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Abstract. Many researchers have shown that ensemble methods such
as Boosting and Bagging improve the accuracy of classification. Boost-
ing and Bagging perform well with unstable learning algorithms such
as neural networks or decision trees. Pruning decision tree classifiers
is intended to make trees simpler and more comprehensible and avoid
over-fitting. However it is known that pruning individual classifiers of
an ensemble does not necessarily lead to improved generalisation. Ex-
amples of individual tree pruning methods are Minimum Error Prun-
ing (MEP), Error-based Pruning (EBP), Reduced-Error Pruning(REP),
Critical Value Pruning (CVP) and Cost-Complexity Pruning (CCP). In
this paper, we report the results of applying Boosting and Bagging with
these five pruning methods to eleven datasets.

1 Introduction

The idea of ensemble classifiers (also known as multiple classifiers) is based on
the observation that achieving optimal performance in combination is not nec-
essarily consistent with obtaining the best performance for a single classifier.
However certain conditions need to be satisfied to realise the performance im-
provement, in particular that the constituent (base) classifiers be not too highly
correlated [24]. Various techniques have been devised to reduce correlation be-
tween classifiers before combining including: (i) reducing dimension of training
set to give different feature sets, (ii) incorporating different types of base clas-
sifier, (iii) designing base classifiers with different parameters for same type of
classifier, (iv) resampling training set so each classifier is specialised on differ-
ent subset, and (v) coding multi-class binary outputs to create complementary
two-class problems. In this paper, we consider two popular examples belonging
to category (iv), that rely on perturbing training sets.

Training on subsets appears to work well for unstable classifiers, such as
neural networks and decision trees, in which a small perturbation in the training
set may lead to a significant change in constructed classifier. Effective methods
for improving unstable predictors based on perturbing the training set prior
to combining, include Bagging [2] and Boosting [11]. Bagging (from Bootstrap
Aggregating) forms replicate training sets by sampling with replacement, and



combines the resultant classifications with a simple majority vote. Boosting,
which combines with a fixed weighted vote is more complex than Bagging in
that the distribution of the training set is adaptively changed 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
previously misclassified. In [3], the Bagging family is said to perform better with
large tree base classifiers while the Boosting family is is said to perform better
with small trees. Several studies have compared Boosting and Bagging [1] [16]
[9].

Size of tree can be changed by pruning, although as we explain in Sect. 2,
the pruning process is not always simple. It might seem desirable to characterise
performance as a function of degree of pruning. However pruning methods in
general were not designed to operate with an independent parameter to change
tree complexity in a smooth fashion and results are usually presented with or
without pruning applied. There have been two recent large-scale studies of Bag-
ging and Boosting with tree classifiers using MC4 [1] and C4.5 [9]. In [9], the test
data was used to determine if pruning was required, on the assumption that in-
ternal cross-validation on the training set would come to the same conclusion. No
pattern was discerned about whether to prune over thirty-three datasets, except
that with Adaboost, pruning versus no-pruning did not register a difference on
significance tests in any of the thirty-three domains. In [1], all experiments were
carried out with pruning applied, but Bagging was repeated without pruning
to help understand why Bagging produces larger trees. It appeared that trees
generated from bootstrap samples were initially smaller than MC4, but ended
up larger after pruning. The authors concluded that pruning reduces bias but
increases variance. and that bootstrap replicates inhibit Reduced Error Pruning.

Ensemble classifiers have been empirically shown to give improved gener-
alisation for a variety of classification data. However there is discussion as to
why they appear to work well. Two concepts have been proposed for analysing
behaviour, bias/variance from regression theory and the margin concept [12].
However they appear to provide useful perspectives for the way ensemble clas-
sifiers operate rather than an understanding of how ensemble classifiers reduce
generalisation error. In absence of a complete theory, empirical results continue
to provide useful insight to their operation.

In the past much effort has been directed toward developing effective tree
pruning methods (for a review see [10]) in the context of a single tree. For a
tree ensemble, besides individual tree (base classifier) pruning, it is also possible
to consider ensemble pruning. In [7], 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.
The goal of single tree pruning in an ensemble, is to produce a simpler tree base
classifier which gives improved ensemble performance.

Decision trees can be divided into two categories according to type of test:
multivariate decision trees and univariate trees. Multivariate decision trees are



those in which at each internal node several attributes are tested together while
in univariate decision trees one attribute will be tested at each internal node. ID3
[17],C4.5 [18], CART [4] are examples of univariate decision tree and LMDT is a
multivariate decision tree[22]. In this paper we have used C4.5, (which uses gain
ratio in construction mode to determine which attribute to test), with several
individual decision tree pruning methods.

In this paper, we briefly review five methods of decision tree pruning in sec-
tion 2. These are Minimum Error Pruning (MEP), Error-based Pruning(EBP),
Reduced-Error Pruning (REP), Critical Value Pruning (CVP) and Cost-Complexity
Pruning (CCP). In section 3, we will explain the method used in the experiments
and the results of Boosting and Bagging over eleven datasets when trees are
pruned with different pruning algorithms.

2 Pruning Decision Trees

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 [5]. 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 [10] there are different types of pruning methods but post-
pruning is more usual [5]. 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 [10], [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 [4]. 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.

All the pruning methods considered here use post-pruning, and therefore
construct the full tree before applying the pruning criteria.



2.1 Error-based pruning (EBP)

EBP was developed by Quinlan for use in C4.5. It does not need a separate prun-
ing set, but uses an estimate of expected error rate. A set of examples covered 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 as-
sumption is made that the error in this sample follows a binomial distribution,
from which the upper limit of confidence [15] is the solution for p of

cr-y (f )pw(l Ve 1)

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 1).

A default confidence level of 25% is suggested, and the upper limit of con-
fidence 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 [23].

2.2 Minimum Error Pruning (MEP)

MEP was introduced by Niblett and Bratko, and uses Laplace probability es-
timates to improve the performance of ID3 in noisy domains [14]. Cestnik and
Bratko have changed this algorithm by using more general Bayesian approach
to estimating probabilities which they called m-probability estimation [6]. In this
algorithm, the parameter m is changed to vary degree of tree pruning. Their
suggestion is that perhaps the parameter can be adjusted to match properties
of learning domain such as noise. To prune a tree at a node, the first step is to
calculate the expected error rates of its children. The expected error rate of a
node is the minimum of 1 — p;(t) where p;(t) is the probability of ith class of
examples reaching that node and is determined by

ni(t) + Pai - M

pilt) = n(t) + m

(2)
where n;(t) in the number of examples reaching the node and belong to the ith
class, n(t) is the total number of example reaching the node tand p,; is the a
priori probability of the ith class.

They called the expected error rate the static error. In the second step,
dynamic error of the node is calculated, where dynamic error is defined as the
weighted sum of the static errors of its children [6]. The node will be pruned if
its static error is greater than its dynamic error and will be replaced by a leaf.



2.3 Reduced Error Pruning (REP)

REP requires a separate pruning set, and was proposed by Quinlan [19]. It
simply replaces each internal node (non-leaf node) by the best possible branch
with respect to error rate over the pruning set. Branch pruning is repeated until
there is an increase in the pruning set error rate. The procedure is guaranteed
to find the smallest, most accurate subtree with respect to the pruning set.

2.4 Critical Value Pruning (CVP)

CVP was proposed in [13], and operates with a variety of node selection mea-
sures. The idea is to set a threshold, the critical value which defines the level at
which pruning takes place. An internal node is only pruned if the associated se-
lection measures for the node and all its children do not exceed the critical value.
The full tree is pruned for increasing critical values giving a sequence of trees,
and then the best tree is selected on the basis of predictive ability. A number of
suggestions were made for finding the best tree in the sequence, the obvious one
being to use a separate pruning set as in REP.

2.5 Cost-complexity pruning (CCP)

CCP was developed for the CART system, and produces a sequence of trees by
pruning those branches that give lowest increase in error rate per leaf over the
training set [4]. Let the sequence of subtrees be denoted by Ty > Tp > ... > ¢t
in which T} is the original tree and 7 has been generated by pruning 77 and
finally ¢ is the root. Leaves of the subtree s are examined and assigned a measure
« representing the increase in error rate per leaf

M
= NI -1 ®)

where N is the number of training examples, M is the additional number of
misclassified examples when the leaf is removed, L(s) is number of leaves in the
subtree s [19]. To produce T;41 from Tj, all nodes in T; with the lowest « are
pruned.

In order to select the best tree in the sequence, either cross-validation on the
training set or a separate pruning set is employed. The selected tree is either

1. the smallest tree with error rate less than minimum observed error rate (0SE
rule)

2. the smallest tree with error rate less than minimum observed error rate plus
one standard error (1SE rule).

However in Breiman’s Bagging [2], since each tree is built on a bootstrap replicate
he uses the full training set to prune.



3 Experiments

To generate the decision tree that has been used as base classifier in the ensemble
we have used C4.5 algorithm. After building the tree, we have used five differ-
ent pruning algorithms MEP,EBP, REP, CVP, CCP where EBP is the pruning
method used in the C4.5 system.

The datasets which have been used in the experiments can be found on UCI
web site [21]. However, we have used the datasets which have been downloaded
from Quinlan web site at the University of New South Wales [20], which have
been split into training and test sets. Table 1 gives the description of the datasets,
showing that, with the exception of Waveform-21, they have been divided into
70/30 training/testing split according to class distribution. All experiments have
been carried out with number of base classifiers set to ten as in [16]. Each
experiment is repeated ten times, and where a separate pruning set is employed
this includes a random 70/30 growing/pruning split of the training set.

Table 1. Specification of Datasets

Name Training set|Test set|Class| Attributes
Cont. |Disc.
Breast 466 233 2 10 -
BreastCancer {191 95 2 - 9
Crx 490 200 2 6 9
Glass 142 72 6 9 -
Heart 180 90 2 13 |-
Hypothyroid (2108 1055 |2 7 18
Iris 100 50 3 4 -
Labor-neg 40 17 2 8 8
Soybean-large|455 228 19 35
Vote 300 135 2 - 16
soybean-small|31 16 4 35 |-
waveform-21 (300 4700 3 21 |-

In order to test whether degree of pruning could be varied to optimise gen-
eralisation performance we selected the MEP method, and varied parameter m
as follows: m = 0,.01,.5,1,2,3,4,8,12,16, 32,64, 128,999, 9999. For each value
of m, resampling is started from the same random state. For values of m > 4
size of tree indicated that varying m was not a reliable way of varying degree
of pruning, which agrees with the assessment in [10]. Table 2 shows for C4.5,
Bagged C4.5 and Boosted C4.5 the ratio of unpruned error rate to minimum
(over m) pruned error rate.

To have a comparison with cross-validation, we have applied 10-fold cross
validation to the datasets, with results shown in table 4. We also applied Mc Ne-
mar’s test with 5% confidence level [8] to determine whether difference between



Boosting and Bagging was significant, and table 4 shows the number of folds
that showed a significant difference. Only two datasets appeared significantly
different , Waveform21 and Soybean.

The results shown in table 3 are the average test errors of C4.5, Boosting
and Bagging with EBP. The ratio of Boosting/Bagging error rates is shown
for each dataset and averaged over all datasets. Similar tables were produced
for the other pruning methods with average ratios: REP:0.98, CCP(0SE):1.03,
CCP(1SE):1.03, CVP:1.02.

To compare the different pruning methods tables 5 and 6 show, for Boosting
and Bagging respectively, the relative performance of the five pruning methods
(for MEP m = 2). In tables 5 and 6 the pruning method with the minimum
error rate is set to 1.00.

4 Discussion

Table 2 shows that, on average over these datasets, Boosting and Bagging can
both benefit from varying parameter m in the MEP method. However, as noted
previously as m increases for some datasets there was not a monotonic decrease
with tree complexity. It should also be noted from table 4 that the average ratio
for Boosting/Bagging for these datasets is 1.02, compared with a value of 0.93
over twenty-two datasets in [16].

The comparison of pruning methods in tables 5 and 6 shows that EBP per-
forms best on average for Bagging and Boosting, and MEP worst. However the
individual results indicate that there is no pattern corresponding to which prun-
ing method performs best. For example, MEP performs best on three datasets.
This suggests that if the type or level of pruning could be suitably chosen, per-
formance would improve.

5 Conclusion

The fact that decision trees have a growing phase and pruning phase that are
both data-dependent makes it difficult to match level or type of pruning to an
ensemble of tree classifiers. Our results indicate that if a single pruning method
needs to be selected then overall the popular EBP makes a good choice.
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