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Abstract—Adverse hospital patient outcomes due to deteriora-
tion are often preceded by periods of physiological deterioration
that is evident in the vital signs, such as heart rate, respiratory
rate, etc. Clinical practice currently relies on periodic, manual
observation of vital signs, which typically occurs every 2-to-4
hours in most hospital wards, and so patient deterioration may go
unidentified. While continuous patient monitoring systems exist
for those patients who are confined to a hospital bed, the false
alarm rate of conventional systems is typically so high that the
alarms generated by them are ignored. This paper explores the
use of machine learning methods for automatically identifying pa-
tient deterioration, using data acquired from continuous patient
monitors. We compare generative and discriminative techniques
(a probabilistic method using a mixture model, and a support
vector machine, respectively). It is well-known that parameter
tuning affects the performance of such methods, and we propes
a method to optimise parameter values using “partial AUC”. We
demonstrate the performance of the proposed method using blot
synthetic data and patient vital-sign data collected from a recent
observational clinical study.

Index Terms—support vector machine, novelty detection, one-
class classification, parameter optimisation, partial AUC.

|. INTRODUCTION
A. Detecting Patient Deterioration

as infrequently as once every 12 hours in some wards. Patient
may deteriorate significantly between observations. Tiiigre
is a significant error-rate associated with manual scoring,
especially in the high-workload setting of a high-depermgen
clinical ward. (iv) Each vital sign is treated independgrathd
correlations between vital signs are not taken into account
This paper addresses these four disadvantages by evgluatin
automated systems, which use novelty detection algorithms

B. Novelty Detection for Patient Monitoring

Novelty detection, or one-class classification, involves-c
struction of a model of normality using examples of “normal”
system behaviour, and which then classifies test data as
either “normal” or “abnormal”’ with respect to that model.
This technique is particularly applicable to the monitgrin
of high-integrity systems, such as jet engines, manufaxgur
processes, or human patients.

Monitoring high-integrity systems is difficult due to the
variability between individual systems of the same system
type (such as different human patients of the same demo-
graphic background). The few examples of “abnormal” sys-
tem behaviour that may exist for some population are often

Adverse events in acutely ill hospital patients may occiapplicable to the analysis of previously-unseen indiais.

when their physiological condition is not recognised oredct

For example, a heart rate of 50 beats per minute may be

upon early enough [1]. Clinical guidance in the UK [Z]indicative of considerable physiological abnormality ineo
recommends the regular observational recording of certaigspital patient, while it may be entirely normal for a fitter

vital signs (such as heart rate, HR, measured in beats

pékient of the same age and background.

minute; respiration rate, RR, measured in breaths per eiinut Finally, high-integrity systems typically exhibit a higted

blood oxygen saturation, SpOmeasured as a percentagegree of structural complexity, and can often comprise many
and systolic blood pressure, SysBP, measured in mmHg)b-systems that interact in a non-linear manner. Thus, the
combined with the use of early warning score (EWS) systenisotential space of “abnormality” is extremely large, and so
The latter involve the clinician applying univariate se@i the large resultant number of failure modes is often poorly
criteria to each vital sign in turn (e.g., “score 3 if heartera understood. For example, the exact response of a particular
exceeds 140 beats per minute”), and then escalating care ughan’s physiology to a given failure mode (such as, for
higher level if any of the scores assigned to individual lvitaxample, deterioration leading to myocardial infarctiovi)
signs, or the sum of all such scores, exceed some thresholgry significantly between patients, and what data exist are
This current standard of care has a number of disadvantaggsufficient for constructing accurate models of theseufail
(i) The early-warning scores assigned to each vital sigd, astates, typically being derived from a small number of puatie
the thresholds against which the scores are compared, @i differing co-morbidities, lifestyles, etc.
mostly determined heuristically (i) EWS systems are used Novelty detection avoids such problems by modelling the
with periodic observation of vital Signs, which may be madﬁ]ormar’ mode of operation of the system, which is often
well-understood because most high-integrity systemstioimc
“normally” most of the time, and then looking for deviations
from that normal model.

IHowever, a large evidence base of vital-sign data was usemrstruct
the EWS proposed in [3], which is currently undergoing cliicalidation in
its own study.



This is appropriate for the monitoring of physiological eon The decision function in feature spaBes:
dition in patients, because sufficient data exist from ‘letab

patients such that a model of the well-understood “normal” #(x) = w, - @(x) = po ©®)
state of these patients may be constructed. Physiologigath parameters
deterioration may then be detected as being corresponding N,
departures in the vital signs from that “normal” state. w, = Z%‘I’(Si) (6)
i=1
. Ns Ng
C._ﬁyerwew _ _ py = 1 Z aik(siss;), %
is paper considers the one-class support vector machine Ny e

(SVM), which is a commonly-used method of performing nov- h h ; ¢ £ which th a d
elty detection. Its formulation is briefly recapped in seuwtil, Wherezz» _arfh eé;supp_o r \Lec orls ’dof_Wc;C_ 1ereW & atn that
where disadvantages arising from the setting of its parametw erek is the Gaussian kemel defined in (1). We note tha

are discussed. Following discussion on the topic of evalgat wo € I, p, € R, and thata, are Lagrangian multipliers

o . . L ed to solve the dual formulation, more details of which
classifiers in section Ill, a method of optimising parameté‘Fay be found in [8] and which are not reproduced here.

values in a one-class SVM is described in section 1V, i he “ab P data (i.e. th tside the sinale. “ndt
light of those evaluation methods. The method is illusttate € “abnormal’ data (|.e.,_ ose outside he _sm% € n ”ma
raining class) take negative values gfk), while “normal

using simulated data in section V and patient vital—sigradatt

collected from an observational clinical study, in sectidin da\t:/l t?]k? pi?]smve |\r/1 alutﬁs.t thi roach is tvpically emploved
Limitations of the method, and potential future extensiame . € note ; thpass gl a ; S a;l)pt.oac Syp ga_ y ‘130 P ‘Ke
discussed in section VII. in favour of the one-class formulation proposed in [10],]]

in which a hypersphere of minimum radius is found to enclose
the data inF. The interested reader is directed to a useful

IIl. ONE-CLASS SVMs tutorial for this latter method in [12].
The one-class SVM is a frequently-employed method of

performing novelty detection, and it has been applied toyman Ill. RECEIVER OPERATING CHARACTERISTIC (ROC)

such problems, including jet engine condition monitoridy [ CURVES

signal segmentation [5], and fMRI analysis [6], among many The performance of a two-class decision rule can be sum-

others, a review of which may be found in [7]. marised in a receiver operating characteristic (ROC) curve
which plots the true-positive rate on the vertical axis agai

A. Formulation the false-positive rate (FPR) on the horizontal axis, as the

g_ecision threshold varies [13]. Although an ROC curve gives
a more thorough evaluation of classifier performance than a
confusion matrix, it is difficult to compare two ROC curves.
One possible comparison is to consider the area-under-the-
ROC-curve (AUC), which integrates the FPR over varying
thresholds. AUC is independent of a fixed decision thresh-
old, and is invariant to prior class probabilities [14]. AUC
k(x;,%x5) = ®(x;) - B(x5) (1) represents the probability that a randomly chosen positive

observation is correctly classified, and therefore a highkre

A Gaussian kernel allows any data-point to be separated frorpAUC indicates better separation between the two classes
the origin inF [8], hence is chosen for us in the work describe

This paper considers the one-class SVM formulation pr
posed by [8], in which a quantity of d-dimensional data
{x1,...,x;} € RY are mapped into a (potentially infinite-
dimensional) feature spadeby some non-linear transforma-
tion ®: R? — . A kernel functionk provides the dot product
between pairs of transformed datalin

by this paper: 4], [15],
y paper. For the novelty detection approach taken by this work, we
k(xi,x;) = exp (—|x; — x,|?/20?%) (2) label the “normal” data as "negative” cases, for ROC analysi

. ) . . .and the “abnormal” data as "positive” cases. Most practical
whereo is the width parameter associated with the Gausmﬂgve”y detection systems require low FPRs, and so we are

kernel. . ) . most interested in the ROC curve for low values of FPR when
The decision boundary is a hyperplane in feature Smceevaluating the performance of a novelty detector. (Its qrerf

found by minimising the weighted sum of a support Vectof,ance at higher FPRs s irrelevant, and possibly confogndin

type regulariser and an empirical error term depending On gR.5ise these represent choices of decision threshold that
overall margin variable and individual errors;, would never be used in practice.)

! We therefore considgrartial AUC, to restrict evaluation of
min 1||w|‘2 + CZ &—p (3) the classifier only over those ranges of decision threstlt t
weF, (€R!, peR 2 =1 are likely to be used in practice. Partial AUC is defined as
4) the integral area between two false-positive rates [16]iken

AUC, whose maximum value is always 1, partial AUC depends
wherew is a weight vector in the feature space, afids a on the two chosen false-positive rates, over which the ROC
user-specified penalty parameter, with a largecorrespond- curve is integrated. We will use this partial AUC metric for
ing to a higher penalty to errors [9]. optimisation of SVM parameters.

subjectto w-®(x;)) > p—&, & >0



IV. PARAMETER OPTIMISATION FOR A ONECLASSSVM  written
A. Choosing appropriate parameter values C=

For the case of a Ggussian kerhek;, x;), it is.important so we havel/l < v < 1. Therefore,v and C take values in
to choose an appropriate value for the bandwidth parameffl <ome range_ -

o. Larger values ofr result in smoother decision boundaries, The parameter serves as an upper bound on the proportion
which therefore tend to exhibit lower variance (i.e., hett%]c training observations that lie on the wrong side of the

ability to generalise to previously-unseen data), at thpease hyperplane, and is also a lower bound on the fraction of

of increased bias (|.:a., und?r—fltyr}g the “normal” datacgpas support vectors among normal training data [8]; ize< N, /.
represented by the *normal” training data). Converselyali Parameter is used in this investigation instead 6f due to

values ofo provide decreased bias (i.e., a closer fit to thr?s clear meaning, as described above; the valu€' afan be
“normal” data space, as represented by the “normal” trginiréaSin recovered using (10)

data), but at the expense of increased variance (i.e., W&y & p,caq on the above discussion, we will optimise parameters
less able to generalise successfully to previously-unde@). () iy section IV-B for the SVM approach taken in this
The “optimal” value foro will depend on the distribution of pa{per

the particular dataset under consideration,and it is noaliys
obvious how one should choose the value cof Typically, o ) )
a cross-validation exercise is performed, where one use$-aParameter optimisation using partial AUC

validation set as an estimation of how well the system will Combining the suggestions of the previous two sections, we
perform in practice, when presented with previously-unseg¢ake the following approach to optimising, ).

test data. STEP 1: Choose a pair of parameter values ).

For a Gaussian kernel k(x;,x;), the quantity = STEP 2: Use the chosenx(v) to train a one-class SVM,
—logk(x;,%x;) is the Euclidean distance between twavhich is dependent on a training set of “normal” data.
observations scaled by a factdy202. Based on this link STEP 3: Use the resulting SVM to classify a validation
betweens and Euclidean distance, we propose the followingataset, which comprises both “normal” and “abnormal” data
method to determine an appropriate value forin our in equal quantity.
discriminative case, adapted from a similar method proppose STEP 4: Compute partial AUC, using the validation results
in [17] for selectinge when estimating pdfs for probabilistic obtained in the previous step.
inference within a generative framework: STEP 5: RepeatSTEP 1-4using different values ofx(, v/),

1) First, we calculate the local average Euclidean distangically using a grid search. Choose the, ) with the
A; of K nearest neighbours from each observation imaximum partial AUC.

1

vl

(10)

the training set, wheré& = /1, We assume the presence sfimeexamples of “abnormal”
1 behaviour, which are placed within the validation set for
A= I Z lxi, x5, Vi=1...1 (8) the purposes of parameter optimisation. However, as noted
JjED previously, these are likely to be small in quantity compare
whereD is the set ofK nearest neighbours fox;. with the number of “normal” observations, and hence the

2) Next, the global average distandg; is found by aver- training set is entirely comprised of “normal” data, and &-on
aging A; over all the training datadg = (=1, A,. class approach is taken. _ .
The value of A provides a guide for the range of A commonly-emplqyed alternative which uses only nor-
where we definer = x x Ag, wWherex is a linking mal” data [12], [18] is to vary the SVM parameters until
constant between the value @fand the global average SOme fixed value of the false-positive classification rate is
distance A of any dataset. Therefore; provides a achieved (e.g., 0.05) when presented with the tr_aining set
guide for the appropriate value ef which is indepen_ of “normal” examples. However, as demonstrated in [4], the
dent ofl. Once an appropriate value sfis chosen for overall expected performance of the one-class SVM can be
one dataset, it provides a good starting point for anothgiproved by setting parameters by taking into account any
dataset with similar dynamics (e.g., for another patieiailable examples of “abnormal” data that may be available
vital-sign dataset, allowing the value efto be reused €ven if they are few in comparison to the number of “normal”
from previous analyses, when the dataset has changdt§ining data. Therefore, we adopt the latter approach m ou
The other parameter to optimise in a one-class SVM,is formulation, and include any available “abnormal” data im o
which will defined as follows. The support vector constraintalidation set, described in the algorithm above.
[9] in terms of the penalty parametér from (3) are

V. ILLUSTRATION USING SYNTHETIC DATA
ZO&Z‘:L OgalgC (9)
i

The optimisation method described in the previous section
_ is illustrated in this section using bivariate artificialtalaWe
allowing us to stafethat 1/I < C' < 1. Also, C may be compare results obtained with the SVM to a commonly-used
) o _ generative method of novelty, that of the Gaussian mixture
where the lower constraint arises because, in the worst egséave all del (GMM). The | hni h b df
training data as support vectors aid = [, and therefore” > 1/1 in order model ( ' ) e latter tep n'que as een use QI’ nov-
for 3", a; = 1. The upper constraint arises because< C. elty detection in many applications, the details of whick ar



surveyed in [7]. It is of particular interest to the investign 2 0.028597
described by this paper, because previous work in perf@mi '
novelty detection in patient vital-signs has used a geiverat *°
approach, comprising a mixture of Gaussian kernels [19].[2 ,

0.5
A. Methodology

The dataset employed in this section comprises 200 “n¢
mal” and 200 “abnormal” data, with distributions that areos
concave in support, as shown in figure 1. For the purposes
evaluating novelty detection algorithms, 50% of both dets
were held back for testing. 40% of the “normal” data ar-is
used for training, with the remaining 10%, and all remainin
“abnormal” data, used for validation.

For the SVM, the training and validation procedures (i
which parameter optimisation occurs) proceed as desciibed
section IV-B.

The GMM is defined by the pdf 2|

0

-2

1

M
p(x) = > m p(x6;) (11)
i=1

which is comprised of M component distributions, each os
of which has a prior probabilityr; and a likelihood
p(x|0;) = N (x|, X;), where u; and 3; have their usual
meanings of the centre and covariance matrix for multitaria-os
Gaussiani, respectively. The training procedure finds apprc .
priate values for the quantities shown in (11); in this cas
the maximum likelihood estimates were determined usir-1s
expectation maximisation [21]. s
Novelty detection with a GMM is typically performed by
setting a decision threshold on the pdfk), which, as with -4
the decision boundary of the SVM, may be set (i) using (b) SVM z(x)
only “normal” data, whereby one finds that threshold that
yields some pre-determined false-positive rate, or (DGR Fig. 1. (a) GMM outputp(x) using the “optimal’ parameter values
validation set that contains any available “abnormal” eples.  determined using validation; *normal” training data are shdw white { -},
In order to allow a direct comparison with the SVM, the Iatte?id}’ 'r’:;:)“e"’(‘:'tivaerl‘; (g)bgc\’/r,\rﬂ”futgeétjfhiiﬁ;etﬁgci‘ggﬂ%yal‘,’,"ggfgnf:tirb\lgﬁ‘kes
approach was taken for setting the GMM decision thresholghtermined using validation: labelling scheme as above, svifiport vectors
and partial AUC was again used as the optimisation metréc, téircled.
minimum of which (with respect to the validation set) yields TABLE |

the “optimal” value of the decision threshold on the pdk).  NoveLTy bETECTION PERFORMANCE OFGMM AND SVM APPLIED TO
TEST DATA, AT “OPTIMAL” THRESHOLD. ONE STANDARD DEVIATION ON
THE RESULT IS SHOWN FOR EACHUSING THE RESULTS OF50

B. Results EXPERIMENTS, IN WHICH EACH EXPERIMENT INVOLVES RANDOM
. SELECTION OF NEW TEST DATA FROM THOSE AVAILABLE WITH EQUAL
Figure 1 shows the output of both GMM and SVM nov- NUMBERS OF TEST DATA DRAWN FROM THE*NORMAL” AND
elty detectors when presented with the previously-unsesn t “ABNORMAL” CLASSES

dataset. The upper plot showsx) for the GMM, where the
decision threshold on the pdf is shown as a black contour Classifier Accuracy Partial AUC  Sensitivity  Specificity
on the pdf, which describes the locus of the “normal” tragnin ~ GMM ~ 0.95:0.01 1 0.28+ 0.01  0.95+ 0.01 0.93+ 0.03
. SVM  0.96+ 0.01 0.30+ 0.01 0.99+ 0.01 0.88+ 0.01
data (shown as white dots). The test data are shown as crosses
in white and black for “normal” and “abnormal” classes,
respectively. It may be seen that the training and validatio
procedure resulted id/ = 3 component distributions beingthe same as those for the GMM plot, described above, where
used, where these distributions were constrained to hdvaining examples that are support vectars £ 0) are circled
isotropic covariance matrices (although each may be asdigin white.
a different determinant during training). Table | shows results obtained from both GMM and SVM
The lower plot shows(x) for the SVM, as defined in (5), when applied to the previously-unseen test data. Definuret tr
where the decision threshold (which occurszék) = 0 for positive, true-negative, false-positive, and false-tiegeto be
a SVM) is shown as a black contour. The symbols used are, TN, FP, and FN, respectively, thaoscuracyis defined to




TABLE Il
NUMBER OF CLINICAL OBSERVATIONS IN THE TRAINING, VALIDATION ,
AND TEST SETS

Train Validate Test
Normal 1,240 65 65
Abnormal 0 65 65

every four hours by ward staff (as is common practice in most
SDU-level wards in the UK and the US) at the Oxford Cancer
Hospital, Oxford, UK. 1,500 such clinical observatioxs €

R* were acquired from 19 patients, who were recovering from
upper gastro-intestinal surgery.

Mean true—positive rate
o
©

4 4

© ©

= >
T T

o
o
R

0.8 1 1 1 1 1 1 1 1 1 ]
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

Mean false—positive rate B Methodology

Fig. 2. ROC curve for results obtained using GMM and SVM tassify 130 of the clinical observations were deemed by clinicians
previously-unseen artificial test data, shown in blue aul respectively. The tg pe sufficiently “abnormal” that the patient would require
mean of 50 experiments has been shown at each point on the RQE€, cur . . . . g
where each experiment involves random selection of new tatfdom those clinical review. The remaining 1,370 were thus classified as
available, with equal numbers of test data drawn from the tradt and  being “normal”. The available “abnormal” data are insuéiti
“abnormal” classes. to train a multi-class classifier, being small in comparison

with the number of “normal” data, and therefore the novelty

be (TP + TN) / (TP + TN + FP + FN)sensitivityis TP / (TP + detection approach is justified for this cI|'n|caI applioati .
e Table Il shows how the 1,500 observations may be assigned
FN), andspecificityis TN / (TN + FP). It may be seen that both L S .
- : S s to each of the training, validation, and test sets. The aluksl
methods perform similarly with this simple bivariate exdeyp

examples of abnormality must be split between the validatio

with the SVM performing marginally better overall, as Showrs]et (to enable parameter optimisation, as described in sec-

by slightly higher accuracy and AUC results. It achieves thj. .
with a higher sensitivity, at its “optimal” threshold, atetlcost {lon IV-B) and the test set (to allow evaluation of the res)jlt

e o ) - . therefore, the 130 examples of abnormality are split eguall
of a lower specificity. This is confirmed in figure 2, whic I o .
; etween validation and test data. Similar numbers of “nirma
shows an overall higher ROC curve for the SVM than th ) S }
GMM ata are required for each of the validation and test sets; th

- — remainder of the “normal” data are placed into the training
We conclude that the training and optimising procedures :
. . et, as shown in the table.
for both techniques result in stable, usable parametergonfi ; . —
: . . The split between the training, validation, and test sets
urations, and hence we now extend our analysis to consider

. ! . . . . . was performed randomly. In order to test the variability of
higher-dimensional patient vital-sign data, as acquiredthfa . e .
- the results to this random partitioning, 50 experimentsewer
recent clinical study.

performed, each experiment containing a different randam p
tition of the data between the three sets, and each expdrimen
VI. PATIENT VITAL-SIGN MONITORING requiring retraining, revalidation, and retesting, in @rdo
This section reports results obtained from evaluating bogibtain fully independent results for each experiment.
GMM and the proposed SVM method for patient vital-sign

monitoring. C. Results
An example of the application of the techniques to patient
A. Dataset vital-sign data is shown in figures 3 and 4.

We consider vital-sign data acquired from patients in a The first example shows a patient who enters the ward,
“step-down unit” (SDU), which is a level of acuity lower thanfollowing surgery, in a state of physiological derangement
that of the intensive care unit (ICU). There is a significards shown by elevated BP (at around 180 mmHg). The
need for effective novelty detection systems in such wardstient begins to stabilise, but, after 10 days, episodes of
because patient deterioration can go unnoticed by clistedf, tachycardia (elevated HR, reaching 150 bpm) may be seen,
leading to adverse patient outcomes. Existing patient tamni with a corresponding increase in RR from 10 breaths/min
generated univariate alarms whenever vital signs excem@ sdo 20 breaths/min. The patient then stabilises again, but
pre-defined threshold, and often go unheeded due to the hagteriorates significantly after 45 days, showing periofls o
false-positive rate of such alarms, where [22] reportedltes prolonged hypotension (decreases in BP below 60 mmHg),
of a study in which it was deemed that 84% of alarms fromith corresponding tachycardia (HR reaching 160 bpm), and
conventional continuous patient monitors were false adarm desaturations (SpQOdecreasing to 84%).

The dataset used for the work described by this sectionThe output of the GMM and SVM are shown beneath,
comprises measurements of heart rate, respiratory rated blalong with their decision thresholds. For the purposes of
oxygen saturation, and systolic blood pressure, acquinee o visualisation, the output of the GMM, which is a dengifk),



. TABLE Il

Sp027 g NOVELTY DETECTION PERFORMANCE OFGMM AND SVM APPLIED TO

TEST CLINICAL DATA, AT “OPTIMAL” THRESHOLD. ONE STANDARD
DEVIATION ON THE RESULT IS SHOWN FOR EACH

(=]

L1l

BP Classifier ~ Accuracy Partial AUC ~ Sensitivity  Specificity

GMM  0.92+ 0.03 0.25+ 0.02 0.92+ 0.04 0.92+ 0.04
SVM 0.95+ 0.01 0.284+ 0.02 0.98+ 0.01 0.92+ 0.03

HR/RR/BP
% SpO2

RR 1

0 10 20 30 40 50 60 70 0.9
40 ‘ ‘ ‘ ‘ ‘ ; 0.05 ’
s 20M —_— — -—4o 2 0.8
o 7
0 it = A T ‘ pu 07
0 10 20 30 40 50 60 70 :

Time, days
0.6

Fig. 3. The upper plot shows time-series of vital signs for aanglar
patient, showing HR, BR, SpQ and BP in green, purple, blue, and red,
respectively, with time (in hours) shown on the horizontaisaXhe lower
plot shows novelty scores derived from GMM outputlog p(x) and SVM
outputz(x) on the same time-base, in blue and red, respectively. Hogkon: 03
lines in the lower plot show the decision thresholds for thdN6and SVM
in blue and red, respectively.

0.5

0.4

Mean true-positive rate

0.2

0.1

0 i i i i i i i i i i
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
Mean false—positive rate

1N S)
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Fig. 5. ROC curve for results obtained using GMM and SVM tossity
previously-unseen clinical test data, shown in blue and respectively. The
mean of 50 experiments has been shown at each point on the RQE, cur
where each experiment involves random selection of new tatfdom those
available, with equal numbers of test data drawn from the vadt and
“abnormal” classes.

% Spo2

HR/RR/BP
S EEINRNIANNN

corresponding decreases in Sp®eriods of abnormal physi-

ology occur after around 15 days, with transient hypertansi

(increases in BP over 160 mmHg). Finally, a period of extreme

deterioration may be seen at the end of the patient stay,

with extreme hypertension (BP exceeding 200 mmHg) and

Fig. 4. The upper plot shows time-series of vital signs for aosd ~COfresponding extreme desaturation (Sp&creasing below

exemplar patient, showing vital signs and novelty detectiatput as in the 829).

first example. It may be seen that, again, both the GMM and SVM scores
increase above their respective decision thresholds feseth

. _ periods of abnormality.
has been scaled into a novelty scordog p(x) such that it " rapie 11| shows the overall results for both GMM and SVM
takes high values for data with low density; i.e., “abnormal

. ) after 50 experiments. Unlike the bivariate case considered
data will take high novelty scores. The SVM output needs Wction V, there is a significant difference between theltgesu

such transformation, as it takes positive values when data Sbtained from each method. The SVM achieves higher accu-
the “non-normal” side of the decision boundary are presente, ., ang partial AUC, as before, but matches the specificity

It may be seen from the figure that both the SVM and thg the GMM (0.92) while improving on the sensitivity (from
GMM increase in value during the initial post-surgical peri g5 1o 0.98).

of abnormality, during the transient period around 10 days, This is confirmed by the ROC plots shown in figure 5, in
in the final period of deterioration. The similarity of the &M, hich it may be seen that the ROC curve for the SVM is

and SVM output is not accidental, as thelog p(x) scaling pigher than that for the GMM throughout most of the interval
of the GMM output makes it a comparable score to the SV 'the horizontal axis.

because the SVM asymptotically approaches the level sets on
the pdf in its tails [23].

The second example shows a patient who is similarly
unstable at the start of their admission to the Cancer Halspit We have proposed a method for optimising SVM parameters
ward, following surgery. This patient exhibits bradycar@fow in a natural manner, consideringand «, which, we have ar-
HR, decreasing to 40 bpm). After 5 days, periods of apnogaed, have a more intuitive interpretation that the corveat
are evident (low BR, decreasing below 10 breaths/min) with ando parameters (assuming that a Gaussian kernel is used).

Time, days

VIl. CONCLUSIONS ANDDISCUSSION



While we have demonstrated the method for one-class SVNMIE5] J. A. Hanley and B. J. McNeil, “The meaning and use of theaarnder
they are equally applicable to two- and multi-class SVMS.

Clinical data acquired from a recent observational stugys
of Cancer Hospital patients have been used to demonstrate

that automated methods can be used to identify patient

terioration. Existing methods, based on generative mextu
distributions have been shown to be outperformed by SVM-
based novelty detection on the preliminary data considsoed[!8l
far in this study. This is perhaps unsurprising, given tiat t ;g
SVM minimises its objective function so as to result in a dmal

number of misclassifications in the high-dimensional spa
of the vital signs. In comparison, generative methods, evhi
offering more functionality than a discriminative methodj21]

typically exhibit higher misclassification rates.

The on-going clinical study will result in further data o

which to confirm these preliminary findings.
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