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SUMMARY

The multiprocess Kalman filter offers a powerful general framework for the modelling and analysis of
noisy time series which are subject to abrupt changes in pattern. It has considerable potential application
to many forms of biological series used in clinical monitoring. In particular, the approach can be used
to provide on-line probabilities of whether changes have occurred, as well as to identify the type of
change that is involved. In this paper, we extend and illustrate the methodology within the context of
a particular case study. The general features of the problem, and the approach adopted, will be seen to
have wide application.

1. Introduction

In many situations where clinical monitoring is based upon series of quantitative measure-
ments, the detection and interpretation of abrupt changes in the pattern of the time series is
of paramount importance. Often, however, such series of data are difficult to interpret, even
when facilities for visual inspection of graphical plots are available together with simple
statistical summaries. In particular, many series are extremely noisy as a result of considerable
biological variation and errors arising in the collection, measurement and processing of the
data. In addition, the series may be subject to several different types of abrupt change. Some
of these changes will correspond to biological events of direct interest and importance,
possibly calling for immediate clinical intervention, whereas others will be of less direct
clinical interest. It is therefore important not only to be able to detect changes in pattern, but
also to distinguish between different forms of change; the need to do this often precludes the
use of simple monitoring techniques such as the CUSUM procedure.

The multiprocess Kalman filter, introduced to statisticians by Harrison and Stevens (1976),
provides a flexible general framework within which to model and analyse noisy time series
subject to abrupt changes of pattern. In this paper, we illustrate both the modelling and
analysis aspects of the approach by presenting a detailed case study carried out in collabo-
ration with the Renal Unit at the City Hospital, Nottingham. Although the reported study is
a particular one, it will be seen that it exhibits features that are present in many other
contexts. The detailed methodology thus carries over, with minor modifications, to a number
of other applications.

The particular problem studied was that of developing an on-line statistical procedure for
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monitoring the progress of kidney function in individual patients who had recently received
transplants. The basis of the procedure was to be a series of regular observations of the
chemical indicator serum creatinine.

In §2, we discuss the relationship of serum creatinine to overall kidney function, and
develop a model for the observed series of clinical readings. This model incorporates a variety
of noise inputs resulting from data collection and measurement procedures, together with
specific forms of abrupt changes that result from biological or clinical events. The model is
seen to fit into the framework of the linear growth model introduced by Harrison and Stevens
(1976, §5.2).

The latter model is itself a special case of the multiprocess Kalman filter (Harrison and
Stevens, 1976, §5). In §3, we develop the necessary mathematical framework for calculating
on-line probabilities of the occurrence of changes. In particular, we introduce an extension to
the standard Kalman-filter recursive estimation procedure, which enables us to learn effi-
ciently about unknown aspects of the noise characteristics of the series. This leads to increased
sensitivity in detecting changes. Results of the case study are summarized in §4 and some
concluding remarks follow in §5.

2. A Time-Series Model for Serum Creatinine

2.1 Features of the Serum Creatinine Series

Clinicians monitoring the progress of renal transplant patients are concerned to detect changes
in the level of functioning of the transplanted kidney, particularly those changes which
indicate the possible onset of a rejection.

The level of renal functioning is indicated by an unobservable factor, the ‘glomerular
filtration rule’ (GFR), which measures the rate of clearance of various substances through the
kidney. An indirect approach to learning about GFR is to measure blood and/or urine
concentrations of selected chemicals and then to infer GFR by using basic relationships
suggested by kidney physiology. In fact, most of the available chemical series appear to be
too noisy for this strategy to be practicable. One of the few to show promise as an indicator
in this context is the serum creatinine series, which forms the basis of the current study.

If a kidney is functioning normally, GFR is constant and creatinine is excreted at a constant
rate. If GFR is increasing—perhaps as the result of improving function in a recently
transplanted kidney—the blood concentration of creatinine will decrease. Conversely, if GFR
decreases there will be an increase in observed concentration of creatinine. Sudden changes
in the form of evolution of serum creatinine levels thus draw attention to the occurrence
of significant biological events relating to changes in the functioning of the transplanted
organ.

To obtain a more precise mathematical description of the evolution of the creatinine series,
we note that: (i) in theory, GFR is proportional to the reciprocal of creatinine; (ii) since
creatinine is being measured in terms of concentration, an adjustment should be made to
compensate for measurement distortion induced by changes in body fluid. Using an adjust-
ment formula based on body weight, Knapp et al. (1977) demonstrated that a plot of
reciprocal body-weight-adjusted serum creatinine against time has the form of a succession
of approximately linear trends, the directions of which switch as the patient moves from a
period of improving kidney function to one of deteriorating function, or vice versa.

This switching straight-line representation of reciprocal body-weight-adjusted serum
creatinine was successfully used by Smith and Cook (1980) as the basis for retrospective
identification of points of change from improving to deteriorating kidney function
(i.e. identification of the onset of rejection of the transplanted organ). In the present study,
however, we are interested in developing an on-line procedure. Also, there are a number of
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complicating features of the creatinine series which were not taken into account in the simpler
retrospective analysis:

(i) Serum creatinine measurements were made at intervals of eight hours over a period of
several weeks following transplant, and must therefore be modelled as a time series. The
typical pattern of evolution of the series exhibits an initial period of poor renal function,
followed by a gradual improvement and then by a rather erratic period. Rejection episodes
alternate with periods of improvement, until—in cases that are eventually successful—the
accepted organ approaches a level of stable functioning. It is clearly much easier to pick out
such general features and trends retrospectively than it is to judge the state of renal function
day by day using each new creatinine value as it becomes available.

(i) Dialysis treatment is often provided in the early stages of postoperative care to support
the transplanted kidney. The effect of dialysis treatment is to produce a sudden sharp drop
in level of creatinine. This change in level contrasts with the changes in slope that correspond
to the onsets, or reversals, of rejection episodes. From the point of view of an on-line statistical
monitoring procedure, it would be useful to be able to distinguish these forms of change
without recourse to complete patient histories.

(iii) Blood samples are not always collected precisely on schedule (in this case, at intervals
of eight hours), and this introduces timing errors into any form of analysis that assumes
equally spaced observations.

(iv) There are multiplicative measurement errors entering into the observed creatinine
levels.

(v) Measurements of creatinine concentration are in units of ymol/l, but are only quoted
to the nearest 10. There is, therefore, additional noise in the series due to reporting errors.

(vi) There are definite possibilities of gross errors, or outliers, in series values, either as a re-
sult of equipment malfunction, blood-sample contamination, or mistakes in data transcription.

Clearly, some of these features are more important than others and some might ultimately
be disregarded as having negligible effect. However, in this paper we wish to illustrate the
fact that all such features can be modelled and their influence can be incorporated into the
analysis within the Kalman-filter framework.

2.2 A Model for Steady Evolution of the Series

If we denote by ¢, the actual serum creatinine level at Time ¢ (measured in integer multiples
of eight hours) and denote by ¢, the body-fluid-adjusted value, then

¢ = wego,, (21)

where w;, the adjustment factor, is a known function of observed body weight (see Knapp et
al., 1977). Assuming approximate linear trends during periods of steady evolution of renal
function (where improvement or deterioration proceeds uninterruptedly), we may write

Sy
o i Bt,} 22)

denoting the reciprocal body-weight-adjusted actual serum creatinine at Time ¢ by ..
If we take into account measurement errors and reporting errors (see §2.1), but temporarily
ignore timing errors, then xo, the measured value of ¢, satisfies

Xo, = erpo, + Uy, 2.3)

where u, denotes the reporting error and e; denotes the measurement error. If we assume that
e, = 1 + ¢, where & is symmetrically distributed with mean 0 and constant variance, then,
writing a; = &:¢o,, we can rewrite (2.3) in the form

Xo, == ¢po, + ar + us. 2.4)
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In what follows, we shall assume that the distribution of a, is approximately N(0, c*¢3), for
some constant ¢ > 0, and that the distribution of u, is uniform over [—5, +5].
Letting x, denote the body-weight-corrected version of x,,, we have

Xt = wWtXo
¢ 2.5

= (I)[ + wl(at + ut).} ( )
Writing y. = x; ', from (2.2) and (2.5) we obtain

Ye=p(l+5)7", (2.6)
where
Se = pewe(ar + uy). 2.7)
In Appendix 1, we show that |s;| << 1, so that (2.6) may be approximated by
ye=j(l = s). (2.8)

To complete our model for the reciprocal body-weight-adjusted observed serum creatinine
series, we now introduce a further factor to take account of the timing error (see §2.1). If we
assume that there is a symmetrically distributed perturbation, r, say, around ¢, the scheduled
time of data collection, then the right-hand side of (2.2) should really be changed to
u =+ B(t + r) and (2.8) should be redefined. If, instead, we retain the notation y, = u + B,
then (2.8) must be rewritten in the form

Ve = e + U, (2.9)
where

Ut = —Stlhe + (l - s,),8r¢. (210)

In our application, it is reasonable to assume that | r,| < 1/16; in other words, that blood
samples are collected within 30 minutes of the scheduled times. With this assumption, it is
shown in Appendix 2 that the distribution of v; in (2.9) is approximately N(0, c’u?).

2.3 A Model for Sudden Changes in the Series

Combining (2.2) and (2.9), we can express our model for steadily evolving parts of the series
in the form

Ye= e + Uy, (2.11)
pe = pe—1 + Be + ve, (2.12)
Be = Bi—1 + 6, (2.13)

where v, ~ N(0, ¢’u?), and y, and §; each have N(0, 0) distributions. By permitting the
variances of y; and &, to be small but nonzero, we could allow for approximate nondetermin-
istic linear trends in y,. In any case, Equations (2.11) to (2.13)—the linear growth model of
Harrison and Stevens (1976, §5.2)—provide a convenient starting point for the extension of
the steadily evolving model to incorporate possible sudden changes in the series.

Returning to the discussion of §2.1, we see that there are three types of abrupt change in
the steadily evolving pattern that need to be considered.

Outliers. A gross error corresponds to a sudden perturbation to (2.11). Instead of y: being
an unbiased measurement of y,, with variance cz,u%, we obtain a measurement whose accuracy
is in considerable doubt. A convenient way of modelling this is to regard (2.11) as still
applying, but with a variance considerably larger than ¢’7.

Changes in level. Dialysis just prior to Time ¢ produces a sudden perturbation to (2.12).
Again, a convenient way to model this is to utilize the form of (2.12), but this time take v, as
normally distributed about 0 with a large variance. ’
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Changes in slope. Actual changes in trend, from improvement to deterioration, or vice versa,
produce sudden perturbations in (2.13). These will be modelled by retaining the form of
(2.13), but taking §; as normally distributed about 0 with a large variance.

Throughout, we shall assume that v;, y; and §; are independent random quantities. If we
express their distributions in the form N(0, ¢’u?K,), N(0, ¢*K,) and N(O, ¢’Kj), respectively,
then by choosing various combinations of K,, K, and K to be zero or to be large positive
numbers as appropriate, we can model, via (2.11) to (2.13), the four possible states of the
series at any instant: steady state; change of level; change of slope; outlier.

In the next section, we recall the representation of this model within the multiprocess-
Kalman-filter framework (Harrison and Stevens, 1976, §5), and present a recursive procedure
for calculating on-line probabilities of which of the four states pertains at any given time.

3. The Multiprocess Kalman Filter

3.1 Representation of the Linear Growth Model

The system described by (2.11) to (2.13) can be rewritten in the form

ye=F0:+ vy, }

0.=GO—1 + w,, G-

where
F=[1 0],

1 1
o=[s 1]
07 = [ B,

wi = [ve+ 6. 6.,

and v, and w, are normally distributed with zero means.

To define V;, the variance of v;, and W,, the variance—covariance matrix of w;, we first
introduce some further notation. We write M{’’ to denote the assumption that the observation
at Time ¢ belongs to State j, where the four possible states are numbered as follows:

j =1, steady state;

j =2, change in level;
Jj =3, change in slope;
j =4, outlier.

We then write V;”” and W{”’ to denote the values of ¥, and W,, respectively, when M’ is
assumed. Similarly, we write K\, K> and K}’ to denote the corresponding values of K,, K,
and K, as discussed at the end of §2.3.

It then follows that

var(u| e, M) = Vi)
= uiKy), (3.2)
var(w,| M{) = W}/
=K,
where

ki - | KV KKy
KY K.

A discussion of the choice of suitable values of K{”’ etc. is given in §4.1.
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3.2 Calculation of Probabilities: ¢* Known.

In this section, we shall outline the recursive formulae required for calculating on-line
probabilities for the states of the system (3.1) assuming a known value of ¢*. We shall adopt
the notation D; = (y, ..., »)" and assume that, for any event E defined in terms of the
history of the system prior to Time ¢,

(M| E) = p(M1)
=pt’, (3.3)
the a priori probability of being in State j. Further discussion of the choice of these values is
given in §4.1.
We now make the assumption (to which we shall return shortly) that the conditional
distribution of 8, ,, given M{"; and D,_,, is given by
(0| M2y, Dioy) ~ N(mi?y, c*Ci), 34)
and we recall from (3.1) that

| M, 0) ~ N(F@,, Vi),
()"' ) (Fé., v’") } (3.5)

0\ M, 0.-) ~NGO-,, W').
To proceed with the normal analysis, we require the variances ¥/’ to be known. However,
from (3.2), they depend on the unknown u.. At this stage, therefore, we make an approxi-
mation and replace y by E(u/ | D/—1), which we denote by u, [a more refined approximation
could be based on E(p?| D,-1), if required).
It follows from standard results (see, for example, Lindley and Smith, 1972), that

(ye| M, M2y, Dioy) ~ N[FGm2,, 2 {KPi? + F(GC,GT+ K)FTY],  (3.6)

0\ M, M\, D)) ~ N(m{, ¢*C{y, (3.7)
where
(C)' = FI(KY i) 'F + (GCL G+ K™ (3.8)
and
m = CHFT(Ku?) ' (ye — FGm”1) + Gm 2, (3.9

These forms provide the basis for a recursive updating procedure, starting from an initial
assumption @y ~ N(myo, c*Cy). We shall discuss the choice of mo, Co in §4.1.

To complete the development of the recursive procedure, we note that by straightforward
application of Bayes’ theorem, together with (3.3), we obtain, for | < i, j <4,

pI = p(MP, M4 D)
o< p(y | MP, M2y, Dioy)p(M{2y | Di-y)pt
< p(ye| MY, My, D, 1)pipd, (3.10)
where, in general, p;’’ denotes the probability, given D, that y, is an observation from the jth

state of the system. Since
4

P;j) — 2 p}i,j)’ (3.11)

i=1
(3.10), together with (3.6), enables us to calculate the p’) values recursively. Given our initial
assumption about the distribution of 6o, p(y:| M{”) is obtained immediately from (3.6) by

replacing m{”; and C{?; by mo and Cy, respectively, and approximating i = i, by fi., the first
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component of mo. The recursion for p{’’ then has the starting value
Py o< p(n | MY )py. (3.12)

We return now to the distributional assumption summarized by (3.4). Whilst this form is
essential if we are to retain the simple recursive forms of (3.6) to (3.12), we note that it must
be regarded as an approximation. To see this, we note from (3.7) that

4
(0;|M,(j), D,) ~ Z (P;i'j)/p;j))N(mt(i'j), Czc;i'j)), (313)
i=1

which only has the general form of (3.4) if we replace the right-hand side by an
N(m/”’, ¢2C}”) approximation, where

4
m = 3 (pf/p!)m*" (3.14)
i=1
and
4
C[(j) = Z (p;i'j)/Pﬁj)){C[(iJ) + (mt(i,j) _ m[(j))(m[(i,j) _ m,(j)) T}. (3.15)
i=1

Using this form of ‘mixture-collapsing’ procedure (introduced by Harrison and Stevens,
1976), and replacing p. in (3.2) by i, the first component of

4

mer =3 pim;, (3.16)

j=

we obtain a closed-form, easily calculated, recursive procedure which, in particular, returns
on-line probabilities, p{’, j =1, ..., 4, of the current state of the system.

In addition to assessing the current state of the system, it will be useful to have available
quantities such as p(M{’’ | D;.1) and p(M{’’ | D+2), which provide one-step-back and two-
step-back assessments of the previous states of the system in the light of current information.

To calculate these quantities, we observe that

(M| Dras) = pMS” | Dy, yeo)
o< p(Ye+ | M, Dt)P(ng) | De)

4
o { Y P(yenr | ML, MY, Dx)pék)}pﬁf' , (3.17)
k=1

and that (3.6), (3.10) and (3.11) provide explicit forms for the right-hand side of (3.17).
Similarly,

P(ng) | Do) = P(Mt(.j) | Dy, )’1+2)
o< p(yevz| MY, Dea)p(M (" | Dy1). (3.18)
The right-hand side of (3.18) can be rewritten in the form

4 4
Yo P(Ye+2 | My, M, MY, Dt+1)P(M§22, M®,, M | Dy11), (3.19)
i=1 k=1
which, given (3.3) and the structure of (3.5), reduces to
4 4
El kgl P(Yrse| M, M%)y, Di)pPpii?. (3.20)

This can be calculated straightforwardly by use of (3.6) and (3.10). In §4.2 there is a discussion
of the uses of (3.11), (3.17) and (3.20) in the renal transplant study.
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3.3 Calculation of Probabilities: ¢* Unknown

In the previous section, we assumed c” to be known. We now extend the analysis to cover the
case of A = ¢~* unknown, using ideas from West (1981).
We retain the assumption (3.3) and rewrite (3.4) in the form

(01—1 |M§i—)1, D, }\) N(m;l)l, ]C}i—)l)- (3‘21)

To deal with the unknown scale parameter A, we shall assume that, given M @, Dy, the
distribution of A can be approximated by

(}\|Mr 1, Do) ~ GGEne—1, zbt 0, (3.22)
where U ~ G(a, ) signifies that U has a gamma distribution with density
B s
=—_—u" - 0. 3.23
P) = Py v exp(—p), > (3.23)

We assume that, initially, A has a G(3no, 3bo) distribution. Together, (3.21) and (3.22)
constitute the assumption of the normal-gamma joint-conjugate form for (6,1, A); see, for
example, DeGroot (1970). Standard Bayesian analysis (De Groot, 1970, §9.6) shows imme-
diately that

0| M, My, Dy, ) ~ N(m", A7'C 7)) (3.24)
and
A M, My, D) ~ G, §b17), (3.29)
where m{*/’ and C{*/’ are given by (3.8) and (3.9),
Ry = N¢—1 + 1 (3.26)
and N ' ‘
b = by + (KYE? + F(GCLGT + K)FT) 7y, — FGm ()2 (3.27)

To calculate p{>/), given by (3.10), we note that

p(y:IM(” ;”1, D;,) = J Py l Mt(j), M;i—)l’ D;, }\)PO\ | M;i—)l, D;1) dA.  (3.28)
0

The first term in the integral is given by (3.6), writing ¢®> = A™', and the second term is
defined by (3.22). It follows (see, for example, Aitchison and Dunsmore, 1975) that (3.28) has
the form of a ¢-density, proportional to

(KY'E} + FGCOGT + K@YFT) THb )74, (3.29)

Calculation of p{*/’ and p{”’ now follows from (3.10) to (3.12), where the latter has the
factor p(y:| M{’’) proportional to (3.29) with m{2; and C{; replaced by mo and Co,
respectively, 7., and b{";, replaced by no and by, respectively, and p, approximated by the
first component of mo. Collapsing of the mixture distribution arising for 8, follows from (3.13)
to (3.16), but with (3.13) now representing the distribution of (8;| M{”’, D;, A). Similarly, we
need a collapsing procedure for the distribution of A, since, from (3.25),

4
MM, D)~ 3 (pi [p)G(Gne, 1bE). (3.30)
i=1

Recalling that the mean of a G(a, 8) distribution is «/f, if we seek to replace (3.30) by a
single G(4n., $b7") distribution it is natural to define b{’) by

(B¢ = gl (P p(BI) (3:31)
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Alternatively, all the collapsing procedures used in this section can be justified as minimizing
the Kullback-Liebler divergence between the mixture and the simple density. As in §3.2, we
approximate y,, wherever it occurs, by the first component of m;-, defined by (3.16).

Current, one-step-back and two-step-back probability assessments of the state of the system
again follow from (3.10), (3.11) and (3.17) to (3.20), where the factor previously defined by
(3.6) is now given by (3.29).

4. Application to Renal Monitoring

4.1 Inputs

In the case of known coefficient of variation ¢, we need to supply initial values for p§”’, K\,
K9 and K§,j=1,..., 4, as well as for mo and Co.

On the basis of careful retrospective study of past creatinine series, the following parameters
were used:

(pd, p&. ps, ps?) = (.85, .06, .07, .02).

These parameters reflect the following assumed rates: outliers, about 2%; steady state
observations, 85%; observations affected by dialysis, about 6%, with the remaining 7%
corresponding to changes in slope.

The variance multiples that were found to be most suitable (following empirical trials with
the system) were as follows:

j Kl(,j) K.(,j) Kéj)
1 1 0 0
2 1 90 0
3 1 0 60
4 100 O 0 .

As far as the parameters my and C, are concerned, clinicians are usually fairly confident
that initial creatinine levels are about 1000 pmol/l, so that po = 0.001, and that, initially,
changes are fairly slow so that 8, = 0. We have therefore taken

_ (0.001
mo O s

001 0
Go= ( 0 0.0l)’
the various values in C, reflecting relatively great uncertainty about po and fBo (given the
typical value of uo).

In the case of unknown c? we need, in addition, to specify no and bo. In general, the
hospital quality-control laboratory can provide rather good estimates of the coefficient of
variation c. However, we have found that the learning procedure described in §3.3 is extremely
good, even when we set nop = 0 and by = 0 to reflect very vague prior knowledge of A = ¢ 2.

The adequacy of the approximation in other applications would, of course, require separate
validation in each case.

4.2 Outputs

Figure 1 shows the output from an on-line computer system, based on §3.1 and §3.2, in use
at the Renal Unit of the City Hospital, Nottingham. It should be borne in mind that, in
practice, output is displayed gradually, evolving from left to right as successive observations
become available.
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CREATININE
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Figure 1. On-line monitoring of serum creatinine.

The upper graph displays the weight-corrected creatinine values plotted on an inverted
reciprocal scale. A change of slope from negative to positive thus indicates a deterioration of
renal function. (In fact, only every third value is plotted; the analysis uses all the creatinine
values.)

The second graph displays values of 1 — p", the posterior probability that at Time  there
is some form of instability in the evolution of the series.
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The third graph displays values of p(M” | D,.,) in cases where E(f,|D;), the second
component of m, = ¥, p/”’m{’, is negative. High values occurring on this plot indicate points
at which, looking one-step-back, there is high probability of a shift from decreasing to
increasing creatinine.

The fourth graph displays values of p(M” | D, +») corresponding to the time points selected
for the third graph. This acts as a ‘final’ confirmatory check that ‘interesting’ values of the
third graph represent genuine changes in slope (rather than a wobble in a change of level, or
two successive outliers, or whatever).

In general, these probabilities can be combined with specific utility assessments in order to
arrive at optimal decisions concerning clinical intervention or, alternatively, rule-of-thumb
‘cut-off” values can be chosen such that action is taken if, say, probabilities on the fourth
graph exceed the cut-off value. This latter kind of strategy has been adopted at Nottingham,
and has resulted in a system which, essentially, flags precisely those changes that experienced
clinicians subsequently agree to be onsets of rejection episodes and, moreover, identifies them,
on average, at least a day before the clinicians. Details of how the cut-off values were chosen
and of the validation of the system were reported by Trimble et al. (1983).

S. Discussion

We have presented a methodology for modelling and monitoring biological time series, which
has the flexibility to deal with a wide range of problems that involve a variety of noise inputs
and possible abrupt changes in pattern. The features present in the renal monitoring study
will be seen to occur widely in many applications, and we conjecture that the approach
illustrated here will also prove successful in a large number of other situations.

The detailed development presented in §3 is related to the work of Harrison and Stevens
(1976), but departs from their analysis in two respects. First, our emphasis is much more on
using the system-state probabilities as ends in themselves rather than as aids to forecasting
the future evolution of the system. Secondly, the procedure for learning about the unknown
coefficient of variation given in §3.3 has been shown in detailed numerical studies to be a
considerable improvement over the method proposed by Harrison and Stevens, and over-
comes the criticisms of the multiprocess-Kalman-filter approach made by Stoodley and
Mirnia (1979).

On-line monitoring systems developed with this approach have two possible functions.
First, after suitable validation they may come to be accepted by a group of clinicians as
providing genuine objective guidance in the context of noisy unstable series where unaided
eyeball approaches lead to much controversy and uncertainty. Secondly, in the case of less
noisy series, where eyeball approaches would not be too unreasonable, computer implemen-
tation of such procedures can free clinicians from what would be a routine but time-
consuming task. We have experienced both kinds of reaction in the renal context, where we
are developing extensions of these procedures to deal with series of indicators involving
cyclical features and to model several indicators simultaneously by using a multivariate form
of (3.1). More detailed discussions of the clinical aspects of the collaboration and the
validation of the procedure were provided by I. M. G. Trimble (in a M.Phil. thesis at the
University of Nottingham, 1980) and Trimble er al. (1983). A non-technical summary of the
approach was given by Smith er al. (1983).
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RESUME

La méthode du filtre de Kalman constitue un outil général et puissant pour modéliser et analyser les
séries temporelles avec bruit qui présentent des variations brusques de comportement. Un important
domaine d’application est celui des nombreuses séries temporelles biologiques recueillies au cours du
monitorage clinique. En particulier, la méthode peut étre utilisée pour fournir —on line—des proba-
bilités de survenue de variations et identifier le type de variation. Cet article développe la méthodologie
existante et lillustre par un exemple particulier. On verra qu’elle peut servir a de nombreuses
applications.
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APPENDIX 1

From (2.1), (2.2) and (2.7), s: = ¢0,'(a; + u,), where a, has an approximate N(0, c’$3 ) distribution with
¢=0.1, and |u | < 5. Actual serum creatinine values are such that almost all values lie in the range
100 < ¢, < 1000, so that ¢g,' < k, where k is certainly less than 0.1 and, typically, is closer to 0.01. It
follows that | s,| <|¢o a| + 5k, where ¢5" a: ~ N(0, ¢*), so that, with high probability, | s;| < 5(c + k).
For nearly all values of ¢, we therefore have |s;| < 1.

APPENDIX 2

Given the form v, = —s;u + (1 — 5,)Bre, it follows that v, is symmetrically distributed about 0, with
variance, for a given value of ., equal to

piw?BW?) + pic? + BPEGH{1 + winfE@?d) + ).

We have assumed that |r,| < 1/16 and, if we further assume that r, is approximately normally
distributed, it follows that E(r,%) = 4 X 10", We almost always have .001 < o < .01, so thatpf < 107*
and, typlcally, ,87' is similarly bounded. It can therefore be seen, since E(u7) = 10, that the ﬁrst two
terms in the variance dominate and that, if p7 < 107, the variance is well approximated by c’u7.



	Article Contents
	p. 867
	p. 868
	p. 869
	p. 870
	p. 871
	p. 872
	p. 873
	p. 874
	p. 875
	p. 876
	p. 877
	p. 878

	Issue Table of Contents
	Biometrics, Vol. 39, No. 4 (Dec., 1983), pp. i-iv+827-1140+v-xxx
	Volume Information [pp. ]
	Front Matter [pp. ]
	A Biometrics Invited Paper with Discussion. Biostatistical Science as a Discipline: A Look into the Future [pp. 827-837]
	William Gemmell Cochran: The Influence of Rothamsted and Designed Experiments on His Research [pp. 839-848]
	Extension du Modele Additif d'Analyse de Variance par Modelisation Multiplicative des Variances [pp. 849-856]
	Curve Fitting with Smooth Functions That are Piecewise-Linear in the Limit [pp. 857-866]
	Monitoring Renal Transplants: An Application of the Multiprocess Kalman Filter [pp. 867-878]
	Observations on Quantit Analysis [pp. 879-886]
	The Univariate Generalized Waring Distribution in Relation to Accident Theory: Proneness, Spells or Contagion? [pp. 887-895]
	Low-Dose-Rate Extrapolation Using the Multistage Model [pp. 897-906]
	Estimation in Markov Models from Aggregate Data [pp. 907-919]
	Further Results on a Multiple-Testing Procedure for Clinical Trials [pp. 921-928]
	Estimating Morbidity Risks with Variable Age of Onset: Review of Methods and a Maximum Likelihood Approach [pp. 929-939]
	The Statistical Comparison of Relative Survival Rates [pp. 941-948]
	Statistical Analysis of Multilocus Recombination [pp. 949-963]
	Unbiased Estimation in Line-Intercept Sampling [pp. 965-976]
	Maximum Likelihood Estimation of the Parameters of the Invariant Abundance Distributions [pp. 977-986]
	Confidence Estimation of Ecological Aggregation Indices Based on Counts-a Robust Procedure [pp. 987-998]
	Some Distribution Properties of the Sample Species-Diversity Indices and Their Applications [pp. 999-1008]
	A Negative Binomial Model for Sampling Mosquitoes in a Malaria Survey [pp. 1009-1020]
	A Stochastic Catch-Effort Method for Estimating Animal Abundance [pp. 1021-1033]
	Robust Estimation of Population Size in Closed Animal Populations from Capture-Recapture Experiments [pp. 1035-1049]
	Maximum Likelihood Linear Calibration of Pollen Spectra in Terms of Forest Composition [pp. 1051-1057]
	A Stochastic Differential Equation Model for the Height Growth of Forest Stands [pp. 1059-1072]
	Shorter Communications
	Estimating Diversity Using Quadrat Sampling [pp. 1073-1076]
	What Price Kaplan-Meier? [pp. 1077-1081]
	On Constrained Balance Randomization for Clinical Trials [pp. 1083-1086]
	Optimal Crossover Designs in the Presence of Carryover Effects [pp. 1087-1091]
	On the Determination of the Number of Particles in a Liquid by Counting and Differentiation [pp. 1093-1096]

	The Consultant's Forum
	An Analysis of the Moisture Content of Soil Cores in a Designed Experiment [pp. 1097-1105]

	Obituaries [pp. 1107-1111]
	Correspondence
	Age, Period and Cohort Effects [pp. 1113]
	Regression Analysis of Cytopathological Data [pp. 1114]
	Optimal Allocation for the Comparison of Proportions [pp. 1115]
	Criss-Cross Designs [pp. 1115-1116]

	Abstracts [pp. 1117-1120]
	Book Reviews
	Review: untitled [pp. 1121]
	Review: untitled [pp. 1121-1122]
	Review: untitled [pp. 1122]
	Review: untitled [pp. 1122-1123]
	Review: untitled [pp. 1123]
	Review: untitled [pp. 1123-1124]
	Review: untitled [pp. 1125]
	Review: untitled [pp. 1125]
	Review: untitled [pp. 1125-1126]
	Review: untitled [pp. 1126]
	Review: untitled [pp. 1126-1127]
	Review: untitled [pp. 1127]
	Review: untitled [pp. 1127-1128]
	Review: untitled [pp. 1128]
	Review: untitled [pp. 1128]
	Review: untitled [pp. 1129]
	Brief Reports by Editor
	Review: untitled [pp. 1129]
	Review: untitled [pp. 1129]
	Review: untitled [pp. 1129]


	The Biometric Society Financial Statements and Auditor's Report. January 31, 1983 [pp. 1131-1133]
	News and Announcements [pp. 1135-1136]
	Corrections: Power Computations for Designing Comparative Poisson Trials [pp. 1137]
	Corrections: Multivariate Bioassay [pp. 1137]
	Correction: A Bayesian Change-Point Problem with an Application to the Prediction and Detection of Ovulation in Women [pp. 1137]
	Correction: Nonparametric Confidence Intervals for the Median in the Presence of Right Censoring [pp. 1137]
	Correction: Tests for Monotone Mean Residual Life, Using Randomly Censored Data [pp. 1137]
	Correction: Group Sequential Clinical Trials with Triangular Continuation Regions [pp. 1137]
	Correction: Early Stopping for Sequential Restricted Tests of Binomial Distributions [pp. 1138]
	Back Matter [pp. ]





