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Abstract. Deterioration in patient condition is often preceded by physiological
deterioration in vital-sign data. However timely detection of deterioration by using manual Track-and-Trigger monitoring is not always possible. We present an
automated method for detection of deterioration based on Track-and-Trigger.
We present results showing the proposed method outperforms the existing EWS
scoring method which is based on clinical guidelines.
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1

Introduction

It has been recognized that deterioration in patient condition is often preceded by
physiological deterioration in vital-sign data [1], and that adverse events can be prevented by detecting this deterioration early; ultimately the burden on ICUs can be
reduced.
However, timely detection of adverse events is not always possible because patient
vital signs are typically monitored by clinical staff every four hours [2], with each
nurse attending several patients. This often causes premonitory deviations in vital
signs to go unnoticed. A recent study [3] on 326 in-hospital patients showed that only
7 out of 59 clinically adverse events were detected by clinical staff. Furthermore,
studies [4] show that in nearly 25% of such cases where deteriorating trends in vital
signs have been identified, they failed to elicit the necessary response from the clinical staff, possibly due to a lack of clearly defined response procedures.
1.1

Track-and-Trigger System

In the UK, the conventional system of assessing patient condition via vital signs is the
track-and-trigger (T&T) system, which follows guidelines issued by the National
Institute of Clinical Excellence (NICE) for assessing patient status [5]. Nurses record
vital-sign observations at regular intervals on paper charts, enabling a patient’s vital
signs to be “tracked” through time. A T&T score is calculated based on an Early

adfa, p. 1, 2011.
© Springer-Verlag Berlin Heidelberg 2011

Warning Score System (EWS), and if the score exceeds a certain threshold, the clinical team is “triggered” and the patient’s condition is reviewed.
EWS systems have received mixed reviews in the literature, where some have criticised their effectiveness [6], while others have encouraged use of modified EWS in
hospitals after modifications [7]. A common limitation of these systems is that they
are based on manual checks performed by clinical staff, and these observations are
carried out infrequently (e.g., once every four hours). Teams are thus activated based
on these four-hourly scores. The infrequency of checks can significantly affects the
predictive power of such systems.
1.2

Automated Alarm Generation

More recently, the focus has shifted towards developing “intelligent” early warning
systems which are aimed at improving the clinical decision-making process by enabling automated monitoring of patient condition at regular intervals, and generating
an alarm or “trigger” in the event of deterioration.
The problems associated with manual scoring systems are addressed by the use of
automated monitoring systems. However, these systems cannot be used in wards
where continuous monitoring is not carried out.
We therefore propose an automated early warning system for T&T monitoring that
may be used in the absence of continuous monitoring. Further we aim to reduce the
rate of false positives (i.e. the rate of false alerts) and false negatives (i.e. the rate of
missed deterioration events) that are associated with the current T&T system in practice.

2

A Multivariate Bayesian Model for Patient Monitoring

We present a Bayesian model for the detection of deterioration in patient vital signs.
A Bayesian approach is considered as it accounts for the uncertainty in low-frequency
T&T data, while non-Bayesian approaches typically do not so. We consider multivariate data including heart rate and breathing rate for this work (and extension to include other vital signs in work-in-progress in this PhD.).
2.1

Data

Vital-sign data were collected from 200 patients recovering from uppergastrointestinal surgery at the upper-GI ward of the Oxford University Hospitals NHS
Trust, Oxford, UK1. Heart Rate (HR), Breathing Rate (BR), Systolic Blood pressure
(SBP), Oxygen Saturation (Sp ), and Temperature data were recorded by nurses on
ward, typically every 4 hours on T&T paper charts. The data were then entered into
an electronic database which was used for our analysis. 176 patients were considered
as having normal recovery (average LOS 8.6 days) and placed in to a “normal1
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recovery” group. 23 patients had post-operative emergency ICU admissions or died
on ward, and were placed into an “adverse-event”.
Bayesian Model Averaging. For multivariate data D belonging to the last 6 hours of
a patient i (where i = {1,2,…,176}) from the normal-recovery group, we define a multivariate model
as having a Normal-Wishart (
) distribution:
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are the two parameters of the parameter-set
. The evidence ( | ) of the
model
is the likelihood of the model which
may be obtained after marginalising over the entire parameter space (or -space) over
which the model exists:
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Integrating over evidence for all possible models gives the marginal likelihood of
data D, called the marginal likelihood, which may be expressed as:
( )
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This concept is known as Bayesian Model Averaging (BMA) [8] and is based on
the theory that averaging over all possible models allows better prediction regarding
incoming data than a single model does. BMA is different from model combining in
that while model combination tends to assign equal weight to all contributing models,
BMA will automatically favour the model which has the highest evidence [9].
BMA Novelty Score. We defined a patient status index called the BMA score:
(
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Here
is multivariate vital-sign data from a new patient. It is expected that “normal” data belonging to a recovering patient will take the lowest value of z, whereas
“abnormal” data from patients with deteriorating vital signs are expected to score
higher values of z.
We then introduced a threshold on z. We define this threshold, , to be that which
results in the smallest overall percentage of false positives and false negatives. An
alert is generated if
.
2.2

Comparison with existing EWS system

The proposed method was compared with the existing Early Warning System (EWS)
used by nurses in the upper-GI ward to monitor a patient’s vital signs manually. According to this system (shown in Table 8.1) which is based on current clinical guidelines, an individual vital sign scoring above 3, or an aggregate of individual scores
above 4 generates an alert.

Table 1. The Early Warning Score (EWS) system in current practice at the upper-GI ward.

Vital
Sign
HR
BR
Sp
SBP
TEMP

3

Score

3

2

91-99

1

0

1

2

41-50

51-100
9-18

101-110
19-24

111-129
25-29

3

101-179
35.1-39.9

Results

Sensitivity was defined as the proportion of true positives in a window of data representing the last 24 hours from the adverse-event group. Specificity was defined as the
proportion of true negatives in a window of data representing the last 24 hours from
the normal-recovery group. The performance of the EWS method and the proposed
method is shown in Fig. 1. It may be seen that the proposed method results in an “optimal” sensitivity and specificity of 40% at
, whereas the EWS method results
in a very low false-positive rate (5.7%) which is encouraging, but also a very low
sensitivity (8.1%), and is therefore far less accurate in detecting true deterioration
events than the proposed method2.

Fig. 1. ROC analysis. (a) For the proposed method, sensitivity is plotted against 1-specificity in
blue for a range of thresholds z. Also shown in pink is the sensitivity and 1-specificity of the
EWS system. (b) For the proposed method, the sensitivity and specificity are plotted against a
range of z, in red and green, respectively. Optimal sensitivity and specificity is achieved at
.

2

See Appendix A for explanation of poor performance of EWS method, which will be removed from the paper after review by LT and DC.

4

Conclusions

We presented a Bayesian model for detection of deterioration in multivariate vitalsign data. The proposed automated method was seen to perform with greater accuracy
than the existing manual model in current practice.
The proposed method may therefore be developed for the automated monitoring of
Track-and-Trigger data in hospitals.
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Appendix A

Fig. 2. Left: Distribution of HR observations for the adverse-event group recorded in the last 24
hours before event. The upper (130 bpm) and lower (40 bpm) alert thresholds for EWS method
are shown in red. Right: The cumulative distribution of HR observations for the adverse-event
group recorded in the last 24 hours before event. The EWS alert thresholds for HR are plotted
in red.

From Fig. 2 it may be seen that the HR data from the adverse-event group used in
performing the ROC analysis contains 90% data (as shown in Fig.2 b) which does not
alert according to the EWS method. Fig. 3 shows the same distributions for the BR,
and there too we see that ~ 90% BR data does not alert. We therefore expect the EWS
method to be only 10% sensitive which is consistent with the results shown in Fig. 1a.

Fig. 3. Left: Distribution of HR observations for the adverse-event group recorded in the last 24
hours before event. The upper (130 bpm) and lower (40 bpm) alert thresholds for EWS method
are shown in red. Right: The cumulative distribution of HR observations for the adverse-event
group recorded in the last 24 hours before event. The EWS alert thresholds for HR are plotted
in red.

