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Abstract. ROC analysis makes it possible to evaluate how well classi�ers will perform given certain misclas-

si�cation costs and class distributions. Given a set of classi�ers, it also provides a method for constructing a

hybrid classi�er that optimally uses the available classi�ers. Now in some cases it is possible to derive multiple

classi�ers from a single one, in a cheap way, and such that these classi�ers focus on di�erent areas of the ROC

diagram, such that a hybrid classi�er with better overall ROC performance can be constructed. This principle

is quite generally applicable; here we describe a method to apply it to decision tree classi�ers. An experimental

evaluation illustrates the usefulness of the technique.

1 Introduction

ROC analysis [7] is a more advanced method for evaluating the performance of classi�ers than the popular accuracy-

based evaluation; it allows to compute the expected misclassi�cation cost of a classi�er given any class distribution

and misclassi�cation costs (accuracy is only relevant in case of symmetric costs and no changes in the class distri-

bution). When multiple classi�ers are available, ROC analysis helps to decide which classi�er is optimal in which

circumstances, or to delimit areas in which a certain classi�er is optimal among all available classi�ers. It also allows

to construct a hybrid classi�er that from the set of given classi�ers always selects the optimal one for the given

evaluation environment. The overall performance of this hybrid classi�er of course becomes better when the set from

which it is derived contains more and better classi�ers.

In this text we describe a computationally inexpensive method for deriving from a single classi�er a set of

classi�ers, where each derived classi�er is expected to be in another area on the ROC diagram. By applying this

method on some of the classi�ers in a given set, the set of classi�ers is signi�cantly enriched, and therefore the overall

performance of the hybrid classi�er constructed from the set can be improved signi�cantly. Our method is described

in detail for decision trees, but the principle is generally applicable.

The rest of this paper is structured as follows. In Section 2 we briey explain the principles of ROC analysis.

In Section 3 we describe a method for deriving strongly biased classi�ers from a single decision tree. Experimental

results are shown in Section 4, and Section 5 concludes the paper.

2 ROC diagrams

Classi�ers are often evaluated on the basis of their predictive accuracy, i.e., the probability that they will classify an

unseen object correctly. Two problems with this kind of evaluation are that (a) accuracy is unstable with respect to

changing class distributions, and (b) it assumes a symmetric misclassi�cation cost (i.e., misclassifying an object of

class A as B is an equally bad mistake as misclassifying an object of class B as A).

ROC analysis [7] has been proposed as an alternative evaluation criterion that does not su�er from these problems.

A ROC diagram shows how a classi�er can be expected to perform in an environment with a given class distribution

(not necessarily the one of the training set) and given misclassi�cation costs. On a ROC diagram one can easily see

under which circumstances one classi�er is better than another (or possibly, whether a classi�er is better than another

classi�er in all possible environments). Given that di�erent classi�ers may perform better in di�erent environments,

it is natural to use ROC analysis to build a hybrid classi�er that is optimal in the sense that in each environment

it will employ the best classi�er.

First we introduce some notation and terminology. We assume a binary classi�cation problem: objects are to

be classi�ed as positive or negative. We represent the true classes as + and � and the predictions as pos and neg.

C

posj�

represents the cost of misclassifying a negative object as positive; C

negj+

the cost of misclassifying a positive



object as negative. We assume C

posj+

= C

negj�

= 0. P (+) is the probability that an unseen instance is positive;

P (�) is the probability that it is negative. P (posj+) is the probability that an instance is classi�ed as positive given

that it actually is positive; we similarly use P (negj+), P (posj�), P (negj�).

The expected misclassi�cation cost for a single object is then

EC = C

posj�

P (posj�)P (�) + C

negj+

P (negj+)P (+)

The true positive rate TP estimates P (posj+) and is computed from a test set as n

pos;+

=n

+

, i.e., the number of

actual positives predicted positive over the number of actual positives. The false positive rate FP estimates P (posj�)

and is computed as n

pos;�

=n

�

. Using these estimates, the formula for expected misclassi�cation costs becomes

EC = C

posj�

P (�) � FP + C

negj+

P (+) � (1� TP )

In a ROC diagram the horizontal axis represents FP , the vertical axis TP . Points with the same expected classi�c-

ation cost (iso-cost lines) are on a straight line with slope C

posj�

P (�)=C

negj+

P (+). Points with the same expected

accuracy are on a straight line with slope P (�)=P (+). Note that given P (+) and P (�), expected accuracy can be

computed from TP and FP , but not the other way around. Also note that these slopes cannot be negative, assuming

positive costs.

The upper left corner of a ROC diagram is the ideal situation (FP = 0, TP = 1; i.e., all positives and no

negatives found). A classi�er A is better than B in a certain situation if there exists an iso-cost line for that situation

such that A is above the line and B is below it. A dominates B if no situations exist where B is better than A; on

the diagram A is then to the left and above B. A set of classi�ers S dominates a classi�er B if in any situation there

exists a classi�er in S that is better than B; on the diagram B is then below the convex hull of S.

For each set of classi�ers S, a minimal subset S

0

can be de�ned such that no elements e of S

0

are dominated by

S

0

� feg; this is the set of all the classi�ers that lie on the convex hull of S. S

0

can be seen as a hybrid classi�er of

minimal complexity that still performs at least as good as any of its component classi�ers.

3 Deriving Di�erently Biased Classi�ers from a Single Classi�er

The aim of ROC analysis is to optimally employ the information contained in a set of predictive models, so that as

good as possible predictions are made in all circumstances. In many cases these classi�ers carry more information

than just their (FP,TP) coordinates, and this extra information is ignored when just computing the convex hull for

these classi�ers. The main point of this paper is that in many cases it is easy to exploit this extra information, and

this leads to better overall performance.

A classi�er A can sometimes be decomposed in such a way that from the pieces new classi�ers can be obtained.

A trivial example of this is a rule set S = fR

1

; : : : ; R

n

g with rules R

i

; any subset of S is a new classi�er. As the

body of each rule is a set of conditions, the same technique could be used on those. Similarly, a decision tree gives

rise to subtrees that are valid classi�ers by themselves.

This derivation of new classi�ers from the original one bears some resemblance to pruning decision trees or rules

sets. Note however that the aim is quite di�erent: pruning a classi�er aims at �nding a new classi�er that is simpler

but has comparable or better predictive accuracy, and in this sense improves upon the original one. In our context

we are looking for classi�ers with quite di�erent properties than the original one.

When a classi�er A gives rise to a set of derived classi�ers A

1

; : : : ; A

n

, it makes sense to include these classi�ers

as well on the ROC diagram. In the worst case A dominates all the A

i

, but it is probable that some of the A

i

are

not dominated by A; in fact, the method for deriving classi�ers from A could be constructed in such a way that it

is unlikely that all A

i

are dominated by A.

For decision trees we propose the following method. Given a tree with positive and negative predictions, order

the leaves according to some estimated probability of an unseen example sorted into that leaf being positive. This

probability estimate could e.g. be the m-estimate [5], a linear interpolation between the ratio of positives in the leaf

and some a priori probability p, which is given a weight m : e =

n

+

+pm

n

+

+n

�

+m

. As a value for p it makes sense to use the

proportion of positives in the training set. We further choose m = 1, which means the estimate is mainly inuenced

by the proportion of positives in the leaf and only slightly by the size of the leaf.

Now from the decision tree A new decision trees can be constructed as follows: A

i

is A with for the �rst i

leaves according to the ordering just described, pos substituted for the leaf's prediction, and for all other leaves neg



substituted for their prediction. A

0

always predicts neg, A

l

(with l the number of leaves in the tree) always predicts

pos. The A

i

can be pruned separately (for instance, A

1

is essentially just one rule).

This idea is not really new; it was used, e.g., in [2] (although not with an m-estimate), from the point of view

that decision trees can be considered rank classi�ers (i.e. classi�ers that give a classi�cation together with some

degree of con�dence; such classi�ers give rise to a curve in the ROC diagram). A similar technique has been used

by G�artner [6] in his experiments with the Naive Bayes classi�er; di�erent versions of that classi�er are constructed,

with varying a priori probabilities of having a positive. Since the probability estimates used by Naive Bayes need not

be recomputed, we can consider this another example of deriving a set of classi�ers from a single classi�er without

further access to the data.

Thus, there have been approaches similar to the technique we propose here; but to our knowledge this technique

has not been described as a methodology as such. Our main point here is that the approach seems quite generally

applicable, and should probably be applied in a systematic way. It seems worth investigating, not only for decision

trees but also other representations, what is the best way of deriving a set of classi�ers from a single one such that

the set will exhibit maximal performance on a ROC diagram. (Note that even for decision trees, what we describe

is a rather simple approach and better ones might be devised.)

4 Experimental results

We evaluated the proposed method for deriving classi�ers from a single one on the so-called Sisyphus data set, which

was studied in the context of the SolEuNet project. We here present only the clearest of the results we obtained;

more results are reported in [4]. Figure 1 shows a ROC diagram with two convex hulls indicated. One (earlier

presented by [6]) is the convex hull of a set of class�ers produced using multiple learning algorithms, without the

above methodology. On the second one, classi�ers derived from a single decision tree induced by the Tilde system

[1] on the original convex hull were included in the diagram. The second convex hull clearly dominates the �rst one;

what's more, in this case it even consists entirely of derived classi�ers.

Other results (not discussed here, but see [4] and also [3]) were quite similar, although improvements were not

always obtained to the same extent. It should be pointed out, however, that the proposed technique for deriving a

set of decision trees from a single one can improve but never deteriorate the convex hull (as non-optimal derived

classi�ers would simply not be included), and it is computationally very cheap. For this reason it can only be

advantageous to use this methodology, when performing a ROC analysis to obtain overall optimal performance.

5 Conclusions and Related Work

We have discussed a methodology for deriving classi�ers from a single classi�er in such a way that the ROC convex

hull can be signi�cantly improved by including these classi�ers. The method we proposed here for decision trees is

very cheap and can only give improvements, hence there do not seem to be good reasons for not using it in practice.

The technique of deriving a set of classi�ers from a single one has been used before (see, e.g., [2, 6], but in a more

or less ad hoc way; it was not explicitly advocated as a methodology. The latter is much more the case in Srinivasan's

work on extraction of multiple models in ILP [8], but then Srinivasan's work is to a large extent complementary

to ours. Srinivasan discusses optimization of a ROC convex hull by running an ILP system repeatedly, varying the

background knowledge. This is a quite di�erent (and more expensive) way of producing multiple classi�ers. Obviously,

both approaches could be combined, producing better results than when either approach is used in isolation.
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