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Abstract. In this paper we consider the combination of two ensem-
ble techniques, both capable of producing diverse binary base classifiers.
Adaboost, a version of Boosting is combined with Output Coding for
solving multiclass problems. Decision trees are chosen as the base clas-
sifiers, and the issue of tree pruning is addressed. Pruning produces less
complex trees and sometimes leads to better generalisation. Experimen-
tal results demonstrate that pruning makes little difference in this frame-
work. However, on average over nine benchmark datasets better accuracy
is achieved by incorporating unpruned trees.

1 Introduction

Traditionally, the approach that has been used in the design of pattern classifi-
cation systems is to experimentally assess the performance of several classifiers
with the idea that the best one will be chosen. However, the theory of ensemble
classifiers represents a departure from the traditional strategy and has been de-
veloped to address the problem of designing a system with improved accuracy.
Recognising that each classifier may make different and perhaps complementary
errors, the aim is to pool together the results from all classifiers in such a way
that the ensemble outperforms any constituent (also called base) classifier. There
are several categories of techniques capable of producing diversity among base
classifiers, which is a necessary condition for improvement by combining. In the
first category are methods that reduce dimension of training set to give different
feature sets. The second category includes methods that incorporate different
types of base classifier or different base classifier parameters. In the third cate-
gory, which includes Boosting, are techniques that resample the training set and
thereby specialise each classifier on a different subset. Finally in the fourth cate-
gory are Output Coding methods that create complementary two-class problems
from multiclass problems.

Ensemble methods from these four categories have been developed and tuned
over the past decade. In principle, the problem of creating a good ensemble is
solved by jointly optimising the design and fusion of base classiers. However this
is a difficult optimisation, and frequently a relatively simple fusion strategy is
applied, such as majority or weighted vote. Base classifiers are then designed to



match the fusion rule. In this paper, two ensemble design strategies are combined.
Adaboost which is from category three is combined with Output Coding from
category four. The idea is to convert a multiclass problem into complementary
binary sub-problems and at the same time concentrate on difficult-to-classify
patterns by reweighting; the idea was first reported in [20]. In this study, deci-
sion trees are chosen as base classifer and the effect of tree pruning on ensemble
performance is investigated. An advantage of using decision trees over other base
classifiers is that the decision to prune is the only parameter to set. Pruning re-
duces the complexity of base classifiers, but does not necessarily lead to improved
accuracy.

Boosting adaptively changes the distribution of the training set based upon
the performance of sequentially constructed classifiers. Each new classifier is used
to adaptively filter and re-weight the training set, so that the next classifier in
the sequence has increased probability of selecting patterns that have been pre-
viously mis-classified. Boosting is a general method for converting a weak learner
into one with high accuracy, but it requires that the weak learning algorithm
produce hypotheses with accuracy better than random guessing. For a k-class
problem, k >> 2, it may be difficult to achieve the required accuracy. One solu-
tion proposed by Freund and Schapire, referred to as AdaBoost.M2, is based on
a pseudo-loss measure in which the weak learner chooses from a set of plausible
labels [20]. AdaBoost.M2 not only divides the training set into hard and easy
patterns, but also forces the learning algorithm to concentrate on patterns whose
labels are hard to distinguish from each other. Another solution is to combine
Boosting with Output Coding (Adaboost.OC), in which the weak learner is rerun
on the training patterns while reweighting and relabelling on each round [20].
Output Coding is an ensemble method in which a binary code matrix defines
the decomposition of the multiclass into binary sub-problems. Each classifier op-
erates on the same training set but the patterns are relabelled according to the
columns of the Output Coding matrix. This process of relabelling was referred
to as colouring of the patterns in the context of Adaboost.OC. By introducing
colouring into Boosting the weak learner no longer uses the same training set on
each round. The main advantage is that Adaboost is then only required to solve
a two-class problem.

There have been some previous studies that have compared pruned and un-
pruned ensembles. In [12], ECOC with C4.5 showed no significant difference
on pruned versus unpruned ensembles on six out of eight datasets. In [10] over
thirty-three datasets, significant difference due to pruning was observed in ten
of the datasets for both C4.5 and randomised C4.5, in four of the datasets for
Bagged C4.5 and in none for Boosted C4.5. In [23], six pruning strategies were
compared and Error-Based Pruning (EBP) performed better overall than any
other strategy for both Bagging and Boosting. Similarly in [21] six methods were
compared for Output Coding with C4.5 and overall EBP performed better than
any other strategy. In this paper the purpose is to study the effect of pruning in
the context of output coded ensembles of boosted trees, rather than to compare
boosted ensembles with other techniques.



The structure of this paper is as follows: in Section 2 we review the Output
Coding method, followed by a review of AdaBoost.OC in Section 3. In section 4
we briefly explain the Error-based Pruning method (EBP), the default strategy
for C4.5. EBP has been used for the experiments in Section 5 in which the perfor-
mance of unpruned and pruned Adaboost.OC is compared with Adaboost.M2.

2 Output Coding and diverse binary classifiers

Output Coding is a two-stage method, the first being the relabelling stage which
can be defined as follows. Let Z be the k x b code matrix with binary elements,
where K is the number of classes and b is the number of binary classifiers.
Each column provides a map to convert the multi-class problem to binary sub-
problems. Specifically, for the jth sub-problem, a training pattern with target
class w; (i = 1...k) is re-labelled either as class {2; or as class (2> depending on
the value of Z;; (typically zero or one). Therefore for each column the k classes
can be considered to be arranged into two super-groups of classes 21 and (2.
(The second stage of Output Coding is the decision rule which is based on finding
distance to each row of Z that acts as a b-dimensional code word to represent a
class).

The Output Coding method was introduced in [11,12] and named Error-
Correcting Output Coding (ECOC). The idea was to base the code on error-
correcting principles to facilitate a robust fusion strategy. Various coding strate-
gies have since been proposed, but most code matrices that have been investi-
gated previously are binary and problem-independent, that is pre-designed. Op-
timal properties of the code matrix for producing diverse classifiers are believed
to be maximum Hamming Distance between pairs of columns [12,24]. Random
codes have received much attention, and were first mentioned in [11] as perform-
ing well in comparison with error-correcting codes. In [12] random, exhaustive,
hill-climbing search and BCH coding methods were used to produce ECOC code
matrices for different column lengths. Random codes were also shown in [14]
to give Bayesian performance if pairs of code words were equidistant, and it
was claimed that a long enough random code would not be outperformed by
a pre-defined code. In [25] it is shown that an optimal code performs better
than random code as code word length is reduced. Recent developments include
investigation of three-valued codes [2], and problem-dependent continuous and
discrete codes [8].

The output coding concept has been successfully applied to problems in sev-
eral domains [1,3,4,15]. It has also been shown to improve performance with
different kinds of base classifier including decision tree, multi-layer perceptron,
SVM and k-nearest-neighbour.

3 AdaBoost.OC Algorithm

AdaBoost.OC reruns the weak learning algorithm many times and trains it over
a new distribution of examples, relabelled as in Qutput Coding. As can be seen



in figure 1, given a training set with the size m, the weights of patterns are
initialised as in AdaBoost.M2, that is

Di(i,0) = [¢ # il /(m(k - 1)) (1)

where k is the number of classes and [z] is 1 when z is true otherwise 0. On
each round, patterns are relabelled according to the colouring (). To minimise
the training errors, a colouring scheme should be chosen to maximise Uy, which
is defined in step two of figure 1. We have used the scheme from [20] which uses
a random assignment of k/2 labels to 0 and k/2 labels to 1. The weak learner
is trained according to D; and then by calculating the weak hypothesis h¢, all
of the labels satisfying hi(x) = ui(€) receive a vote. The weight of this weak
hypothesis (), is found from the weighted training error, €, is which includes
penalty terms for failing to include the correct label in plausible label set and for
including any incorrect labels. The weights of patterns are updated so that the
learning algorithm is forced to concentrate on hardest patterns and on the labels
that are hard to distinguish from each other. Finally the generated hypotheses
are combined according to weighted voting so that a test pattern is assigned to
the class whose label has received the most votes.

4 Decision Tree Pruning

In the past much effort has been directed toward developing effective tree pruning
methods (for a review see [13]) in the context of a single tree. For a tree ensemble,
besides base classifier pruning, it is also possible to consider ensemble pruning.
In [9], five ensemble pruning methods used with Adaboost are proposed, but the
emphasis there is on efficiency, i.e. finding a minimal number of base classifiers
without significantly degrading performance.

Decision tree pruning is a process in which one or more subtrees of a decision
tree are removed. The need for pruning arises because the generated tree can be
large and complex, so it may not be accurate or comprehensible. Complexity of
a univariate decision tree is measured as the number of nodes, and the reasons
for complexity are mismatch of representational biases and noise [7]. It means
that the induction algorithm is unable to model some target concepts, and also
that in some algorithms, (e.g. C4.5), subtree replication causes the tree to be
too large and to overfit [17].

According to [13] there are different types of pruning methods but post-
pruning is more usual [7]. The disadvantage of pre-pruning methods is that tree
growth can be prematurely stopped, since the procedure estimates when to stop
constructing the tree. A stopping criterion that estimates the performance gain
expected from further tree expansion is applied, and tree expansion terminates
when the expected gain is not accessible [13], [18]. A way around this problem
is to use a post-pruning method which grows the full tree and retro-spectively
prunes, starting at the leaves of the tree. Post-pruning methods remove one or
more subtrees and replace them by a leaf or one branch of that subtree. One class
of these algorithms divides the training set into a growing set and pruning set.



The growing set is used to generate the tree as well as prune, while the pruning
set is used to select the best tree [6]. In the case of shortage of training set,
the cross-validation method is used i.e. the training set is divided into several
equal-sized blocks and then on each iteration one block is used as pruning set
and the remaining blocks used as a growing set. Another class of post-pruning
algorithm uses all the training set for both growing and pruning [19]. However it
is then necessary to define an estimate of the true error rate using the training
set alone.

EBP was developed by Quinlan for use in C4.5. It does not need a separate
pruning set, but uses an estimate of expected error rate. A set of examples cov-
ered by the leaf of a tree is considered to be a statistical sample from which it is
possible to calculate confidence for the posterior probability of mis-classification.
The assumption is made that the error in this sample follows a binomial distri-
bution, from which the upper limit of confidence [16] is the solution for p of

cr=y (f )pw(l —pN 2)

z=0

where N is number of cases covered by a node and E is number of cases which is
covered by that node erroneously (As C4.5 we have used an approximate solution
for equation 2). The upper limit of confidence is multiplied by the number of
cases which are covered by a leaf to determine the number of predicted errors
for that leaf. Further the number of predicted errors of a subtree is the sum of
the predicted errors of its branches. If the number of predicted errors for a leaf
is less than the number of predicted errors for the subtree in which that leaf is,
then the subtree is replaced with the leaf. We tried changing the confidence level
to vary the degree of pruning but found that this is not a reliable way of varying
tree complexity [22]. In the experiments in Section 5 the default confidence level
of 25% is used.

5 Experiments

The number of patterns, classes and features for the datasets used in these
experiments are shown in table 1. These data sets can be found on UCI web
site [5]. The data has been randomly split 70/30% into training/test set and the
experiment repeated ten times. C4.5, with Error-Based Pruning, has been used
as base classifier and in these experiments ensemble of unpruned and pruned
trees built by AdaBoost.M2 and AdaBoost.OC have been compared. In the
experiments reported in [20] for comparing AdaBoost.M2 and AdaBoost.OC
pruning was turned on.

As figures 2 and 3 show, the test error of AdaBoost.OC for both pruned
and unpruned trees reduces as number of classifier increases over all datasets.
However, the test error of AdaBoost.M2 appears somewhat insensitive to number
of rounds although error increases slightly for Car, Glass and Soybean-Large.
This appears to show that the pseudo-loss based algorithm AdaBoost.M2 with



C4.5, in contrast to the error-based Adaboost.M2 with C4.5, only takes a few
rounds to learn the training set and in some cases overfits as number of rounds
increases.

For AdaBoost.OC the performance of pruned ensembles is similar to the per-
formance of unpruned ensembles, although appears slightly better for Anneal,
Audiology, Glass, Iris. However the difference did not show up as significant (Mc-
Nemar 5%). For AdaBoost.M2, the pruned ensemble outperforms the unpruned
ensemble except for Dermatology.

In an attempt to see overall performance the composite curve over all datasets
is plotted in figure 4. The plot is normalised with respect to the best classification
rate for each particular dataset as follows. The best classification rate is the mean
over the last z rounds, where x is judged to be the number of classifiers above
which there is no further improvement. From the composite performance we
see that the mean classification rate over the nine datasets for Adaboost.OC
is higher for unpruned than pruned. For AdaBoost.M2, ensemble of unpruned
decision trees outperforms pruned ensemble.

6 Discussion

As explained in Section 2 the choice of code matrix may affect performance of
Output Coding. In AdaBoost.OC, we have used a random approach to dividing
the labels on each round. This may mean that diversity is not as great as it
could be, since the Hamming Distance between columns has not been maximised.
Providing that the code matrix has enough columns random code may perform
as well as an optimal code. However, since each round of Boosting depends on
the previous round it may be important for efficiency reasons to minimise the
total number of rounds. Pursuing optimal codes is a possible way forward in
this regard and would likely modify the curves shown in figure 4 at the low
end. AdaBoost.M2 is a time-consuming algorithm because on each round it
constructs classifiers according to the same number of classes and in comparison
AdaBoost.OC has removed this complexity.

7 Conclusion

In this paper, we have applied two multi-class versions of Boosting to nine
datasets by using pruned and unpruned decision trees as base classifiers, and
we have seen that AdaBoost.OC outperforms AdaBoost.M2. For AdaBoost.OC,
the performance of pruned ensemble is similar to the unpruned ensemble but
on average over all datasets it is better not to prune if accuracy is the main
consideration.
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