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Abstract

This paper develops the concept of usefulness in the
context of supervised learning. We argue that useful-
ness can be used to improve the performance of clas-
sification rules (as measured by error rate), as well to
reduce their storage (or their derivation). We also indi-
cate how usefulness can be applied in a dynamic setting,
in which the distribution of at least one class is chang-
ing with time. Three algorithms are used to exemplify
our proposals. We first review a dynamic nearest neigh-
bour classifier, and then develop dynamic versions of
Learning Vector Quantization and a Radial Basis Func-
tion network. All the algorithms are adapted to capture
dynamic aspects of real-world data sets by keeping a
record of usefulness as well as considering the age of
the observations. These methods are tried out on real
data from the credit industry.1

Introduction
The learning task in classification is to obtain a classifier
which can be applied later to determine the class of new,
unseen observations. This task can usually be achieved by
using a set of examples (the training data). In many prac-
tical situations in which the environment changes over time
(concept shift) one needs to adapt the implemented classi-
fier to retain its accuracy performance. Relevant examples
include economic data (which may be affected by inflation-
ary factors, changes in fiscal policy etc.), demographic data
(which can show long-term trends over time) and biological
data (dealing with growth of organisms etc.). More gener-
ally, technological or scientific advances can suddenly in-
crease the accuracy of feature measurements so that noisy
attributes become useful discriminators.

For the case that a concept shift is detected, Nakhaeizadeh
et al. (1997) provide a collection of ideas for adaptive clas-
sification which can capture dynamic aspects of real-world
data sets. Although implemented using some statistical
methods, most of their ideas have a general character and
could be applied to any supervised algorithm. They discuss
two general approaches: the first one is based on the use of a
monitoring process (akin to that used in quality control); the
other one uses a combination of data editing – by age and
propensity to mislead – to form a reduced data set.

1Copyright c 1998, American Association for Artificial Intel-
ligence (www.aaai.org). All rights reserved.

The first approach is based on manipulation of the im-
plemented classifier. The adaptation task in this approach
results in a revised classifier that can be, for example, a
weighted average of the old and new classification rules,
where the new classification rule is learned by using recent
training data. The second approach is just a relearning ap-
proach which uses a training set based on a reduced part of
all of the observed examples up to the time of the relearn-
ing. Due to this fact, this approach is called manipulation
of the data. In this approach, the manipulation (reduction)
of data is useful because a lot of learning algorithms can not
handle a large amount of data observed over a long period
of time. Yet, even if the learning algorithms could handle
a large amount of data, the storage of the data would be
expensive and therefore in many cases not practicable. To
reduce the data, Nakhaeizadeh et al. (1997) suggest the ap-
plication of usefulness. Some aspects of this concept, espe-
cially in dealing with -nearest neighbours is discussed in
Nakhaeizadeh et al. (1996).

This concept of usefulness can be also be thought of in
terms of a “similarity” rule in which we throw away obser-
vations in the current training set which are different – i.e.
they are close in feature space, but have different class labels
– from those recently observed. Alternatively, or in addition,
older observations can be eliminated, or a kind of moving
window with a predefined number of observations, possi-
bly representative and new ones, could be used. When de-
ciding upon the representativeness of observations by their
probabilities of class membership, however, this approach
will have some limitations. For example, if there are drift-
ing populations then new data will be incorrectly classified,
but should nevertheless be included in the current training
set.

There are several methods which use a “forgetting” strat-
egy to update the data. See, for example, the FLORA family
of algorithms (Widmer & Kubat, 1992, 1993, 1996; Wid-
mer, 1994) which generally monitor the error rates to update
the rate of forgetting by use of a moving window. See also
the reviews of Kubat & Widmer (1995) and Widmer (1997),
and the algorithm FRAN (Kubat & Widmer, 1995) which is
developed to handle concept drift in continuous domains. In
this paper, the main question that should be addressed in re-
ducing the amount of the training data is how the reduction
should be performed so that the quality of the classification
results are not affected. To answer this question, the tra-
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ditional sampling approaches in statistics are the classical
tools. These approaches, however, devote to all examples
the same importance. Furthermore, they pay no attention
to the classification algorithms that learn by using the sam-
ple data. To overcome this shortcoming, recently, John &
Langley (1996) have suggested the concept Probably Close
Enough that is based on dynamic sampling. Concept win-
dowing (Quinlan 1993), different IBL approaches that are
introduced by Aha et al. (1991) and various approaches on
prototype learning – see, for example, Datta (1997) – can
be viewed in this connection as well. In most of these ap-
proaches the reduction of the data set is performed by in-
volving the learning algorithms in the focusing process. It
should, however, be mentioned that involving the learning
algorithms brings some advantages but causes an increase
in the required computing time that in some cases could be
considerable. In dealing with large spatial databases, Ester
et al. (1995) introduce a method to focus on “representative”
objects. This method selects the most central object as a rep-
resentative, where the most central object in a data page is
the object with minimal distance of its centre from the centre
of the data page.

None of the above mentioned approaches, however, ex-
plicitly uses the concept of usefulness for reducing the num-
ber of data sets. A related method has been used in DAR-
LING (Salganicoff, 1993) in which (old) examples are dis-
carded if new examples which are close (in attribute space)
are deemed to supersede them.

Note also that this problem is somewhat different to
incremental learning – see Utgoff (1989, 1994) and Craw-
ford (1989) for example – in which one of the design goals
is that the tree that is produced by the incremental algorithm
should depend only on the set of instances, without regard to
the sequence in which those instances were presented. How-
ever, if there is population drift or concept change some of
the old data must be downweighted since it is no longer rep-
resentative of the current population.

In the following section, we develop the concept of keep-
ing a record of usefulness, which was initially used in a
nearest-neighbour classifier, and we show how this can be
used more generally. The remainder of the paper focuses on
batch learning in which the observations will be naturally
grouped (into a specified time period, for example), and any
learning and classification will be carried out in this discrete
framework.

Having introduced the concept of usefulness in the next
section, the following two two sections outline the ap-
proaches of Radial Basis Function networks and Learning
Vector Quantization and these are extended to handle dy-
namic data by using a record of usefulness. In a final section
we apply these methods to some credit data.

Record of Usefulness
Initially, we developed a dynamic 1-nearest neighbour algo-
rithm in which examples are given a nominal weight of
when they are first observed. Then all observations “age” at
a rate , to allow for the fact that in a dynamic system older
examples are likely to be less useful. In addition, future ex-

amples which are classified affect the existing weights so
that:

If the new observation is correctly classified by the near-
est neighbour, but would be incorrectly classified by the
second nearest neighbour, then the nearest neighbour gets
its weight increased by (a sort of condensing factor).

If the new observation is incorrectly classified by the near-
est neighbour, but would have been correctly classified by
the second nearest neighbour, then the nearest neighbour
gets its weight decreased by (a sort of editing factor).

This approach essentially keeps a “record of usefulness”
for each of the observations in the current training set. The
weight of each example then behaves like a Markov Chain
with an absorbing barrier at , whose properties (for exam-
ple, the drift) can be studied in order to get some idea of
suitable choices for the three parameters: , and .

Note that this use of weights is distinct from that used
by Cost & Salzberg (1993) in the modified value difference
metric (MVDM) in which the weights were used to adjust
the distance between observations by associating an impor-
tance for each example. In our case the weights are merely
used to reflect the age of the observation, as well as a mea-
sure of usefulness, in order to determine whether the exam-
ple should be retained at this time; they are not used to mod-
ify the distance metric. Further discussion and results for
this dynamic nearest neighbour approach can be found in
Nakhaeizadeh et al. (1996).

Another approach of defining a record of usefulness is
based on the following idea. An observation that frequently
appears in one class is very useful for establishing a classi-
fier because it is very likely to occur frequently in the future
and is therefore representative. However, if an observation
has occurrences in different classes (caused by noise, for ex-
ample), it seems less useful, even though it may frequently
occur. Assuming a binary decision problem, in the most ex-
treme case, a observation has the same number of occur-
rences in both classes. Then the true class membership is
unknown and the observation is of no use. Hence an obser-
vation is the more useful, the more frequently it occurs in
only one class. Formally, we define the usefulness of an
observation for the binary decision problem as

where denotes the number of occurrences of obser-
vation in class . Each observation is labeled with that
class having the most occurrences of . The observation ,
its class label and the usefulness are kept in a list that is
sorted by . This record of usefulness will be used for the
radial basis function networks in the next section.

Radial Basis Function Networks
Introduction
Radial basis function (RBF) networks were introduced by
Broomhead & Lowe (1988) and are based on the theory of
functional approximation. They are known as universal ap-
proximators (Park & Sandberg, 1991), and are as well suited
for classification problems.



Given a training set of examples
, is to be approximated by a function of the form

(1)

where the are radial basis functions with
a response that either increases or decreases monotonically
with distance from a central point. A typical radial basis
function is the Gaussian kernel.

Since the function is to be an approximation of the given
training set, the following error function is to be mini-
mized:

In case the RBF network is used for classification, the
output requires transformation onto the set of predefined
classes. In a binary classification problem, for example, a
simple threshold value may be introduced for separating
the output values for each class.

If all training examples are distinct and each observation
is selected as a centre then the weights of equa-
tion (1) can simply be computed by solving a system of lin-
ear equations (see, for example, Orr (1996)) such that the
error vanishes. Obviously, this approach is not suitable
for large training sets because of its computational complex-
ity. Moreover, when using too many centres, this approach
easily suffers from overfitting. A simple way of reducing
computing time and increasing the ability of generalization
is to select a smaller number of centres. However, this raises
the question of how to best choose the number and location
of the centres.

Selecting Parameters
Considering equation (1) as the model of our RBF network,
we assume that Gaussian kernels are used as radial basis
functions and the distance is measured by the Euclidean
norm. Thus the number, location and size of centres ( ,

and ) and the weights remain as free parameters
( ).

Many ideas have been proposed as how to choose the pa-
rameters of an RBF network. On the one hand, the method
can be as simple as randomly selecting some input obser-
vations as centres, using a predefined radius for each centre
and calculating the weights between hidden and output
layer. On the other hand, a comprehensive approach that it-
eratively adjusts all parameters to optimize the performance
of the network can be applied. Whatever method is chosen,
the selection of centres should respect the structure of the
training set. There is no need for centres in empty regions of
the input space or an abundance of centres in densely pop-
ulated parts; see Schürmann (1996, p. 243). This is why
approaches that randomly select examples from the training
data are often doomed to failure. Yet iteratively learning all
parameters from the training set is very time consuming. We
will use the following implementation as a compromise.

We implemented a dynamic “supervised” clustering algo-
rithm that makes use of the record of usefulness as described
in the end of section 2 to improve the process of select-
ing centres. The algorithm is dynamic in the sense that the
number of clusters is not fixed but only limited by a given
number. Although clustering is usually unsupervised, this
algorithm is characterized as supervised because it makes
use of the class labels of the observations. When mapping
a observation to the nearest cluster, the distance of that ob-
servation to a cluster centre of a different class is doubled in
order to keep classes separated. Given the maximum num-
ber of cluster centres to be created and the training set T of
observations with their class labels, the pseudo code of the
algorithm is as follows:
Dynamic-Supervised-Clustering ( , )

create one cluster for each class;
map examples to cluster of corresponding class;
repeat

calculate cluster centres according to current mapping;
map all examples to the closest cluster;
if current number of clusters smaller than
and any examples mapped to cluster of wrong class

find cluster with most misclassifications weighted by
usefulness;
create new cluster;
use misclassified example with largest usefulness
as new centre;

until mapping of examples to clusters is unchanged;
Simulations on our credit data set have shown that the per-

formance of the RBF networks are very sensitive to the se-
lection of the radii. The error rates drastically increase when
the radii are too small or too large. A suitable selection of
radii should ensure that at least one centre responds to each
observation, and conversely, that no pair of centres belong-
ing to distinct classes respond to observations with a high
and nearly identical activation. Obviously, in general this
can not be achieved by using a fixed radius for all centres.
Therefore we evaluate the radius of each centre as the dis-
tance to the nearest centre of another class, multiplied by a
constant scaling parameter.

We make use of the Stuttgart Neural Network Simulator
(SNNS) to calculate the weights between the output and hid-
den layer. The obtained centres and radii are used to create a
SNNS network file, and a data set for training the weights
is obtained by selecting all unique observations from the
record of usefulness.

Dynamic Implementation
When trying to adapt an RBF network to dynamic changes,
two basic approaches that make use of the concept of use-
fulness may be considered. First, the training set could be
updated, using the same method of creating the RBF net-
work after each batch. Second, the network itself could be
updated, for example by altering, adding or dropping cen-
tres, according to the observed changes. And of course, both
approaches can be combined.



In order to detect changes, we use the idea of the basic
Shewhart quality control chart for monitoring the error rates
of our classifiers (see Taylor et al. (1997), for example). The
observations will be processed in batches. This will average
and thus reduce stochastic perturbations. For each previous
batch , the error rate is known. We estimate the expected
error rate from previous error rates as their mean value
weighted with the corresponding batch sizes. Then let

, indicate warning and action
limits, respectively, for the error rates. Suppose that the error
rate of the current batch of size is . If the
performance of the classifier is acceptable and we obtain a
monitor status ok. If some major changes are
likely to have occurred which is denoted by the status action.
Otherwise, we obtain a warning status.

For the adaptive approach in this paper, we apply the
method of creating the RBF network as described in the
previous section only in case of a warning or action sta-
tus based on the current record of usefulness which depends
on the monitor status as follows:

ok: The current record of usefulness is aged by the fac-
tor ( ). Since the performance is
still good, should be rather small, thus keeping the
record of usefulness almost unchanged. The aged record
of usefulness and a record obtained from the current batch
are merged to a new record of usefulness. This is done by
directly keeping all examples with their usefulness that
occur only in one of the records. If an example occurs in
both records, the new value of its usefulness is determined
as a function of the current values. In case the example
has the same class label in both records, these values may
simply be added. Otherwise the absolute value of the dif-
ference may be applied and the class label is determined
by the class label of the example that was more useful.

warning: The record of usefulness is updated in the same
way, except that the ageing factor is , where is
linear function of between and (

).

action: The old record of usefulness is assumed not to
be representative any more. Therefore, a new record is
created from the observations of the most recent batch.

Learning Vector Quantization

Description of the basic package

Learning Vector Quantization (LVQ) is a public domain al-
gorithm of a method due to Kohonen (1989), although it has
a longer history; see Hertz et al. (1991) for earlier refer-
ences. Learning Vector Quantization is an example of com-
petitive learning often used for data compression.

Kohonen’s (1989) procedure is just the use of competitive
learning in a supervised learning problem. In both Koho-
nen and LVQ, classification is based on a nearest neighbour
rule, the difference being in the dimensionality of the output
space. Our description follows the programs contained in
LVQ PAK which is documented in Kohonen et al. (1995).

Assume that a number of “codebook vectors” (free pa-
rameter vectors) are placed into the input space to approx-
imate various domains of the input vector by their quan-
tized values. Usually several codebook vectors are assigned
to each class of values, and is then decided to belong to
the same class to which the nearest belongs. Let

define the nearest to , denoted by .
Values for the that approximately minimize the mis-

classification errors in the above nearest-neighbour classifi-
cation can be found as asymptotic values in the learning pro-
cess. In all, there are several variants of the program (LVQ1,
OLVQ1, LVQ2.1, LVQ3) and about 6 parameters to be se-
lected: (the learning rate parameter); (the relative learn-
ing rate parameter used in LVQ3); the relative width of the
window; (the number of nearest neighbours used for ini-
tial rejection by -NN misclassification); and the number of
steps used in training the vectors. However, experience gives
reasonable guidance on all the above. The number of code-
book vectors to use – and whether to select them evenly, or
in proportion to the prior probabilities of class membership
– are perhaps the most sensitive choices and this selection is
not such a simple matter. More codebook vectors can lead
to overfitting with poor performance on the test data.

Examining the usefulness of codebook vectors in a
dynamic setting
It is possible that, in the presence of moving populations,
the codebook vectors that have been learned will become
less useful. In this case, it will be necessary to revise the
codebook vectors by relearning. By analogy with the nearest
neighbour implementation above, the current codebook vec-
tors are assigned a weight which decreases with time. Then,
codebook vectors are updated when their weight drops be-
low a certain threshold. A further refinement would be to use
the weights in the classification procedure itself. However,
this dynamic adaptation would require detailed modification
of the source code of LVQ PAK, so instead we implemented
a variant still based on the concept of usefulness.

When comparing two classifiers on the same set of data,
it is straightforward to cross-tabulate the number of obser-
vations correctly/incorrectly classified by each method. Mc-
Nemar’s test (or an equivalent test) can then be used
to decide whether the probabilities of misclassification are
equal. In our approach we assess the usefulness of a code-
book vector by comparing the classification of with

, where is the full set of codebook vectors and
is the full set with the th codebook vector deleted. This
“leave-one-out” procedure then carries out a formal test (at
the 5% level) to determine the usefulness of each codebook
vector in turn. The overall usefulness of is then assessed
by fixing two integers, say and which are akin to the
warning and action limits used above. In this case the values
of will be determined by – for example proportional to
– the number of codebook vectors. In the case that the num-
ber of useful codebook vectors is less than then the set
of codebook vectors is completely relearned, whereas in the



case that the number of useful codebook vectors is between
and then minor revision of the codebook vectors is

made. Note that, unlike the limits used in monitoring the
RBF network, we make no assessment of the (change in)
error rates as a possible consequence of population move-
ment. In this case the monitoring is solely on the overall
usefulness of the set of codebook vectors. It is clear that the
larger the values of the , the more frequent will the clas-
sification rule be relearned, but more experience is needed
to determine suitable guidelines for the .

Results
We have applied the above methods to one set of data. At
this stage, we are more interested in how much improve-
ment can be achieved in using an adaptive classifier rather
than either continually relearning, or else taking no action
at all. So it is of secondary importance to compare the re-
sults across different classifiers, and in any case it would
be premature to draw any conclusions on the basis of only
one data set. The data set concerns applications for credit
and the class is whether or not the application is success-
ful (i.e. two classes). There are observations which
cover a 2-year period. Originally there were many qualita-
tive attributes which were then coded into indicator variables
(since all the programs used here require real-valued data).
Subsequently, 15 of these variables were selected (us-
ing a stepwise linear regression) for classification purposes.

RBF Network
The adaptive RBF network is applied to the credit data set
using the dynamic supervised clustering approach with a
maximum of clusters. While the ageing parameter
is fixed to one, different values for the minimum ageing pa-
rameter are tested. The data set was split into a initial
training set of size and about 151 batches of size
for simulating the time flow. The results are compared to the
no-learn and the re-learn approach. While the RBF network
is created using the initial training data and is then left un-
changed in the no-learn approach, it is learned from scratch
after each batch using data only from the most recent batch
in the re-learn approach. The results are presented in Table1.

method
no-learn re-learn 0.0 0.2 0.3 0.4

Table 1: Average error rates (%) of RBF network using dif-
ferent approaches.

Compared to the no-learn approach, the performance
of the re-learn approach demonstrates that there are some
changes within the stream of observations to be classified.
Hence, the need for altering the applied classifier becomes
obvious. All adaptive approaches performed better than the
corresponding non-adaptive ones. However, the increase in
performance as measured by the error rates does not seem
to be really significant. Note, however, that the adaptive ap-
proaches updated the network only about 20 times through-

out the whole simulation (compared to the 151 updates after
each batch in the re-learn approach) thus saving some com-
puting time. The best result was obtained for .
However, determining a good value of based on the ini-
tial training set is impossible because future changes within
the stream of observations are unknown. In further research,
however, methods for adjusting this parameter while the
classifier is already applied could be considered. Note that
using an ageing factor is important for re-
ducing the size of the training set. Otherwise, the number of
observations kept for training will constantly increase.

Learning Vector Quantization
We used 10 codebook vectors in all the results reported here
which is the same as the number of clusters used for the RBF
networks. The codebook vectors were selected in propor-
tion to the relative frequencies in the training data. Initially
OLVQ1 was run for 400 iterations, then LVQ3 was run for

iterations with , and relative window
size .

In the no-learn approach the codebook vectors were un-
changed after training which used, as before, observa-
tions. In the re-learn approach, the codebooks were com-
pletely relearned (using the same set of parameters) after
each new batch. The first adaptive approach used monitor-
ing values of and . In the case that the
number of useful codebook vectors was less than or equal to
3 a complete relearning took place; if the number of useful
codebook vectors was equal to 4 then the existing codebook
vectors were simply adjusted using OLVQ1 and LVQ3, but
initial values were not re-set. This means that, in this case,
the number of codebook vectors in each class would not be
changed.

A second adaptive approach was also used in which, in
addition to the strategy above, we also “aged” the set of
codebook vectors. In this case, relearning was forced to take
place after batches, if no relearning had been indicated by
the limits. So the ageing clock was re-set each time any
relearning was done.

The error rates for these 4 approaches are given in Ta-
ble 2. For comparison, we also give the error rate produced
by taking the best of the no-learn and re-learn methods. It is
clear from the results that the adaptive method, which takes
account of the usefulness of the codebook vectors, gives the
lowest error rate. It also seems that sensible choices of
can lead to further improvements. In practice the value of

error Ageing factor ( )
updating method rate

no-learn
re-learn

best(no-learn,re-learn)
adaptive

Table 2: Error rates (%) for several dynamic approaches,
including the ageing modification with a clock reset after
batches.
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Figure 1: Smoothed error rates for three approaches: adap-
tive approach (continuous line); re-learn (short dashed line);
no-learn (long dashed line).The number of codebook vectors
is also plotted in the vertical lines.

could be based on a longer period of training data, or even by
some adaptive method based on recent history as was used
in the nearest neighbour classifier above.

The smoothed error rates for the no-learn, re-learn and
adaptive methods are shown in Figure 1, which also indi-
cates the drift in the population and the consequent attempts
of the adaptive method to react.

The difference in error rates vs. time are shown in Fig-
ure 2. The number of useful – as determined by a McNemar
test on a leave-one codebook-out procedure – codebook vec-
tors is also shown. From this it can be seen when this value
drops below 3 or 4 which then corresponds to retraining.

A comparison of two adaptive classifiers (with
and ) with the best of the no-learn and re-learn at
each time point is also shown in Figure 2. The “ageing”
adaptive classifier is modified at batches and . This is
helpful at batch but the effect is less marked at batch ;
much more re-learning takes place after this time due to use-
less codebooks as the program struggles to find a classifier to
beat the default (in which every observation is classified as
good credit). Towards the end of the time period, however,
this strategy seems to be superior. The overall error rate also
shows a small improvement when using this modification.

Conclusions
Overall, the RBF network works better on this data set than
LVQ, but as mentioned previously we are more concerned
with the improvement that can be achieved in using an adap-
tive approach rather than not relearning or updating after
each batch. Tables 1 and 2 show that for both algorithms
the adaptive approach is superior, and the diagnostics shown
in Figures 1 and 2 indicate that the method is working as in-
tended though there is clearly more work required on some
of the parameter selection.
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Figure 2: The difference in error rate for the simple adap-
tive classifier (points) and the ageing adaptive classifier with

(line) compared with the best of the no-learn and
re-learn approaches at each time point. Values below have
a smaller error rate. Also shown is the number of useful
codebook vectors for the ageing adaptve classifier (vertical
lines). At time points and , re-learning took place due
to “old” codebook vectors rather than a lack of usefulness.

In both the RBF and LVQ experiments it was found
that an ageing component improved the performance, even
though the error rate or proposed measure of usefulness did
not suggest the need for any updating. This is not totally sat-
isfactory, and suggests the need for further research of how
to optimally determine the ageing factor, based on certain
characteristics of the population movements.

The proposed “record of usefulness” has been used for
two different purposes. In the case of the RBF network, use-
fulness is used in order to get a template set of examples
that is rather small, in good quality and fully representa-
tive. Then the reduced data set is used for selecting pro-
totypes (called “centres” in RBF terminology) and calculat-
ing the weights in the learning process. This process is fast,
and thus it was decided to completely relearn the network
from scratch based on the manipulated training set in case
the monitoring process said so. A further possibility is to
reuse the prototypes and update them according the detected
change. In the case of LVQ the concept of usefulness is used
to judge the selected prototypes (called “codebook vectors”
in LVQ terminology) and even to detect changes. In further
research, it would be of interest to combine these two ideas.
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