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ABSTRACT

A novel method for learning characteristic decision trees
is applied to the problem of learning the decision mecha-
nism of coin-sorting machines. Decision trees constructed
by ID3-like @ gorithmsare unableto detect instances of cat-
egories not present in the set of training examples. Instead
of being rejected, such instances are assigned to one of the
classes actually present in the training set. To solve this
problem the algorithm must learn characteristic, rather than
discriminative, category descriptions. In addition, the abil-
ity to control the degree of generalizationisidentified asan
essential property of such algorithms. A novel method us-
ing the information about the statistical distribution of the
feature valuesthat can be extracted from the training exam-
plesis developed to meet these requirements. The central
ideaisto augment each leaf of the decision tree with a sub-
tree that imposes further restrictions on the values of each
featurein that |eaf.

1 INTRODUCTION

One often ignored problem for alearning system is how
to know when it encountersan instance of an unknown cat-
egory. In many practical applicationsit cannot be assumed
that every category is represented in the set of training ex-
amples (i.e., they are open domains [Hut94]) and some-
times the cost of a misclassification is too high. What is
needed in such situationsis the ability to reject instances of
categoriesthat the system has not been trained on.

In this article we will concentrate on an application con-
cerning a coin-sorting machine of the kind often used in
bank offices.! Itstask isto accept and sort (and count) alim-
ited number of different types of coins (for instance, a par-
ticular country’s), andto reject all other coins. Thevital part
of the machine is a sophisticated sensor that the coins pass

1 The work presented in this paper has in part been carried out in col-
laboration with Scan Coin AB (Mamo, Sweden), a manufacturer of such
machines.

one by one. The sensor measures electronically five prop-
erties (diameter, thickness, permeability, and two kinds of
conductivity) of each coin, which al are given anumerical
value. Based on these measurements the machine decides
of which type the current coin is: if it is of a known type
of coin, it is sorted, otherwiseit is regarded as an unknown
type and isrejected.

The present procedure for constructing the decision
mechanism is carried out mostly by hand. A number of
coinsof each type are passed through a sensor and the mea-
surements are recorded. The measurements are then ana-
lyzed manually by an engineer, who chose a minimum and
amaximum limit for each property of each type of coin. Fi-
nally, these limits are loaded into the memory of the ma-
chine. When the machine is about to sort a new coin, it
uses the limits in the following way: if the measurement
is higher than the minimum limit and lower than the maxi-
mum limit for all properties of some type of coin, the coin
isclassified asacoin of thistype. If thisis not true for any
known type of coin, the coin is rejected.

Thus, in the present method, which is both complicated
and time consuming, it is the skill of the engineer that de-
cidesthe classification performance of the coin-sorting ma-
chine. Moreover, this procedure must be carried out for ev-
ery new set of machines (e.g., for each country’s). In addi-
tion, there are updating problems when a new kind of coin
isintroduced. Thisis not only applicable when a new de-
nominationisintroduced, or when the appearance of an old
denomination is changed. It is, for instance, not unusual
that the composition of the alloy is changed. In fact, this
happens often undeliberately asit is difficult to get exactly
the same composition every time and, moreover, there are
sometimes trace elements of other metals in the cauldron.
Another kind of problemscomesfromthefact that it isdiffi-
cultto makeall the sensorsexactly alike. Asaconsequence
of this and the fact that all machines used for the same set
of coinsusethe samelimits, each sensor must be calibrated.
Moreover, this calibration is not always sufficient and ser-
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Figure 1. Discriminative (left) versus characteristic (right) category descriptions.

vice agents must sometimes be sent out to adjust the limits
on particular machines.

However, if we construct a method which automatically
learnsthe decision mechanism, it would bepossibleto bring
down the effects of these problems. In short, the task to
be solved can be described as follows. develop a system
that computesthe decision mechanism of acoin-sorting ma-
chine automatically from a number of examples of coins.

2 CHARACTERISTICSOF THE APPLICATION

To begin with, thisis a case of learning from examples
in that we can safely assumethat there isanumber of coins
with known identities which can be used to train the sys-
tem. Moreover, as the working of the machine has been
described above, we can clearly divide it into two sepa-
rate phases, the initial training phase and the classification
phase. Thus, there is no need to make demands on incre-
mentality upon the learning algorithm.

There are also some demands on performance. The
method must be time-efficient both in the learning phase,
since the long-term goal is to let the end users themselves
adapt the machine to a set of coins of their choice and
we cannot expect the bank clerks to be willing to spend
much time training the machine, and in the classification
phase, since the machine must be able sort approximately
800 coins per minute. Moreover, as the current hardware
israther limited the method al so must be memory-efficient.
However, asthe hardware probably will be upgraded in the
near future, we will not bother much about the space prob-
lem. The demands on classification performance that must
be met by thelearning system beforeit can be used in areal
world application are rather tough: not more than 5% of
known types of coins are allowed to be rejected and very
few misclassifications (less than 0.5%) of any type of coins
are accepted. Consequently, more than 99.5% of unknown
types of coins should be rejected.

Another aspect of our learning task concerns a problem

that often has been ignored in the machine learning re-
search. Namely, how the learning system should “know”
when it encounters an instance of an unknown category.
It is for practical reasons impossible to train the learning
system on every possible kind of coin (genuine or faked).
Thus, we must assume that the system can be trained only
on the types of coins it is supposed to accept. As been
pointed out by Smyth and Mellstrom [SM92], the only way
of solving this problem is to learn generative, or charac-
teristic, category descriptions that try to capture the simi-
larities between the members of the category. This, in con-
trast to learning discriminative descriptionsthat can be seen
as representations of the boundaries between categories.
The difference between these kinds of descriptionsisillus-
trated in Figure 1. It shows some instances of three known
categories (x, o, and ¢), and examples of possible cate-
gory boundaries of the concepts learned by a system us-
ing discriminative descriptions (to the left) and by a sys-
tem using characteristic descriptions (to the right). In this
case, a member of an unknown category () will be cate-
gorized wrongly by a system using discriminative descrip-
tions, whereas it will be regarded as a member of a novel
category by a system using characteristic descriptions.

3 RESULTSFROM A PRELIMINARY STUDY

A preliminary study was carried out by a Master’s stu-
dent (Martensson [Mar94]). Three methods were evalu-
ated: induction of decision trees using the ID3 agorithm
[Qui86], learning neural networks by the backpropagation
algorithm [RHW86], and computing Bayesian classifiers
[TG74]. However, since all these methods in their origi-
nal versions|earn discriminative descriptions, they must be
modified in order to learn characteristic descriptions. For
instance, in the ID3 algorithm each leaf of the decision tree
was augmented with asubtreein order to impose further re-
strictions on the feature values. A lower and an upper limit
are computed for every feature. These will serve as tests:
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if the feature value of the instance to be classified is below
the lower limit or above the upper limit for one or more of
the features, the instance will be rejected, i.e., regarded as
belongingto anovel class, otherwiseit will be classified ac-
cording to the original decision tree. Thus, when anew in-
stance is to be classified, the decision tree is first applied
as usual, and then, when a leaf would have been reached,
every feature of the instance is checked to seeif it belongs
to the interval defined by the lower and the upper limits.
If all features of the new instance are inside their interval
the classification is till valid, otherwise the instance will
be rgected. In this method the lower and upper limits were
assigned the minimum and maximum feature value of the
training instances of the leaf respectively. Since this ap-
proach will yield a maximum specific description (cf. Holte
et a. [HAP89]), we will refer to it asID3-Max.

The main result of Martensson’s study was that the per-
formancein terms of classification accuracy of three meth-
ods was almost equivalent. However, as it became clear
that the company wanted explicit classification rules (e.g.,
for service and maintenance reasons), the neural network
approach was given up. It aso became apparent that the
method must be able to learn disjunctive concepts (i.e.,
classes that correspond to more than one cluster of training
instances in the feature space). In addition to the fact that
the actual appearance of a denomination change now and
then (and often both are valid as means of payment), angu-
lar coinswill bein different positionsin the sensor resulting
in different values in the diameter, and, as mentioned ear-
lier, the alloy is different in different batches. Theseirreg-
ularities will tend to divide the measurements of one type
of coininto two or more separate clusters. Thiswas one of
the reasonswhy the Bayesian classifier approach was given
up. Another reason was that it does not provide explicit
minimum and maximum limits for each parameter, which
iswhat should be programmed into the decision mechanism
of the machine.

Since the decision tree approach (1) by far was the most
time-efficient in the classification phase, (2) wasreasonable
fastinthelearning phase, (3) learned explicit rules (and pro-
vides explicit min and max limits for each parameter), and
(4) was good at learning digunctive concepts, it was se-
lected asthe most promising candidatefor solving the prob-
lem.

Although the ID3-Max algorithm showed promising re-
sults, an improvement was desired for mainly two reasons:
Firstly, the ID3-Max algorithm is not sufficiently robust,
e.g., an extremely low (or high) value of one parameter of
one coin in the training set could ruin the whole decision
mechanism. Thisproblemisrelated to the problem of noisy
instances which will be discussed in the last section of this
paper. Secondly, and perhaps more important, it is not pos-
sible to control the degree of generalization (i.e., the po-

sition of the limits). For example, too many coins were
rejected as the ID3-Max agorithm did not generalize suf-
ficiently. For these reasons, a more dynamic and robust
method for computing the limits has been devel oped.

4 THE NOVEL LEARNING TECHNIQUE

Thenovel techniquedevel opedto solvethese problemsis
also based on the ID3 algorithm and constructs subtrees out
of lower and upper limitsinaway similar to ID3-Max. The
central ideaof the method isto make use of statistical infor-
mation concerning the distribution of the feature values of
theinstancesin the leaf. For every feature we compute the
lower and the upper limits so that the probability that a par-
ticular feature value (of an instance belonging to this leaf)
belongsto the interval between theselimitsis1 — a.

Inthisway we can control the degree of generalization by
choosing an appropriate a-value. Thelesser the a-vaueis,
the more will the algorithm generalize. For instance, if it
isimportant not to misclassify instances and a high number
of rejected (not classified) instances are acceptable, a high
a-value should be selected.

If X isnormally distributed stochastic variable, we have
that:

Pm—JAso<z<m+Aso)=1-a

wherem isthe mean, ¢ isthe standard deviation, and some
common values of \ are:

)\0.05 - 16449, )\0.025 - 19600, )\0.005 - 25758

Thus, we have, for instance, that the probability of an ob-
servation being larger than m — 1.960 and smaller than
m + 1.960 is 95%.

In order to follow this line of argument we have to as-
sumethat thefeaturevaluesof each category (or each leaf if
itisadigunctiveconcept) arenormally distributed. Thisas-
sumption seems not too strong for most applications. How-
ever, as we typically cannot assume that the actual values
of m and o are known, they haveto be estimated. A smple
way of doing thisis to compute the mean and the standard
deviation of the training instances (bel onging to the current
leaf):

m* = —v, o* = E(e:i—7)>
n n—1

To get anice interpretation of the interval between the up-
per and lower limit, we have to assume that these estimates
areequal to the actual valuesof m and o. Thisis, of course,
too optimistic, but it seems reasonable to believe (and will
be shown in Section 6) that the method is of practical value
also without this interpretation. Anyway, the intended sta-
titical interpretation suggests that the probability of afea
ture of an instance of a category being larger than lower
limit and smaller than upper limit for « = 0.01 is 99%.
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Figure 2: The feature space of the example. The boundary
between the two categories (x and ©) induced by the ID3
algorithm is represented by the vertical dashed line.

5 ASMPLE EXAMPLE

We will now present a very simple example to illustrate
the method. All instances are described by two numerical
features, and the training instances belong to either of two
categories: the x-category or the o-category. The systemis
given four training instances of each category.

The feature values of the training instances of the x-
category are: (3.0, 1.2), (35, 0.9), (45, 1.1), (5.0, 0.8) and
the o-category training instances are: (11.5, 1.8), (12.5, 1.5),
(12.5, 1.8), (13.5, 2.1). Figure 2 shows the positions of the
instances in the feature space.

If thesetraining-instancesare given to the ID3 algorithm,
the output will be the decision tree shown in Figure 3. (Or
asimilar one, depending on the cut-point selection strategy.
In all examples presented here the cut-point is chosen by
first sorting all values of the training instances belonging to
the current node. The cut-point is then defined as the aver-
age of two consecutive values of the sorted list if they be-
long to instances of different classes.) This tree represents
the decision rule: if f; < 8.25 then the instance belongsto
the x-category, else it belongsto the o-category. The classi-
fication boundary that followsfromthisruleisillustrated in
Figure2 by avertical dashedline. If we now apply the deci-

*-category o-category

Figure 3: The decision tree induced by the ID3 algorithm.
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Figure 4: The decision tree induced by ID3-Max.

siontreeto aninstance of another category (X) withthefea-
turevalues (9.0,0.5), it will be (mis)classified as an instance
of the o-category.

Let us apply the method based on the maximum specific
description to this problem. Given the training instances it
will produce the decision treein Figure 4 which will reject
all instances outside the dotted boxesin Figure 5.

If we now apply the augmented decision tree to the X-
category instance, wefirst usethe decision treeasbeforere-
sulting in apreliminary classification which, still asbefore,
suggests that it belongs to the o-category. However, as we
proceed further down the treeinto the appended subtree, we
will eventually encounter atest that bringsusto areject-leaf
(i.e., we check whether the new instance is inside the dot-
ted box, and find out that it is not). As a consegquence, the
instance is rejected and treated as an instance of anovel, or
unknown, category.

fa
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Figure 5: The acceptance regions of the maximum specific de-
scription (dotted boxes) and those resulting from the method
based on statistical distribution with o = 0.05 (inner dashed
boxes), and with a = 0.001 (outer dashed boxes).
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Canadian Coins

Foreign Coins

correct miss  reject correct miss reject
ID3 99.7% 03% 0.0% 0.0% 100.0% 0.0%
ID3-Max 83.7% 0.0% 16.3% 0.0% 0.0% 100.0%
ID3-SD 0.1 621% 0.0% 37.9% 0.0% 0.0% 100.0%
ID3-SD 0.05 775% 00% 225% 0.0% 0.0% 100.0%
ID3-SD 0.01 92.2% 0.0% 7.8% 0.0% 0.0% 100.0%
ID3-SD 0.001 97.9% 0.0% 2.1% 0.0% 0.0% 100.0%
1D3-SD 0.0001 98.9% 0.0% 1.1% 0.0% 0.0% 100.0%
desired 100.0% 0.0% 0.0% 0.0% 0.0% 100.0%

Table 1: Result from training set containing Canadian coins (averages over 10 runs).

If we apply the method based on statistical distribution
with a = 0.05, the lower and upper limits will havethefol-
lowing values: for the x-category 2.2 (f; lower), 5.8 (f;
upper), 0.6 (f» lower), and 1.4 (f> upper), and for the o-
category 10.9, 14.1, 1.3, and 2.3 respectively. These limits
will yield a decision tree with the same structure as that of
the maximum specific method but with different values on
the rgjection branches, and will cover the areas marked by
theinner dashed boxesin Figure 5. Such an area, which we
will call acceptance region, can be interpreted as meaning
that, if the assumptionsmentioned abovewerecorrect andif
the features are independent, 90.2% (0.95x 0.95) of thein-
stances of the category are inside the box. Just as with the
maximum specific tree this tree will reject the X-category
instance. We can aso see that the lesser a-value that is
chosen, the more will the algorithm generalize. The outer
dashed boxes correspond to the acceptance region for o =
0.001, i.e., 99.8% of all instances of the category areinside
theregion.

6 TEST RESULTS

In our experimentstwo databaseswere used, onedescrib-
ing Canadian coins contains 7 categories (1, 5, 10, 25, 50
cent, 1 and 2 dollar), and one describing Hong Kong coins
that also contains 7 categories (5, 10, 20, 50 cent, 1, 2,
and 5 dollar). All of the 5 attributes (diameter, thickness,
conductivityl, conductivity2, and permeability) are numer-
ical. The Canada and Hong Kong databases were chosen
because when using the company’s current method for cre-
ating the rules of the decision mechanism, these coins have
been causing problems.

In each experiment 140 (7 x 20) instanceswere randomly
chosenfor trainingand 700 (2 x 7x 50) instancesfor testing.
This scenario is quite similar to the actual situation where
youinthetraining phase exposethe system only to the coins

of one country, but in the classification phase also confront
it with coins of other countries. Each experiment was per-
formed with the original 1D3 agorithm, the maximum spe-
cific tree algorithm (1ID3-Max), and the a gorithm based on
statistical distribution (ID3-SD) for the a-values: 0.1, 0.05,
0.01, 0.001, and 0.0001.

Table 1 shows the classification results when training on
the Canadian coin database. We can see that all foreign
coins(i.e., Hong Kong coins) are rejected, except of course
for the ID3 algorithm. Neither were there any problems
with misclassifications. In fact, the Canadian coinsthat are
misclassified by the ID3 algorithm are rejected by the al-
gorithmslearning characteristic descriptions. However, the
requirements of classification accuracy (less than 5% re-
jects of known types of coins and very few misclassifica-
tions (less than 0.5%)) are met only by the ID3-SD algo-
rithm with « = 0.001 and 0.0001, which illustrates the ad-
vantage of being able to control the degree of generaliza-
tion.

In Table 2 the results when training on the Hong Kong
coin database are shown. Asindicated by the percentages
of misclassifications of known typesof coins, thisisamore
difficult problem. Although there are two a-values (0.001
and 0.0001) that meet the requirements, they are very close
to the acceptable number of rejects (0.001) and misclassi-
fications (0.0001) respectively. Results from experiments
using other databases can be found in Davidsson [Dav95].

A potential problem for the ID3-SD algorithm is when
the training set consists of only afew training instances of
oneor moreof the categories(or clusters). Onewould think
that when the number of training examplesof acategory de-
creases there is arisk that the estimates of the mean value
and the standard deviation (which arefundamental for com-
puting the acceptanceregions) will not be sufficiently good.
However, preliminary experimentsindicatethat the classifi-
cation performancedecreasesonly slowly when thetraining
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Hong Kong Coins

Foreign Coins

correct miss  reject correct miss reject
ID3 983% 1.7%  0.0% 0.0% 100.0% 0.0%
ID3-Max 79.7% 0.0% 20.3% 0.0% 0.0% 100.0%
ID3-SD 0.1 60.0% 0.0% 40.0% 0.0% 0.0% 100.0%
ID3-SD 0.05 748% 00% 252% 0.0% 0.0% 100.0%
ID3-SD 0.01 88.9% 00% 11.1% 0.0% 0.0% 100.0%
ID3-SD 0.001 95.1% 0.3% 4.6% 0.0% 0.0% 100.0%
1D3-SD 0.0001 96.3% 0.5% 3.2% 0.0% 0.0% 100.0%
desired 100.0% 0.0% 0.0% 0.0% 0.0% 100.0%

Table 2: Result from training set containing Hong Kong coins (averages over 10 runs).

examples get fewer. As can be seenin figure 6, it handles
the problem of few training instances much better than the
maximum specific description approach which, in fact, has
been suggested as a solution to the related problem of small
diguncts (cf. Holte et al. [HAP89]). In the coin classifica
tion domain small diguncts could, for instance, be caused
by irregularitiesin the composition of the aloys.

7 NOISY AND IRRELEVANT FEATURES

The ID3-SD algorithm is better at handling noisy data
than the ID3-Max algorithm in the sense that an extreme
feature value for one (or a few) instance(s) will not influ-

100

ID3-SD 0.001

80 ID3-SD 0.01
60 ID3-Max
40
20
5 10 No. training
instances

Figure 6: The percentage of correctly classified instances of
known categories (Canadian coins) as a function of the num-
ber of instances of each category in small training sets (aver-
ages over 10 runs). The remaining instances were rejected.

ence the positions of the limits of that feature in ID3-SD
as much as it will in ID3-Max. Thisisillustrated in Fig-
ure 7 where a single instance with a single noisy feature
value corrupts the acceptance region of the Max-algorithm
whereas the acceptance region of the SD-algorithm is af -
fected to a lesser extent.

A method for further reducing the problem of noisy in-
stances, would be to use the acceptance regions to remove
instances that are (far) outside their acceptance region and
then recalculate the region. For instance, if we remove the
noisy instance in the figure and recal culate the acceptance
region, we get the region shown in the right picture in the
figure. This method for outlier detection is currently under
evaluation.

However, in this paper we have used the traditional ID3
algorithm as a basis, an agorithm that is not very good at
handling noisy datain thefirst place. Infact, thereisatriv-

f2
‘ ..7 ’;..f..i.f..i.f..j.‘ ...............................
g0 ® ;
! e e
5 10 15 f

Figure 7: A category with twenty good and one noisy instance.
The maximum specific description correspond to the dotted
box. The dashed box correspond to the description resulting
from the ID3-SD algorithm with o = 0.1.
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ia solution to the problem with noisy data: Use a prun-
ing method (cf. Mingers [Min89]) to cut off the undesired
branches, or use any other noise tolerant algorithm (e.g.,
CA4.5 [Qui93)]) for inducing decision trees, and then com-
pute the subtrees as before for the remaining leaves.

Moreover, the original ID3-algorithm is quite good at
handling the problem of irrelevant features (only features
that are useful for discriminating between the categories
in the training set are selected). But since the suggested
method computes upper and lower limits for every feature
and use these in the classification phase, also the irrelevant
featureswill be subject for consideration. However, thispo-
tential problem will typically disappear since an irrelevant
feature oftenisdefined asafeaturewhich valueisrandomly
selected according to auniform distribution on the feature's
value range (cf. Aha[Aha92]). That is, the feature values
have a large standard deviation, which will lead to a large
gap between the lower and the upper limit. Thus, as most
values of the feature will be inside the acceptance region
with regard to thisfeature, thefeaturewill still beirrelevant
for the classification.

8 THE GENERALITY OF THE SD APPROACH

The main limitation of the SD approach seemsto be that
it is only applicable to numerica attributes. The maxi-
mum specific description method, on the other hand, re-
quires only that the features can be ordered. Thus, one way
of making the former method more general is to combine
it with the latter method to form a hybrid approach that is
ableto handle all kinds of ordered features. We would then
use the statistical method for numerical attributes and the
maximum specific description method for the rest of the
attributes. Moreover, nominal attributes could be handled
by accepting those values present among the instances of
the leaf and regject those that are not. In this way we get
a method that learns characteristic descriptions using all
kinds of attributes. However, the degree of generalization
can, of course, only be controlled for numeric features.

The statistically based approach for creating characteris-
tic descriptionsis ageneral method in the sense that we can
take the output from any decision tree induction agorithm,
compute a subtree for every leaf, and append them to their
leaf. In fact, the approach can, in principle, be applied to
any empirical learning method, supervised or unsupervised,
using the hybrid approach. However, if the instances of a
category correspondsto morethan onecluster in thefeature
space (cf. digunctive concepts), the method will probably
work better for algorithmsthat explicitly separatesthe clus-
ters, i.e., whereit is possibleto find out which cluster a par-
ticular instancebelongsto. If thisisthe case, the acceptance
regions can be computed separately for each cluster. Other-
wise, we must compute only one acceptance region for the
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Figure 8: The acceptance regions for the x-category computed
by ID3-SD (dotted boxes) and by an algorithm that does not
explicitly separate clusters of category instances (dashed box).
(a = 0.05).

whol e category, which probably will resultinatoo large ac-
ceptance regions (see Figure 8).

The problem with digunctive categoriesis also a partial
answer to the question; Why bother building adecisiontree
in the first place? Could we not just compute the lower and
the upper limits for every category and test unknown in-
stances against these? The main problem with such an ap-
proach would be that when a new instance is to be classi-
fied, it might be assigned to two or moreclasses. Thereason
for thisambiguity is, of course, that the acceptance regions
of two or more categories may overlap. Moreover, even if
the regions do not overlap, there will be problems dealing
with digunctive concepts for the reason mentioned above.
Thus, in either case, we must have an algorithm that is able
to find suitable disuncts of the concept (which, infact, isan
unsupervised learning problem), atask that 1D3-like algo-
rithms normally are quite good at. However, Van de Mer-
ckt [dM 93] has suggested that for numerical attributes a
similarity-based selection measure is more appropriate for
finding the correct digunctsthan the original entropy-based
measure used in the empirical evaluations presented here.

The procedure for augmenting an arbitrary empirical
learning algorithm X is as follows: train X as usual, then
compute the limits for every category (i.e., cluster) in the
training set as described earlier. When a new instance isto
be classified, first apply X’s classification mechanisminthe
sameway as usual, then check that all featuresvalues of the
new instancearelarger than thelower limit and smaller than
the upper limit. Thus, it is not necessary to represent the
limits in the form of decision trees, the main point is that
there should be a method for comparing the feature values
of the instance to be classified with the limits.
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Figure 9: The acceptance regions for the x-category computed
by IB1-SD (dotted boxes) and by an algorithm that takes into
account covariation among features (dashed ellipse). (a =
0.05).

To illustrate the generality of the SD approach some ex-
periments with its application to a nearest neighbour algo-
rithmvery similar to IB1[AKA91] aredescribedin Davids-
son [Dav96]. Moreover, if we are not restricted to rep-
resenting concepts by decision trees, we are not forced to
have separate and explicit limitsfor each feature. Asacon-
seguence, we do not have to assume that features are in-
dependent. If we are able to capture covariation among
two or more features we would be able to create accep-
tance regions that closer match the distribution of feature
values(i.e, regionsthat are smaller but still cover as many
instances). This is illustrated by the example shown in
Figure 9. The acceptance region for the x-category com-
puted by 1B1-SD does not fit the training instances very
well and does actually also cover all training instances of
the o-category despite that the members of the two cate-
goriesforms clearly separated clusters. The acceptance re-
gion computed by the algorithm ableto capture covariances
between features, on the other hand, do not cover any of the
o-instances.

To implement the latter algorithm it is necessary to ap-
ply multivariate statistical methods. In particular the fol-
lowing theorem is useful: assuming that feature values are
normally distributed within categories/clusterswe havethat
the solid elipsoid of z values satisfying

(z =) e —p) < xp(a)

has probability 1 — «, where p is the mean vector, ¥ isthe
covariance matrix, x2 isthe chi-squaredistributionand p is
the number features. (Seefor instance [JW92].) Thistheo-
rem can beused to computeaweighted distancefromthein-
stanceto beclassified tothe” center” of the category/cluster.

If this distance is larger than a critical value (dependent of
«) the instance is rejected. Thus, instead of estimating m
and o, wehaveto estimate i and X for each category/cluster
from the training set. An algorithm based on this idea to-
gether with some very promising experimental results are
presented in Davidsson [Dav96].

Unfortunately, such an algorithmis not applicableto the
coin sorting problem described above. There are two main
reasons for this: (i) the algorithm does not provide explicit
min and max limits for each feature, and (ii) the algorithm
istoo dow in the classification phase; first, the instance to
be classified has to be compared to a large number of the
training instances, and then, a number of time consuming
matrix calculations are necessary in order to compute the
weighted distance.

9 CONCLUSIONS

We have applied anovel method for learning characteris-
tic decision trees, the ID3-SD algorithm, to the problem of
|earning the decision mechanism of coin-sorting machines.
Themain reason for the success of thisalgorithmin this ap-
plication wasits ability to control the degree of generaliza-
tion (an ability which, of course, requires the learning of
characteristic descriptions). To author’s knowledge, ID3-
SD isthefirst algorithm in which this can be done both ex-
plicitly (i.e., by specifying a parameter, the a-value) and
without making any ad-hoc assumptions(i.e., itisbased on
sound statistical reasoning).

In our experiments a-values about 0.0001 has given the
best results, but we do not know whether this holds gener-
aly. Development of methods to determine automatically
the appropriate degree of generalization belongs to future
research. Future work will aso include an evaluation of
how other empirical learning methods can be improved by
the SD approach. In this perspective, we havein this paper
only described an application of the general method to the
ID-3 algorithm (i.e., it can be regarded a case study).
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