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(57) Abstract: Data from a plurality of sensors representing a patient’s condition, including the measurement signals and also sec-
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measurement space to a two-dimensional visualisation space. This can be achieved using a mapping which preserves the topography
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points from a patient whose condition is abnormal appear at the edge of the visualisation space. The artificial neural network may
be trained using data points from a single patient or from a group of patients, and data may be thinned out using a pre-clustering
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PATIENT CONDITION DISPLAY

This invention relates to the display of a graphical representation of a
patient’s condition, and in particular to displaying the results of measurements from a
variety of sources in a way which allows the patient’s overall condition to be
recognised easily.

The condition of patients, particularly, in high dependency care or intensive

care, is monitored in a variety of ways. For instance, vital signs such as one or more

channels of electrocardiogram (ECG), respiration (for instance measured by electrical
impedance pneumography), oxygen saturation (for instance measured by pulse
oximetry with a finger probe), blood pressure and skin temperature may all be
monitored. These may be regarded as "primary" signals, or parameters, which are
measured directly. However, in addition, it is possible to derive from them some
"secondary" parameters such as heart rate, heart rate variability, respiration rate and
S-T segment elevation/depression (which is measured from the electrocardiogram).
Typically the4 various parameters are collected at different rates, for instance the ECG
at 256 Hz, the pulse oximeter signal at 81.3 Hz, the respiration at 64 Hz, the
temperature at 1 Hz and blood pressure once every 10 or 20 minutes if measured
non-invasively using a blood-pressure cuff. Further, the secondary parameters may
be based on some averaging over a period of time.

It has been proposed, as shown in Figures 1 and 2 of the accompanying
drawings, to display several of the measurements representing a patient’s condition
together using an integrated monitor. Figure 1 illustrates a display showing many of
the parameters mentioned above, and Figure 2 illustrates a display of the heart rate
and the heart rate variability. However, even with such a wealth of data available to
the clinician (or pbssibly because of it), it can be difficult to see at a glance whether
the patient’s condition is normal, changing for the better, or, more seriously, for the
worse.

In addition the clinical significance of changes of different degree in the
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different parameters may differ. For instance, a small percentage change in
Atemperat’ure may be much more significant than a small percentage change in blood
pressure, or a change in respiration rate may be more significant than a similar
change in heart rate. This relative significance may vary depending on the patient’s
medical problem. Further, the fact that a change in condition may be reflected in one
or more parameters and in different ways for different patients and different medical
conditions, means that it is very difficult to provide a satisfactory solution by, for
instance, simply setting thresholds on each of the displayed parameters. A
significant change in condition may be reflected by combinations of parameters, for
instance decrease in heart rate combined with a decrease in blood pressure may be
serious even though the values per se are not abnormal. It should be noted, though,
that the early detection of deterioration in a patient’s condition can signiﬁcaritl);
improve the clinical outcome, and reduce the need for later intensive care, which is
thus beneficial both for the patient and for the clinician.

The present invention provides for the display of parameters representing a
patient’s condition in a simplified way, and which allows the changes in a patient’s
condition to be seen easily. For instance, the departure of a patient’s condition from
normality, defined either for that patient or for a group of patients, may be displayed,
or equally the progress of a patient from an abnormal condition to a normal condition
or vice versa.

In more detail the present invention provides apparatus for displaying a
graphical representation of a patient’s condition as measured by n parameters, where
n>3, comprising a processor which maps data points représented by said n
parameters from an n-dimensional measurement space into an m-dimensional
visualisation space, where m<n, using a dimensionality reduction mapping, and a
display which displays the visualisation space and the data points mapped into it, and
which is adapted to the display of dynamically changing values of said parameters by
means of the mapping being carried out by a trained artificial neural network.

The parameters may be primary signals as mentioned above, or secondary

parameters derived from them. For instance, they may be a respiration measurement,
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an oxygen saturation measurement, a blood pressure measurerhent, skin temperature,
S-T segment elevation/depression, heart rate variability and respiration rate. Other
parameters which can be used are any physical marker or physiological signal or

indicator, including, but not limited to:-

Physical Signals

Height, Weight, Age (Physical, Mentai), Sex, History, Drugs / Medications in
use, Body mass index, Body fat, Ethnic origin, Strength, Recovery times after
exercise, Endurance / stamina, Cardiovascular function, Coordination, Flexibility,
1.Q., Colour (Skin pallor, Retinal), Speech, Skin elasticity, Skin texture, Rashes,
Swelling, Oedema, Pain, Shock, Nutritional status, State of hydration, Fatiglie,‘

Previous history.

Physiological Signals

EEG (Electrical (frontal, central, mastoid etc), MEG), Heart, Electrical -
ECG, Sound, Pressure, Heart rate, Heart rate variability, Cardiac ejection fraction,
Cardiac Output Respiration (Rate, Volume, 4F10w, Pressure, Phase, FEV1 (forced
expiratory volume in one second), Gas levels), Blood pressure, (Invasive: Arterial,
Central venous, Left atrial, Pulmonary capillary wedge, Right atrial, Pulmonary
artery, Left ventricular, Right ventricular, Intra-cranial, Non-invasive, Pulmonary
sounds, Pulse transit time, Pulse strength, Pulse rate, Pulse rhythm, Arterial blood
oxygen saturation, Venous blood oxygen saturation, CO2 levels in blood, Impedance
pneumography, Snoring, Temperature (Core, Peripheral, Blood, Lip), EMG, EOG,
Movement (Gait, D.T's, Limb), Sight, Hearing, Smell, Taste, Touch, Throat

microphone, Bowel sounds, Doppler ultrasound, Nerves.

Biochemical Signals

Glucose, Insulin, Lactate, Gas levels (Blood, Lungs), Hormones, Alcohol,
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Thyroid, Blood, Urine, Saliva, Sputum, Stools, Enzymes, Sweat, Interstitial fluid,

Cells, Tissue, Hair follicles, 'Recreational' drugs, Proteins, Cholesterol, HIV.

Imaging Signals

Images of, for example:-
Brain, Heart / cardiovascular system, Central nervous system, Internal organs

Peripheral limbs, Bones.

The dimensionality reduction rriapping may be, for instance, a distance
preserving mapping or Principal Components Analysis (PCA). Other dimensionality
reduction mappings are known. By "distance-preserving mapping" is meant a
mapping which preserves some aspect of the geometrical relationship betweén :che
data points in the measurement space and in the visualisation space. Thus some
aspect of the topology of the measurement space is preserved in the visualisation
space. For instance, the mapping can minimise the difference in inter-point distance
between pairs of points in the measurement space and the corresponding pairs of
points in the visualisation space. An example of such a mapping, which matches the
inter-point distances as closely as possible, is a development of Sammon’s mapping
as described in "Shadow Targets: A Novel Algorithm For Topographic Projections
By Radial Basis Functions" by Tipping and Lowe (Artificial Neural Networks,
Cambridge 7 to 9 July 1997, IEE conference publication number 440). The distance
measure may be any suitéble measure, such as the Euclidian distance measure.

Preferably the parametérs are normalised prior to mapping, so that the
displayed visualisation space spans the desired extent of the measurement space, e.g.
to take account of the fact that the different parameters are expressed in different
units (for example, temperature in fractions of degrees and blood pressure in terms of
mm Hg). The parameters may be normalised using a zero mean, unit variance
transformation calculated over the data from the patient (where it is available) or
example data from a patient group or another patient, or alternatively the parameters

may be normalised using an empirical transformation based on the clinician’s
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knowledge of the significance of changes of different magnitude in the various
parameters.

One advantage of using a zero-mean, unit variance transformation is that if a
signal drops-out or has to be omitted, e.g. because of excessive noise, it can be
replaced by a zero value.

The visualisation space is preferably two-dimensional (i.e. m = 2), in which
case the display is a straightforward two-axis graphical display on arbitrary axes.

However, a three-dimensional visualisation space, or its representation on a
screen is also possible. '

The artificial neural neMork may be trained with data comprising a plurality
of sets of parameters from the pérticular patient being monitored, or by data from a
group of patients. Preferably the group is a group of patients with a similar condition
to the patient being monitored because "normality" and "abnormality" for a typical
patient with heart disease is radically different from "normality" for a patient with a
different medical condition, or indeed a healthy person. Obviously when a patient is
first-monitored there is insufficient data to train the neural network with data from
that particular patient, thus there may be no alternative but to use a neural network
trained on a group of patients. Subsequently, after enough data has been collected
for that patient, a neural network may be trained with that data, to provide a more
personalised mapping.

The data for training the artificial neural network may be selected by pre-
clustering the data points in the measurement space. In other words, in a typical
situation there may be too many data points for allowing training within a reasonable
time period, and instead clusters of data points can be identified and the centres of
the clusters used as nominal data points (prototypes) for training the network.
Typically, there may be thousands or tens of thousands of data points for continuous
monitoring over 24 hours or more for a patient or group of patients. The number of
centres or prototypes will typically be greater than 100 but less than 1,000. After the
network has been trained, the complete set of data points may be passed through the

network to display change in patient condition over the course of collection of all of
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the data. One way of clustering the data and finding the centres or prototypes is, for
instance, the k-means method.

The invention may be applied to human or animal patients, and may be
applied to patients having a variety of conditions including disease or injury (actual-
or suspected), pre and post-operative care, monitoring during traumatic procedures
monitoring of the elderly and/or infirm, neonatal monitoring or indeed monitoring in
any medical or veterinary environment. The invention may be applied to monitoring
in a medical or veterinary establishment or in the home. Thus it may be used as a
health monitor in which readings may regularly be taken, and sent automatically to a
central collection point for review. The readings may be sent only if they are outside
a predefined region of "normality".

The output of the neural network may be used to control automaticall'y the
management of the patient, e.g. the administration of drugs, to keep the patient’s
condition within the predefined region, e.g. the normal region. In a further
enhancement, aspects of the rﬁanagement of the patient, e.g. the rate or amount of a
drug being administered, or aspects of the environment, may be included as input
parameters.

The invention may be embodied by a computer program running on a suitably
programmed computer system, or by dedicated systems. Thus the invention extends
to a computer program comprising program code means for executing some or all of
the functionality of the invention, to a computer storage medium storing such a
computer program, and to a programmed computer system embodying the invention.

The invention will be further described by way of example, with reference to
the accompanying drawings, in which:-

Figure 1 illustrates a display showing a patient’s vital signs;

Figure 2 illustrates a display of heart rate and heart rate variability for a
patient;

Figure 3 illustrates schematically an embodiment of the present invention;

Figure 3a illustrates in more detail the mapping device of Figure 3;

Figure 4 illustrates schematically the process of training an artificial neural
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network and mapping points in accordance with an embodiment of the present
invention; 4

Figure S illustrates schematically the monitoring process according to an
embodiment of the present invention;

Figure 6 illustrates schematically the training of an artificial neural network;

Figures 7a to 7g illustrate the display of data from a particular patient using
an embodiment of the present invention;

Figure 8 illustrates the display of visualisation space and training data for a
group of patients;

Figure 9 illustrates the display of a patient’s condition in the visualisation
space of Figure 8;

Figure 10 illustrates the display of another patient’s condition in the '
visualisation space of Figure 8;

Figures 11 and 12 illustrate the display of other patients’ conditions in the
visualisation space of Figure 8;

Figures 13 (A) and (B), 14 (A) and (B), 15 (A) and (B) and 16 (A) and (B)
show data for different individual patients plotted on a visualisation space for a group
of patients and individual plots of the four parameters under consideration;

Figures 17 to 20 show data plotted for different patients on the visualisation
space (a), as individual parameter plots (b) and the index of novelty (c); and

Figures 21 and_ 22 show the training data set for the data used in Figures 13 to
20, plotted on the visualisation space and coloured according to the value of the
index of novelty.

Figure 1 illustrates the graphical display from an integrated patient condition
monitor. As can then be seen, three channels of ECG, ECG 1, 2 and 3, are shown,
together with the oxygen saturation waveform and the respiration waveform. In
addition, the values for the non-invasive blood pressure, oﬁygen saturation waveform
and temperature are also shown, together with a measurement of the heart rate, which
may be derived from the ECG, the oxygen saturation waveform, or a combination of

them. These measurements may be supplemented by other measurements relevant to
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particular groups of patients. It is known, for instance, that for some group of
patients the heart rate variability is an important measurement of patient condition.
Figure 2 illustrates two traces for the heart rate: (i) the raw heart rate, including the
sharp spikes associated with the occurrence of ectopic beats, (ii) the filtered heart rate
(after the ectopic beats have been removed), a five minute mean heart rate, and the
standard deviation of the mean heart rate. Other heart rate variability indices are also
known. In addition, although not shown in Figures 1 and 2, there are other secondary
parameters which may be derived from the primary parameters or signals to give an
indication of patient condition. For instance, the S-T segment elevation or
depression (measured from the ECG) is significant in patients with heart disease.

Figure 3 illustrates schematically how, in accordance with the present
invention, the primary signals or parameters from the sources (e.g. sensors) and the
secondary parameters calculated from them, (which by regarding each parameter as a
dimension, can be regarded as defining points in a multi-dimensional measurement
space) are mapped into a visualisation space of reduced dimensidnality (compared to
the measurement space) and displayed. As illustrated in Figure 3 a plurality of
signals e.g. from a plurality of sensors 30, are input via an input interface 32 to a
processor 34. The processor 34 includes an analysis devicé 340 for calculating the
secondary parameters from the input signals and a mapping device 342 for reducing
the dimensionality of the data into a form in which it can be displayed on display 36.
As illustrated in Figure 3, a two-dimensional display 38 may be used, which means
that the dimensionality of the parameters must be reduced to a two-dimensional
visualisation space. Figure 3a illustrates this in more detail. The input parameters,
which include the primary measurements and the secondary parameters, may be
regarded as input vectors Xy, X,..., X; in which each component of the vector is one of
the parameters.

Figure 3a illustrates n components for éach input vector. The mapping device
342 converts each of these input vectors into an output vector y,, y,..., y; which has
fewer components, for instance two components as illustrated. Thus the output

vectors y can be displayed easily on a normal graphical display, such as against the
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vertical and horizontal axes of a graph. The mapping device 342 is designed to
preserve in the output vectors some aspect of the relationship of the input vectors.
Thus a significant change in the values of the input vectors will result in a
discernable change in the value of the output vectors y. This actually involves two -
stages as illustrated in Figure 3a, first the normalisation 343 and then the mapping
itself (which reduces the dimensionality of the data) at 344. The normalisation is
necessary so that the visualisation space correctly covers the range of variation in the
input parameters which it is desired to monitor. The normalisation can be
statistically based, for instance by looking at an example data set and choosing a
normalisatioh, such as the zero-mean unit-variance normalisation transform, or can
be based on a clinician’s knowledge, such as knowing that for a particular patient or
group of patients a 2.0 degree change in skin temperature is equivalent in o
significance to a 50 mm Hg change in blood pressure.

The normalisation is also effective to place data points deriving from a patient
in a normal state in some predefined region of the displayed visualisation space, e.g.
the centre, and data points derived from a patient in an abnormal condition
somewhere else - e.g. at the edge.

The normalised parameters are then mapped to the output vectors in a way
which is designed to preserve or match as closely as possible some aspect of the
topography of the input vectors. In this embodiment Sammon’s mapping is used so
that the inter-point (Euclidian) distances between the points represented in the
measurement space by the input vectors are as close as possible to the corresponding
inter-point distances in the output vectors. As illustrated in Figure 6 this is achieved
by minimising an error measurement which is the sum of the squares of the |
differences between the inter-point distances. With the present invention this is
achieved by using an artificial neural network 60 represented schematically in Figure
6 which is trained on a set of data points which can be derived from a single patient,
such as the patient being monitored, or from a group of patients. In this embodiment,
as illustrated in Figure 6, a Radial Basis Function neural network is used.

The training process is illustrated schematically in Figure 4. Measurements
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representing primary parameters, are obtained at step 40 from a plurality of sources.
Secondary parameters, if necessary, are then calculated from the primary parameters
at step 41. These are assembled into a data set at step 42 and then these are
normalised to give the input vectors x" at step 43. Typically this process would result
in an enormous amount of data and it would take a long time to use this data to train
an artificial neural network. The amount of daté is therefore reduced, in this
embodiment by pre-clustering the data at step 44. The data may be pre-clustered
using the k-means method which is a well known iterative way of examining a set of
data points repeatédly and deriving from them a set of prototypes or cluster centres.
In this case the initial choice of cluster centres was a set of patterns randomly picked
from the training data set. In the iterative process clusters are moved so that they are
optimally placed with respect to the data points. The centre points of the clusters are
then regarded as nominal data points which can be used to train the artificial neural
network as illustrated at step 45. In this case the initial weights for the neural
network were small fandom values between -0.01 and +0.01. Figure 7a illustrate a
display of 24 hours of training data taken from an example patient. Thus the points
shown in Figure 7a are the points in the visualisation space which correspond to the
cluster centres or prototypes in the measurement space.

Once the neural network has been trained to produce the mapping from n
dimensions to 2-D, the complete data, rather than just the cluster centres or
prototypes, can be fnapped to the visualisation space using the neural network and, of
course, new measurements coming from the patient on a continuous basis can also be
normalised and mapped to show the patient’s current condition. Thus, as illustrated
in Figure 5, the primary and secondary parameters are obtained in steps 50 and 51,
assembled into data sets at step 52, normalised at step 53 and then mapped using the
neural network at step 54 and displayed at step 55.

Figure 7b to 7g illustrate the display of the data points themselves overlaid on
the display of the visualisation space defined by the cluster centres or prototypes of
Figure 7a. It can be seen at Figure 7b (the first hour of 24 hours of data) that the data

points which are early in the set of data are positioned at one edge of the visualisation
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space, indicating that the patient’s condition was abnormal at that stage. Through the

course of Figures 7c (first 3 hours), 7d (first 6 hours), 7e (first 9 hours) the patient’s

condition approaches the area where most of the points derived from the training set

are located, representing normality for that patient. Data points continue to be added
thro;lgh Figures 7f (first 15 hours) and 7g (all 24 hours) illustrating that the patient’s
condition stabilises such that the data points are mapped to the region just left of
centre in the visualisation space, with occasional departures above and below that
space. |

It can be seen, therefore, that the progress of a patient’s condition can be
visualised very easily using this mapped display. Any departure from normality for
that patient would result in a succession of data points departing from the "normal"
region just to left of centre of the visualisation space. Further, if a patient’s condition
is changing, such as during administration of a drug or some other medical
procedure, one would expect to see a particular trajectory across the visualisation
space. Departures from that trajectory would represent an abnormal response to the
medical procedure, for instance that the patient’s condition is deteriorating. An
alarm for alerting staff to departures of the patient condition outside that area or
trajectory can also be included.

It will be clear, furthermore, that it is possible to modify the apparatus to
include an alarm which responds to data points being plotted outside a pre-defined
region of "normality" in the visualisation space or off a predefined normal trajectory
(corresponding to an expected change in patient condition). This will be explained in
more detail below with respect to a visualisation space defined for a group of
patients, although it is equally applicable to the visualisation space shown in Figure 7
for a particular patient.

In Figure 7 a set of data points from a patient is used (after pre-clustering) to
train the artificial neural network. The trained network may then be used to continue
to monitor that patient by inputting new data points to it and having them mapped
and displayed in the visualisation space. Clearly, though, when a patient is first

monitored, no prior data may be available for that patient. Further, there may be
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insufficient data for several hours to train the artificial neural network, and in any
event the network can only be adequately trained after a sufficient amount of data
representing normality for that patient has been obtained. For that initial period,
therefore, it is necessary to map the data points to the visualisation space by using an
artificial neural network which has already been trained. This can be achieved by
training an artificial neural network on data from a representative group of patients
for a particular condition. It should be noted that training the artificial neural
network using data from healthy people is unlikely to be satisfactory since their data
is unlikely to span the necessary range of the measurement space. Further, patients
with different conditions may, again not provide data which is sufficient to span the
measurement space desired for the patients to be monitored. .

Figure 8 illustrates a visualisation space showing points which have been -
mapped using data from several patients in a group (which data is normalised and
may be pre-clustered as above if necessary). It can be seen that much of the data is
clustered in the central region of the display, and it is therefore possible to define a
boundary 80 within which the patient condition is regarded as being normal for that
group, and outside of which the patient condition is regarded as being abnormal. The
data from a particular patient can be mapped using the artificial neural network
trained with the data from the patient group and then displayed on the visualisation
space for the group. Figure 9 illustrates a plot of a particular patient’s condition on
the visualisation space for the group. Figure 9 is the data from the same patient as
Figure 7g (patient 37) but whereas in Figures 7b to g, the n-dimensional data is
mapped onto the visualisation space defined by that patient only (Figure 7a), in
Figure 9, the same n-dimensional data is mapped onto the visualisation space defined
by that patient group (i.e. in this case patient 37 and 5 other patients, including
patient 36 - Figure 10, patient 52 - Figure 11 - and patient 56 - Figure 12). Similar
trajectories/distribution of points are seen in Figures 7g and 9, the differences being
due to the difference in the construction of the visualisation space (single patient vs
group of patients). '

Figure 9 (or 7a to 7g) represents an improving patient with a heart condition.
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Figures 10 and 11 (patients 36 and 52) are "normal" patients within the group of
patients with heart problems. Figure 12 (patient 56) represents a patient who starts
out as "normal” for that group (the region within boundary 80) but deteriorates
during the course of monitoring to the right-hand part of the plot. An alarm can be -
generated once the boundary of normality has been crossed.

The data used in Figure 7 was normalised readings of four parameters: heart
rate, blood pressure, oxygen saturation and skin temperature, taken for an individual
patient from a coronary care unit over a period of 24 hours resampled at a sampling
rate of once a second. Figures 8 to 12 are based on a data set of the same parameters
as in Figufe 7 for periods of 24 hours for six patients, all of whom were patients in a
coronary care unit. Figures 13 to 20 are based on resampled data sets of
measurements of the same four parameters for one to twelve hours, for 14 pz{tie}lts
having acute dyspnoea, congestive heart failure or post myocardial infarct.

Figures 13 (A) and (B) illustrate the same data as in Figure 12 (for patient 56)
plotted on a visualisation space in which the mapping was defived using a training
data set from a different group of (abnormal) patients. Again "normality" is in the
middle of the visualisation space. The patient starts off with "normal” heart rate,
blood pressure, skin temperature and oxygen saturation as can be seen from the
individual plots of these parameters in Figures 13 (B). However, in the last third of
the time plotted, all four parameters change as the patient's condition deteriorates and
this can be seen in the visualisation space of Figures 13 (A) as the departure labelled
130 towards the left-centre of the space. In the data sets used for in Figure 13, and
also Figures 14 to 20 the heart rate is measured in beats-per-minute, the blood
pressure in mm Hg, the temperature in °C and the oxygen saturation in percentage
points. Since these data have been normalised using the zero-mean, unit-variance
transform, a "normal" value in each case is 0.0. On the figures the normalised values
are plotted with the vertical axis being labelled in number of standard deviations for
the set of data, and the horizontal axis in seconds (every five seconds for Figures 14
to 19).

Figures 14 (A) and (B) illustrate respectively data plotted on the visualisation
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space and the individual parameter plots for a patient whose condition remains

" normal over the course of the measurements.

Figures 15 (A) and (B) illustrate respectively the data plotted on the
visualisation space and the individual parameter plots for a patient whose heart rate-
rises and oxygen saturation dips (down to 75%), this being shown in the visualisation
space as the departure labelled 150 to the left of the space. This patient required
transfer to an intensive care unit. _

Figures 16 (A) and (B) illustrate‘ corresponding plots for a patient whose
condition started as abnormal (high heart rate and blood pressure) and became
normal, resulting intrajectory 160 in the visualisation space of Figure 16 (A).
However, the patient's oxygen saturation suddenly dipped (at point 162 on the
oxygen saturation plot of Figure 16 (B)), when their oxygen mask was removed.

This is seen as departure 164 towards the bottom left on the visualisation space of
Figure 16 (A).

A further indication of the pafient's condition may be obtained by deriving an
"index of novelty" of each point, based on the distance in the multi-dimensional
measurement space of that point from the predefined "normal" point. After
normalisation with a zero-mean transform, the "normal” point will be the origin, i.e.
the point with coordinates (0, 0, 0, 0....) in the measurement space. The index of
novelty may be computed using the method of Parzen Windows as disclosed in
"Novelty Detection for the Identification of Masses in Mammograms", Tarassenko
et. al.,, Procs. 4" IEE Int. Conf. on Artificial Neural Networks, Cambridge, June
1995, pp 442-447, where novelty is assessed by summing the distance between a data
point and each of a set of prototype points representing normality (e.g. the 80% of the
prototype points which are closest to the origin).

This index of novelty may be used to trigger an alarm condition, for instance
if it is greater than a predetermined threshold. The threshold may be defined, for
example, as being a boundary encompassing the normal prototypes.

- This index of novelty may be displayed on a plot as illustrated in Figures 21

and 22 for the prototype points (the training set used for Figures 13 to 20). In Figure
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21 the 80% of pfototype points closest to (0, 0, 0, 0) in the measurement space are
shown in black and in Figure 22 the remainder are shown in black (though in practice
green and red are used réspectively).

In Figures 17 to 20 the points in the visualisation space (a) are shown,
together either with the plots (b) of the four normalised individual parameters (heart
rate, blood pressure, skin temperature and oxygen saturation) with time, and the
index of novelty plotted against time is presented in the bottom right-hand corner of
the display (c).

The alarm condition for the patient is preferably not triggered only by
crossing the threshold (shown by line TH in Figures 17 to 20), but by a combination
of the time and extent to which the threshold is crossed. This avoids triggering by
brief artefacts, as are visible, for example, in Figures 18 and 20. This may be
achieved by integrating the area between the plot and the threshold, and only
triggering the alarm when this area exceeds a certain amount. '

The index of novelty may be calculated from the unconditional probability
density function p(x), where x is the vector of parameters (in this case using their
normalised values). This may be estimated using the standard method of Parzen

Windows referred to before, where:

2
1 < 1 “x - xm”
p(x) = n(27)"% o mz=1 eXp{" 5 o2
- One spherical Gaussian kernel for each normal prototype x,,
- o is a smoothing parameter which is the same for all normal prototypes X,
taken as the average distance between a prototype pint and its ten nearest heighbours
- d is the dimensionality of the data, 4 in this case as four parameters are

measured.

Novelty is then calculated as 1/log p(x). Thus |x-x,| isameasure of the
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distance between the current data point and the m™ normal prototype in the training
set of which there are n.

Figure 17 illustrates the visualisation space, plots of four parameters, and plot
of index of novelty against time for a patient whose condition remains normal.
Figure 18 illustrates in the same way the data from the patient of Figure 16. It can be
seen that the index of novelty decreases as the patient's condition improves at the
beginning, but shows brief, sharp increases, particularly when the oxygen saturation
drops on removal of the oxygen mask. Figures 19 and 20 are corresponding plots for
the patient data shown in Figures 13 and 15, and it can be seen that the index of

novelty and colour-coding follow the deterioration in the patient's condition.
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CLAIMS

1. Apparatus for displaying a graphical representation of a patient’s
condition as measured by »n parameters, where #»>3, comprising a processor which -
maps data points represented by said n parameters from an n-dimensional
measurement space into an m-dimensional visualisation space, where m<n, using a
dimensionality reduction mapping, and a display which displays the visualisation
space and the data points mapped into it, and which is adapted to the display of
dynamically changing values of said parameters by means of the mapping being

carried out by a trained artificial neural network.

2. Apparatus according to claim 1 wherein the n parameters are selected
from: a respiration measurement, an oxygen saturation measurement, blood pressure,
skin temperature, S-T segment elevation/depression, heart rate, heart rate variability

and respiration rate.

3. Apparatus according to claim 2 wherein the respiration measurement

is an impedance pneumography measurement.

4. Apparatus according to claim 2 or 3 wherein the oxygen saturation

measurement is a pulse oximetry measurement.

5. Apparatus according to any one of the preceding claims wherein said

-processor normalises the parameters prior to said mapping.

6. Apparatus according to claim 5 wherein the processor normalises the-

parameters using a zero mean, unit variance transformation.

7. Apparatus according to claim 5 wherein the processor normalises the

parameters using an empirical transformation.
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8. Apparatus according to any one of the preceding claims wherein m=3.
9. Apparatus according to any one of claims 1 to 7 wherein m=2.
5 10. Apparatus according to any one of the preceding claims wherein the_

10

15

20

25

30

dimensionality reduction is a distance-preserving mapping.

11.  Apparatus according to claim 10 wherein the distance preserving
mapping minimises the difference in the distance between pairs of points in the

measurement space and the corresponding pairs of points in the visualisation space.

12.  Apparatus according to claim 11 wherein the distance—preserv‘in‘g

mapping is Sammon’s mapping.

13. Apparatus according to any one of the preceding claims wherein the

artificial neural network is a Radial Basis Function (RBF) neural network.

14. Apparatus according to any one of the preceding claims wherein the
artificial neural network is trained with data comprising a plurality of sets of said

parameters from the patient. .

15.  Apparatus according to any one of claims 1 to 13 wherein the artificial
neural network is trained with data comprising a plurality of sets of said parameters

from a group of patients.
16. Apparatus according to any-one of the preceding claims wherein the
display is adapted to display at least one of: '

a region of normality, and normal trajectory, in the visualisation space.

17.  Apparatus according to any one of the preceding claims further
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comprising an alarm responsive to a departure of mapped data points from at least
one of:

a region of normality, and normal trajectory, in the visualisation space.

18. Apparatus according to any one of the preceding claims wherein the
points are displayed in the visualisation space in a visually distinguishable manner
depending on the distance in the measurement space between each point and

predetermined point or set of points representing a normal condition for the patient.

19. A method of displaying a graphical representation of a patient’s
condition as measured by » parameters, where #»>3, comprising mapping data points
represented by said » parameters from an n-dimensional measurement space into an
m-dimensional visualisation space, where m<n, using a dimensionality reduction
mapping, and displaying the visualisation space and the data points mapped into it,
and which is adapted to the display of dynamically changing values of said
parameters by means of the mapping being carried out by a trained artificial neural

network.

20. A method according to claim 19 wherein the » parameters are
selected from: a respiration measurement, an oxygen saturation measurement, blood
pressure, skin temperature, S-T segment elevation/depression, heart rate, heart rate

variability and respiration rate.

21. A method according to claim 20 wherein the respiration measurement

is an impedance pneumography measurement.

22. A method according to claim 20 or 21 wherein the oxygen saturation

measurement is a pulse oximetry measurement.

23. A method according to any one of claims 19 to 22 further comprising
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normalising the parameters prior to said mapping.

24. A method according to claim 23 wherein the normalisation is by a

Zero mean, unit variance transformation.

25. A method according to claim 23 wherein the normalisation is by an

empirical transformation.
26. A method according to any one of claims 19 to 25 wherein m=3.

27. A method according to any one of claims 19 to 25 wherein m=2.

1]

28 . A method according to any one of claims 19 to 25 wherein the

dimensionality-reduction is a distance-preserving mapping.

29. A method according to claim 28 wherein the distance preserving
mapping minimises the difference in the distance between pairs of points in the

measurement space and the corresponding pairs of points in the visualisation space.

30. A method according to claim 29 wherein the distance-preserving

mapping is Sammon’s mapping.

31. A method according to any one of claims 19 to 30 wherein the

artificial neural network is a Radial Basis Function (RBF) neural network.
32. A method according to any one of claims 19 to 31 wherein the
artificial neural network is trained with data comprising a set of said parameters from

the patient.

33. A method according to any one of claims 19 to 32 wherein the
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artificial neural network is trained with data comprising a plurality of sets of said

parameters from a group of patients.

34. A method according to any one of claims 19 to 33 further comprising
displaying at least one of:

a region of normality, and normal trajectory, in the visualisation space.

35. A method according to any one of claims 19 to 34 further comprising
generating an alarm responsive to a departure of mapped data points from at least one
of:

a region of normality, and normal trajectory, in the visualisation space.

36. A method according to any one of claims 19 to 35 wherein the points are
displayed in the visualisation space in a visually distinguishable manner depending
on the distance in the measurement space between each point and predetermined

point or set of points representing a normal condition for the patient.

37. A method of training an artificial neural network for use in the
apparatus of any one of claims 1 to 18 or the method of any one of claims 19 to 36,
further comprising the step of pre-clustering in the measurement space data points
each comprising a set of said parameters, deriving the centres of the clusters, and

using the centres of the clusters as training data for the artificial neural network.

38. A method according to claim 37 wherein the data points are pre-

clustered using the K-means method.

39. A patient condition monitor comprising apparatus according to any
one of claims 1 to 18, or operating in accordance with the method of any one of

claims 19 to 36.
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40. A computer program comprising program code means for executing

on a programmed computer system the method of any one of claims 19 to 38.

41. A computer readable storage medium storing a computer program

5 according to claim 40.
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