted 
a Bayesian system designed and implemented by Radford 
Neal that utilizes a hybrid Monte-Carlo technique [12].

2.4 � BANN construction and testing

The inputs to the model were built from a series of mov-
ing windows (based upon minute by minute data sampling) 
configured across the data.

Inputs for the neural network were taken from the demo-
graphic database or formed by extracting features such as 
mean, standard deviation, and slope from the physiological 
data over a time window or a series of windows prior to the 
prediction. The slope feature is the slope of a linear trend 
line with a least-squares fit over the data in the given time 
window. A set of BANNs were constructed using clinical 
parameters selected through a combination of clinical guid-
ance and exploratory modelling for the selection of input 
features.

A cohort of suitable patients (n = 104) having more than 
24 h of data for heart-rate and mean and systolic blood 
pressure was extracted from the BrainIT database [6]. A 
total of 33 models were trained on the data from 52 ran-
domly selected patients (the ‘training’ set) and tested on 
the remainder (the unseen ‘test’ set) all 33 models and their 
parameters are summarised in Appendix. This was a con-
servative approach and possibly sub-optimal given available 
techniques such as cross validation to make best use of a 
relatively small data set. However, given the cautious nature 
of the clinical community, one which is more likely to feel 
comfortable with a prediction model based on incorporat-
ing pertinent physiological parameters derived from clinical 
guidance, it was felt that this approach to creating a model 
for early warning of hypotensive events would be easier to 
gain acceptance clinically.

The model with the best performance on the test set and 
good coverage with respect to completeness of data within 
the BrainIT database was selected as the predictive model 
to be used in the Phase I and repeat Phase II clinical studies. 
The model selected used demographic parameters of age 
and gender with the physiological variables of heart rate, 
systolic and mean blood pressure. Models including param-
eters other than blood pressure and heart rate were tested. 
Additional parameters (e.g. ETCO2, temperature, SAO2, 
admission time to ICU) were tried but they did not produce 
models with better sensitivity. Often, due to missing data, 
these models could only be trained and tested on subsets of 
the complete training and test sets.

2.5 � Clinical study methodology

Figure 1 below summarises the clinical study design. A 
Phase 1 study of 30 patients was conducted to ensure that the 
data acquisition and prediction software could be installed 
in the clinical environment and produce predictions on live 
clinical data being collected from the patient monitors, con-
sidering all the data quality issues that are present in an 
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operational setting. Details of the participating hospitals and 
their hardware and software infrastructure can be found in 
[13].

The Phase I study was successful, with the prediction 
results matching the results from the test on the retrospective 
data in the BrainIT database. Therefore we began a repeat 
study (Phase 2), using the methods detailed in the paper by 
Hanfelt [14] which is a modification of the paper by Simon 
[15].

2.6 � Sample size analysis

Our end-point was defined as the sensitivity of true predic-
tions of hypotensive events. In order to minimise the recruit-
ment of patients, we opted for an oftenused Phase II trial 
design based upon the “Hanfelt design” modified from the 
method first described by Simon et al. This required a stage 1 
sample size of 13 and, assuming a positive outcome in stage 
1 of the study, a second stage of 36 patients to give an overall 
minimum sample size of 49. The sample size calculations 
and supporting tables are fully described in the referenced 
paper by Hanfelt et al. [14].

2.7 � False positive correction

To minimise false positives, two checks were per-
formed on the arterial blood pressure readings: (i) BP 
pulse < 10 mmHg, if the pulse pressure (BPs-BPd) is < 
10 mmHg, this potentially indicates a fault within the pres-
sure measuring system resulting as often found in an over-
damped trace and therefore any warnings that occurred 
under this condition are ignored. (ii) BPm > 90 mmHg, if the 
mean arterial blood pressure is > 90 mmHg when the warn-
ing was generated a hypotensive event is unlikely to occur in 
the near future and therefore this warning can be discounted. 
The false positive correction (FPC) was not used during 
BANN model development. The various models developed 
during the research phase were assessed on their sensitivity/
specificity scores. While true the post-hoc processing influ-
ences the real-world results, it is valid as exploratory analy-
ses of how to improve the clinical applicability for future 
projects. In reality, the FPC corrections although improv-
ing the prediction performance, did not make a significant 
improvement at the decision thresholds used.

2.8 � ROC confidence intervals

Confidence intervals were calculated for sensitivity and 
specificity estimates using the bootstrap methodology 
described in [16].

2.9 � HYPO‑NET

HYPO-NET—a previously developed data collection frame-
work was used for testing of the BANN models in real-time 
in a live clinical environment [13] (Fig. 2). To be clinically 
useful, not only do predictive models need to be developed 
with appropriate prediction accuracy, but it must also be 
shown that it is feasible to develop a data collection platform 
capable of running these BANN models in real time in a live 
clinical setting. It is one thing to show that predictive mod-
els have good accuracy on cleaned retrospective data and 
another to show that the same models perform equally well 
in a live clinical environment particularly one as technically 
challenging as an intensive care unit.

2.10 � Study ethics

Each local hospital ethics and R&D committee’s approved 
the patient recruitment protocol and consent documentation. 
As patients in coma are considered “Vulnerable Individu-
als”, Local ethics committee approval was obtained at each 
centre. Patient “assent” was required for every patient by 
interview with patients relatives or next of kin.

3 � Results

3.1 � Model selection

The model selected for prospective testing is described in 
Table 1 below. Two demographic variables; age and sex are 
included. Additionally seven physiological features based 
on mean and systolic blood pressure and heart rate were 
extracted from two sub-windows of 15 min of data starting 
at 15 and 30 min before the prediction time. This gives a 
total of 16 inputs to the neural network for each prediction.

3.2 � Predictive accuracy: bann test set

In the next sections we present results using a standard 
visual technique to assess the trade off between true posi-
tive identifications of episode starts and false alarms, a plot 
known as a receiver operating characteristic (ROC) curve. 
The ROC curve plots the specificity (false positive rate) 
on the x-axis and the sensitivity (true positive rate) on the 
y-axis. The cross markings on the plot indicate probabil-
ity decision thresholds and move from a decision setting of 
probability zero (we will accept all predictions) at the top 
right of the plot, to a probability of one at the bottom left of 
the plot (we would reject all predictions).

The ROC curve for the BANN test set results (data from 
the retrospective BrainIT database) is shown in Fig. 3. A 
review of the prediction results suggested that the BANN 
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could achieve a target for sensitivity of 30% with specific-
ity at around 90%. Using the ROCR (R) package, an area 
under curve value of 0.74 was generated.

3.3 � Predictive accuracy: clinical studies

After the encouraging results of the model on the BANN 
test set, the project moved to the clinical environment with 
a prospective study collecting data using HYPO-NET on 30 
patients (Phase 1). The ROC curve for this study is shown 
on the left hand side of Fig. 4. The results for the clinically 
interesting region of false positive rate 0.3–0.4 are, unu-
sually, slightly better than predicted on the test set despite 
being conducted in a live clinical setting. Improving upon a 
training model performance in a clinical setting is unusual 
and so we felt it was important to assess the repeatability 
of this result. Thus, the next task was to see if we could 
repeat these results on another group of patients (Phase 2). 
Using a study design given in Hanfelt [14], 49 patients were 
recruited. Data from ten patients was excluded due to prob-
lems with data collection. The results of the repeat study 
(Phase 2) are shown on the right hand side of Fig. 4. Again, 
the results are slightly better than the model test set and 
similar to the Phase 1 study.

We note that the AUC scores for the two clinical studies 
are less than the training set. This is a criticism of using 
the AUC metric and is noted in the literature [34, 35] that 
there are problems in comparing classifier performance 

Fig. 2   HYPO-NET system 
architecture in one of six 
BrainIT centres. Staff ICU nurse 
log patient’s onto local informa-
tion systems. Research Nurse 
log patient’s onto a patient study 
via the ward web app (WWA). 
This triggers “Clinical Client” 
software to parse clinical, labo-
ratory and monitoring data from 
local hospital based systems and 
push data onto a local HypoNet 
SQL database. Non-hospital 
Research data is entered via 
the WWA program. Analysis 
software calculates project spe-
cific derived indices from data 
acquired from the local SQL 
database. Once per hour “Data 
Push” software anonymises 
local data and pushes clinical, 
monitoring and status log files 
out of hospital firewalls and up 
to a central SQL database sitting 
at the National eScience (NeSC) 
centre in Glasgow University. A 
trial monitor can view and run 
queries on HypoNet data arriv-
ing from all six BrainIT centres 
in quasi-real time

Table 1   BANN model parameters

Input features for the model selected for the clinical studies. The 
mean, slope and standard deviation features were calculated over two 
sequential time windows for the seven physiological variables: from 
30 to 15 min before the prediction time, and from 15 min before up 
to the prediction time. This produced two demographic and 14 physi-
ological variables as inputs to the neural network

Variable Feature

Age Demographic
Sex Demographic
Mean arterial blood pressure Mean
Mean arterial blood pressure Slope
Systolic arterial blood pressure Mean
Systolic arterial blood pressure Slope
Heart rate Mean
Heart rate Slope
Heart rate Standard deviation
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particularly when the ROC curves cross. For our purposes 
we are interested in false positive rates of between 0.3 
and 0.4.

Combining the prediction data from the prospective 
pilot (Phase 1) and repeat pilot (Phase 2) studies produces 
the ROC curve plotted in Fig. 5.

Figure 6 shows the ROC curve over the decision thresh-
old range of 0.2–0.5 with point estimates and confidence 
intervals as error bars on the results trace. It can be seen 
from Fig. 6 that using a decision threshold of 0.4, with false 
positive techniques applied, the target sensitivity (> 30%) 
and specificity (> 90%) was achieved.

3.4 � Precision recall plot: clinical data

An alternative presentation of the predictive performance 
of the model is shown in Fig. 7. This plot shows precision 
aka: positive predictive value (PPV), defined as true posi-
tives/(true positives + false positives) on the y axis versus 
recall aka: sensitivity, defined as true positives/(true posi-
tives + false negatives) on the x-axis. Although Fig. 7 indi-
cates low values of precision in the likely operating range of 
0.3–0.4 for recall (sensitivity), the plot, similar to the ROC 
presentation also suggests that > 30% of the warnings would 
be clinically relevant.

3.5 � Episode warning time: clinical data

Finally, Fig. 8 below presents the warning time for patients 
where the system was able to provide early warning of the 
onset of hypotension.

4 � Discussion

It is known that the cumulative duration of arterial hypoten-
sive events is a prognostic factor for their clinical outcome 
following a head injury [2, 3]. The importance of reducing 
the burden of hypotension is not restricted to the TBI popu-
lation; for with the medical management of sepsis, it has 
been shown that duration of hypotension before initiation 
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of effective antimicrobial therapy is the critical determinant 
of survival [17].

There is no universally accepted definition of arterial 
hypotension used during the clinical management of TBI 
patients. Bijker et al. found almost 50 definitions being 
quoted in the surgical literature [18], many of these use 
hypotension definitions that are markedly more severe in 
terms of the depth of hypotension and their combined dura-
tion (often > 30 min) than those considered relevant in the 
neuro-critical care of TBI patients. We carried out our own 
survey of the current practices within the participating cen-
tres, which indicated that both systolic and mean arterial 
pressure should be monitored and considered in the defini-
tion of hypotension and therefore it was decided to use the 
published Edinburgh University Secondary Insult Grading 
(EUSIG) definition [2], which requires both measurements.

Our results and the predictive variables selected (Table 1) 
are generally consistent with previous work. A study of 
hypotensive episodes during general anesthesia found that 
baseline mean arterial pressure and patient age were sig-
nificant predictors of outcome [6]. Several studies have 
found that heart-rate variability can be used as a predictor 
of hypotension [19]. The standard deviation of the 1-min 

trend values of heart rate incorporated in our model is a 
crude measure of heart-rate variability.

The choice of a neural network model is supported by 
the results of a competition sponsored by the PhysioNet 
group [20] that tested the ability of various models to pre-
dict hypotension in intensive care patients. A neural network 
entry won this challenge [21], although optimized rule-based 
approaches also worked well [22, 23]. An earlier study also 
demonstrated that a neural network model was an effective 
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predictor of hypotension during haemodialysis treatment 
[24].

A distinguishing feature of this study is that predictions 
are produced and evaluated continuously on a minute-by-
minute basis. Previous studies have made a single prediction 
for each patient based on demographic and physiological 
indicators at a point in time either immediately preceding 
a specific procedure [24–26], or chosen by the competition 
organizers [20–23]. The single prediction was then evalu-
ated based on the occurrence of hypotension during the pro-
cedure (in the former case) or during the entire remaining 
monitoring period (in the latter case). This makes a mean-
ingful comparison with previous results difficult, but it also 
makes our results of special interest in terms of fielding a 
practical intensive care system. A second distinguishing fea-
ture of this work is that a real-time system (HYPO-NET) has 
been implemented and tested running live in intensive care 
units in a multi-center study. Although developed in patients 
with brain injury, there is every possibility that this technol-
ogy will also find application in general intensive care where 
the optimal management of the patient’s blood pressure is 
ubiquitous and paramount.

One could argue that a sensitivity of only 35–40% is 
low. However the ability to pick up even one potentially 
emerging hypotensive event in three before it has happened 
is clinically important. We know from our research that on 
average a patient will have 8–10 hypotensive events dur-
ing their management in the ICU. The system will forewarn 
accurately 3–4 of these events and give the nursing and 
medical staff more time to assess the patient and potentially 

prevent the event from occurring, or, to treat it sooner and 
less aggressively. In the medical management of sepsis, it 
has been shown that with each hour delay in treatment of 
hypotension leads to an increase in in-hospital mortality of 
7.6% [17]. Another potential clinical outcome of this work 
is that fostering earlier and less aggressive intervention will 
in turn lead to a quantifiable reduction in the duration of 
average patient stay, with associated reduction in cost of 
intensive care management (in 2005, typically estimated at 
c. £1200/patient/day) [27]. Another point worth discussion 
is with regards to the poorer performance of the system at 
the upper sensitivity ranges The BANN ROC is a more sim-
plistic score of exact prediction of a hypotensive event in 
15 min time whereas the scoring of the clinical data uses a 
more complex decision process. Ultimately, our focus upon 
the decision threshold of 0.3–0.5 is driven by clinical prag-
matism of requiring an acceptably low false-positive rate and 
thus the poorer performance at higher sensitivities although 
clearly desirable is not relevant.

There is no doubt that the technology could be 
improved further by research into reducing the influence 
of false-positives (when the device claims a hypotensive 
event is about to occur but then it does not). In this study 
we have not attempted to distinguish between good and 
bad false-positives. Many predictions recorded as false 
positive closely precede, by just a few minutes, a true 
positive prediction, for example. Further clinical stud-
ies are needed in which the clinical staff can classify an 
alarm as a valid warning or a nuisance. A major obstacle 
to reducing nuisance alarms is the problem of artifactual 

Fig. 8   Box plot of warning time 
for varying decision thresh-
olds. Note that in the clinically 
relevant decision threshold 
region of 0.3–0.4, the average 
hypotension warning time was 
15 min or greater
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and missing data. Blood pressure measurement systems 
are sensitive to patient movement such as that produced 
by nursing and medical procedures (e.g.: blood sampling, 
routine patient hygiene or pressure area care) that either 
interrupt recording or cause movement of the recording 
system. Automatic false positive correction is challeng-
ing. Many authors agree on the need for systems that can 
automatically detect and remove non-physiological arte-
fact, yet due to the inherent plethora of causes of artefact 
within a clinical environment such as an intensive care 
unit, a robust general purpose system does not exist. Some 
authors (e.g.: Williams et al.) have successfully designed 
and tested dynamic linear models trained on specific arte-
fact types (such as those caused by blood sampling from 
the arterial pressure line), but many of these approaches 
require relevant centre specific training data [29].

The problem of invalid data may have caused the inci-
dence of hypotension to be underestimated in this study. 
Analysis of the dataset for the presence of hypotension 
events using the EUSIG classification has detected 2081 
hypotension events from 100 patients with full BP systolic, 
diastolic and mean data parameters. In this dataset, addition-
ally there were 600 “Abandoned events” defined as where 
an event was in the “Active” state but the next readings did 
not contain valid measurements for BPs, BPd or BPm. There 
were also 47 “Invalid Events” defined as where the event 
ran to completion but there were missing time blocks of 
data [28]. Thus taking the worst-case scenario that all aban-
doned and invalid events would have become hypotension 
events indicates that 31% of potential hypotension events are 
lost to detection and potentially to medical treatment. This 
is compelling evidence for the need for advanced statisti-
cal methods for coping with artifactual and missing data. 
Closely aligned and following on from this study, Williams 
et al. developed and tested a descrimitive switching linear 
dynamical system model to automatically detect both arte-
rial pressure artefact due to line interruption during blood 
sampling and pressure line damping events [29]. Work such 
as this renders the ability to run predictive models even on 
physiological data channels known to be susceptible to arte-
fact, more feasible.

Another area that could benefit from further research is 
that concerning user interface. How best to present critical 
warnings/predictions to intensive care medical staff? ICU 
staff are already bombarded with hundreds of buzzers, bells 
and lights from a plethora of medical devices surrounding 
the patient. The technology used in this study and its ability 
to predict hypotension before it has emerged is only part of 
the challenge. The other part is how to ensure the medical 
staff respond to the increased risk warning and adhere to an 
expected guideline or response which can be quantified as 
part of a future randomised clinical trial on the technology 
used in this study.

The technology used in this study has been shown to be 
capable of forewarning arterial hypotension events with > 
15 min of warning. By adjusting the decision threshold within 
the range 0.3–0.5, which could be carried out on a patient-
by-patient basis, an operational system could expect to pro-
vide warning to a clinical team somewhere between 10 and 
15 min in advance of a hypotensive episode. Adjustment of 
the decision threshold would, of course, have effects on sys-
tem sensitivity and specificity. As an example, with a decision 
threshold of 0.4, a sensitivity of 39.3% (95% CI 32.9–46.1) 
and specificity of 91.5% (95% CI 89.0–93.7) was achieved. 
The average warning at this setting was 14 min. This result 
has been obtained from two independent patient cohorts 
using real-time data collection in a live clinical environment. 
Before a randomized controlled trial can be designed to test 
this technology to assess if the warnings delivered influence 
medical management and patient outcome, two areas of fur-
ther research are warranted: (a) research towards implement-
ing artefact detection and removal from BP data such as that 
developed by Williams et al. [29] and (b) research on optimis-
ing the display of hypotensive warnings to medical staff using 
BANN prediction data. There is no doubt that a revolution is 
currently taking place in healthcare; technology is enabling 
the creation and collection of vast amounts of patient data, 
as part of a “Big Data” phenomenon [30]. This rapid expan-
sion of data has the potential to transform clinical practice, 
no more so than in the management of patients within critical 
care [31–33]. Critical care is arguably one of the most tech-
nology led medical domains; sophisticated patient monitoring 
systems can capture large volumes of streaming physiological 
data which continuously report on a patient’s status and are 
often combined with patient data captured in electronic health 
records. The potential clinical benefit of harnessing this large 
amount of physiological data available will inevitably require 
the real-time application of machine learning technology able 
to run unattended within a live clinical environment. The suc-
cess of such an approach will require the collaboration of clini-
cians, computer scientists and technologists and will depend 
upon their shared understanding of each others understanding 
of the areas of unmet need within their own domains. Machine 
learning algorithms are crucially dependant on the quality of 
the data available for model training and a solid understanding 
of the requirements of the busy clinician. This work has dem-
onstrated that machine learning algorithms can be developed 
and used prospectively within a live critical care environment. 
The next crucial step is to demonstrate their robustness and 
clinical effectiveness.
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5 � Conclusions

Proof was gained of the concept that advanced statistical 
techniques (machine learning) are methods that are able 
to provide early warning of impending hypotensive events 
before they occur and that they can be used effectively in a 
live clinical setting, further prospective multi-centre clinical 
work is required to demonstrate the robustness of running 
such a model in a live clinical setting.
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