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Abstract

AdaBoost is a method for incre-
mentally creating a classifier ensem-
ble. We investigate how the di-
versity of an ensemble of classifiers
created by AdaBoost varies as the
number of classifiers in the ensem-
ble increases. We consider two data
sets from the UCI machine learn-
ing repository and use ten differ-
ent measures of diversity. We show
that AdaBoost does indeed initially
increase the diversity but after the
first few classifiers the diversity be-
gins to gradually tail off. These re-
sults suggest that useful classifier en-
sembles can be recovered at an early
stage of AdaBoost training, perhaps
using a more sophisticated combina-
tion method than the weighted vot-
ng.
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1 Introduction

Combining classifiers is an established re-
search area in the field of statistical pattern
recognition. If we have many different classi-
fiers at our disposal it is sensible to combine
them in the hope of increasing the overall ac-
curacy [10]. Tt has been proved theoretically
that a group of independent classifiers im-
prove upon the single best classifier when ma-
jority vote combination is used. It is assumed
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that the improvement holds for other combi-
nation methods as well. Intuitively, the classi-
fiers to be combined should be different from
each other, or ‘diverse’. Using different clas-
sifiers can result in both better performance
and worse performance, depending on the dif-
ferences. Thus diversity can be both bene-
ficial or harmful [8,14]. Understanding and
measuring these differences in diversity is an
important issue in classifier combination [15]
and there are several different measures of di-
versity being used. These measures aim to
quantify the dependence between classifiers.

Several techniques exist which aim to im-
prove the performance of classifier ensembles
by manipulating the data set which classi-
fiers are trained on. These include Bagging,
Boosting, and Arcing [2,3]. We are partic-
ularly interested in the AdaBoost! algorithm
which has had considerable success with arti-
ficial and real-world data problems [1]. Ad-
aBoost builds a classifier ensemble by start-
ing with one classifier and adding new clas-
sifiers, one at a time. The new classifier
is constructed by modifying the training set
according to the previous classifier’s perfor-
mance [2,4,18]. It has been found that Boost-
ing can be paralysed [21], i.e., no further im-
provement is achieved when adding new clas-
sifiers to the team.

Here we study how diversity changes in the
ensemble as the number of classifiers pro-
duced by AdaBoost increases and try to es-
tablish whether or not AdaBoost works by
focusing on altering the diversity. The next

!The name comes from Adaptive Bootstrapping.



section contains a detailed account of the Ad-
aBoost algorithm. Section 3 contains a brief
description of the diversity measures. Sec-
tion 4 contains details of the experimental
set-up, Section 5 contains the results and Sec-
tion 6 offers a conclusion.

2 AdaBoost

AdaBoost constructs classifiers by modifying
the training set based on the previous clas-
sifier’s performance. It does this by get-
ting the new classifier to put more empha-
sis on those objects which the previous clas-
sifier found difficult to classify accurately.
This is achieved by maintaining a distribu-
tion of weights over the training set, which
can be modified as required on each iter-
Some implementations of AdaBoost
use a resampling method [2] and others use
re-weighting [1]. These differ according to
whether you resample from the original train-
ing set or attach weights to each data point
and re-use the whole training set to build the
next classifier. The choice of implementation
does not affect AdaBoost too much although
boosting with re-weighting is a more direct
implementation of the theory [1]. Research
by Breiman suggests that there is very lit-
tle difference in the results obtained using the
two methods [2]. We have used a resampling
method because this allows for any type of
basic classifiers to be used.

ation.

For the resampling implementation, each
weight determines the probability of its as-
sociated object being selected for the training
set for an individual component classifier [4].
Initially all weights are set equal. On each
round if a training object is not accurately
classified then its chances of being selected
again for a subsequent training set are in-
creased by increasing the value of its associ-
ated weight [18]. In this way the next classifier
is forced to concentrate on the more difficult
examples in the training set. In Figure 1 we
show the basic algorithm for AdaBoost using
the resampling implementation.

The combination weights [ are obtained as
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Z the training set;

Si the training set for iteration k;

Dy, the classifier trained at iteration k;

E}, the training error at iteration k;

Wi (i) the weight for object 7 at iteration k;
Wy = {Wg(1),...,Wi(N)} the set of weights
used at iteration k.

Figure 1: THE ADABOOST ALGORITHM: THE
RESAMPLING IMPLEMENTATION
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When Ej, = 0, the weights W (i) are reinitial-
ized to 1/N. The weights at iteration k are
calculated as

\ ad(d)
Wea(i) = — 2D (g)
2 =1 Wi (5)By ¢
where d(i) = 1 if the current classifier (Dy)
gives the incorrect label of object 4, and d(i) =
0, otherwise. The final decision for a new ob-
ject x is made by weighted voting between
the Knax classifiers. First, all classifiers label
x and then for all Dy, that gave label w;, we

calculate the support for that class by

p(x) = > (). (3)

Dy (x)=wi

The class with the maximal support is chosen
for x.

Typically, the generalization error of Ad-
aBoost decays exponentially. In this study we
were interested in discovering patterns of di-
versity as the building of the classifier ensem-
ble progresses, so the problem of accuracy was
left out. By the idea of its design, AdaBoost
would enforce diversity in the team, making
new classifiers focus on different parts of the
data set. However, it was found out that the
method might get to an inefficient stage where
adding new classifiers will not improve the
performance but on the contrary, deteriorate
it [21]. This is caused by sampling repeti-
tively from similar distributions whose resul-
tant training set poses the same difficulty to
the chosen classifier model. Then the ensem-
ble will be overpopulated with “semi-good”
and almost identical experts, and the effect of
some good quality members of the team will
be diluted. Our study of diversity aims at
showing a pattern of diversity during training
of the ensemble to support this hypothesis.

3 Measures of Diversity

There are different diversity measures avail-
able from different fields of research. Some
of these measures, such as the QQ-statistic and
the correlation coefficient have come directly
from mainstream statistics whilst others have

developed through the field of statistical pat-
tern recognition, specifically for the problems
of multiple classifier systems. The first four of
these measures are called pair-wise because
they consider the K, classifiers two at a
time and then average the calculated pair-
wise diversity. The other measures work on
the whole group of K,y classifiers. The ten
measures of diversity used in this study are
taken from [12,13] and described in Table
1. Those measures which have a (]) type are
such that the lower the value, the more di-
verse the classifiers, whilst those which have
a (1) type are such that the higher the value,
the more diverse the classifiers.

Table 1: MEASURES OF DIVERSITY

Name Nota- | Type | Source
tion

Q-statistic Q ) [22]

Correlation P ) [20]

coefficient

Disagreement D 1) [9,19]

Double-fault DF ) [6]

Kohavi-Wolpert | kw ©) [11]
variance

Measurement

of interrater K ) [5]
agreement

Entropy Ent | (1) [13]
Measure of 0 ) [7]
difficulty

Generalised GD 1) [17]
diversity

Coincident

failure CFD | (1) [16]
diversity

4 Experimental Set-up

For our experiments we used the Pima
Indian Diabetes database and the Haberman
Survival database, both taken from the UCI
Repository of Machine Learning Database?.

In summary: Pima Diabetes Database: 2
classes, 768 patients, 8 features; Haberman

http:/ /www.ics.uci.edu/~mlearn/MLRepository.html
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Figure 2: CHANGE IN THE (|) MEASURES OF
DIVERSITY AS WE ADD CLASSIFIERS TO THE EN-
SEMBLE

Survival Database: 2 classes, 306 patients, 3
features. Since generalization accuracy was

not an issue here, we used the whole data sets
for training and measuring diversity.

We used AdaBoost (Section 2) to generate en-
sembles of 10 linear classifiers for the Haber-
man data (the smaller data set), and 25 lin-
ear classifiers for the Pima data. As each new
classifier was added to the ensemble we mea-
sured the diversity of the ensemble using the
ten measures (Section 3). Finally we plotted
the change in diversity against the number of
classifiers for each dataset and each diversity
measure. It was clear from our preliminary
investigation that the change in diversity fol-
lowed a similar pattern for each run. There-
fore, we only repeated each experiment ten
times to get an overall result.

5 Results

Figures 2 and 3 show the changes in diversity
as we add classifiers to the ensemble. Figure 2
shows those diversity measures for which the
lower the value the more diverse the classifiers
({), whilst Figure 3 shows those diversity mea-
sures for which the higher the value the more
diverse the classifiers (7).

As Figure 2 shows, @, p, and 8 all have very
similar ‘tick-shaped’ graphs which indicate
that the diversity of the ensemble increases
sharply as the first few classifiers are added
to the ensemble, but then gradually decreases
as we add more classifiers to the ensemble.
DF and k both have monotonic curves but
whilst « is steadily increasing, indicating that
diversity gradually reduces, the DF’s pattern
suggests that the diversity is increasing grad-
ually as we add more classifiers to the ensem-
ble. Figure 3 shows curves with a similar ‘tick-
shape’ (but inverted) to those of @, p and k,
namely those of Ent, GD, and CFD. These,
given that they are of the (1) type, also in-
dicate that the diversity of the ensemble in-
creases sharply as the first few classifiers are
added, but then gradually decreases as we add
more classifiers. D on the other hand has a
curve similar to an inverted version of k in-
dicating, like x, that diversity gradually re-
duces as we add classifiers to the ensemble.
kw has a slightly gentler, less-sharp curve for



the Haberman data set but the familiar tick-
shape for the Pima data set, both of which
indicate an increase and then a decrease in di-
versity. As expected, due to the smaller sam-
ple size, the variability among the ten repeti-
tions was greater with the Haberman set.

As discussed earlier, we would expect diver-
sity to decline as the ensemble grows beyond a
certain point. The AdaBoost resampling pro-
cedure will keep adding new classifiers built
on similar samples of training objects which
appear to be equally difficult for the succes-
sive members of the ensemble. The results
with both data sets supported this hypothe-
sis except for the Double Fault (DF') measure
which showed increasing diversity throughout
the training. The reason for that could be
that DF is related to the accuracy of the team
more than the other measures and is therefore
not exactly a “true” measure of diversity [12].

It is interesting to see how the dramatic in-
crease in diversity as the first few classi-
fiers are added to the ensemble (tick-shaped
curves), can be exploited to its potential. Per-
haps stopping the training there and applying
different combination rules will be beneficial.

6 Conclusions

We study the diversity of classifier ensembles
built through the AdaBoost algorithm. The
algorithm is explained in Section 2 and exper-
imental results with two data sets from UCI
ML repository are given. We found a con-
sistent pattern of diversity showing that at
the beginning, the new classifiers are highly
diverse but as the training progresses, the di-
versity gradually returns to its starting level.
This suggests that it could be beneficial to
stop AdaBoost before diversity drops, and
try to enhance the performance of the ensem-
ble further by applying different combination
methods on a reasonably accurate and diverse
ensemble.

We obtained consistent patterns of diversity
with almost all diversity measures and both
data sets using linear base classifiers. How-
ever, the patterns might change if other clas-
sifier models are used.
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