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Abstract

This paper studies the problem of constructing an effec-
tive heterogeneous ensemble classifier for text classifica-
tion. One major challenge of this problem is to formu-
late a good combination function, which combines the de-
cisions of the individual classifiers in the ensemble. We
show that the classification performance is affected by three
weight components and they should be included in deriv-
ing an effective combination function. They are: (1) Global
effectiveness, which measures the effectiveness of a mem-
ber classifier in classifying a set of unseen documents; (2)
Local effectiveness, which measures the effectiveness of a
member classifier in classifying the particular domain of
an unseen document; and (3) Decision confidence, which
describes how confident a classifier is when making a deci-
sion when classifying a specific unseen document. We pro-
pose a new balanced combination function, called Dynamic
Classifier Weighting (DCW), that incorporates the afore-
mentioned three components. The empirical study demon-
strates that the new combination function is highly effective
for text classification.

1 Introduction

Let U be a set of unseen documents and C be a set of
predefined categories. Automated text classification is the
process of labeling U with C, such that every d € U will
be assigned to some of the categories in C. Note that d can
be assigned to none of the categories in C. If the number
of categories in C is more than two (|C| > 2), it is a multi-
label text classification problem. Since every multi-label
text classification problem can be transformed to a binary-
label text classification problem, we focus on the binary
problem in this paper (|C| = 2). Let ¢ € C. Binary-label
text classification is to construct a binary classifier, denoted
by ®(-), for ¢ such that:

() = {1 if f(d) >0,
—1 otherwise,

ey

where ®(d) = 1 indicates that d belongs to ¢ and (d) =
—1 indicates that d does not belong to it. f(-) € R is a
decision function. Every classifier, ®;, has its own decision
function, f;(-). If there are m different classifiers, there will
be m different decision functions. The goal of constructing
a binary classifier, ®(+), is to approximate the unknown true
target function &(-), so that ®(-) and ®(-) are coincident as
much as possible [17].

In order to improve the effectiveness, ensemble classi-
fiers (a.k.a classifier committee) were proposed [1, 3, 5, 6,
7,8,9, 15, 16, 17, 18, 19]. An ensemble classifier is con-
structed by grouping a number of member classifiers. If the
decisions of the member classifiers are combined properly,
the ensemble is robust and effective. There are two kinds of
ensemble classifiers: homogeneous and heterogeneous.

A homogeneous ensemble classifier contains m binary
classifiers in which all classifiers are constructed by the
same learning algorithm. Bagging and boosting [19] are
two common techniques [1, 15, 16, 18].

A heterogeneous ensemble classifier contains m binary
classifiers in which all classifiers are constructed by differ-
ent learning algorithms (e.g., one SVM classifier and one
kNN classifier are grouped together) [19]. The individual
decisions of the classifiers in the ensemble are combined
(e.g., through stacking [19]):

®(d):{1_1

where O(-) is an ensemble classifier; g(-) is a combination
function that combines the outputs of all ®;(-). The effec-
tiveness of the ensemble classifier, ®(+), depends on the ef-
fectiveness of g(-). In this paper, we concentrate on ana-
lyzing heterogeneous ensemble classifiers. Our problem is
thus to examine how to formulate a good g(-).

Four widely used g(-) are: (1) Majority voting (MV)
[8, 9]; (2) Weighted linear combination (WLC) [7]; (3) Dy-
namic classifiers selection (DCS) [3, 8, 6, 5]; and (4) Adap-
tive classifiers combination (ACC) [8, 9]. Except for MV,
the other three functions assign different weights to the clas-
sifiers in the ensemble. The bigger the weight, the more ef-

if ¢(®1(d), ®2(d). ... Pu(d)) >0,
otherwise,
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Figure 1. Illustration of local effectiveness and deci-
sion confidence.

fective is that classifier. In MV, all classifiers in the ensem-
ble are equally weighted. It can end up with a wrong deci-
sion if the minority votes are significant. WLC assigns static
weights to the classifiers based on their performance on a
validation data. However, a generally well-performed clas-
sifier can perform poorly in some specific domains. For in-
stance, the micro-F; scores of SVM and Naive Bayes (NB)
for the benchmark Reuters21578 are respectively 0.860 and
0.788. In this sense, SVM excels NB. Yet, for the categories
Potato and Retail in Reuters21578, the F| scores for NB are
both 0.667, but are both 0.0 for SVM. DCS and ACC weight
the classifiers by partitioning the validation data (domain
specific), they do not combine the classifiers’ decisions, but
select one of the classifiers from the ensemble and rely on
it solely. We will show in the experiments that this will lead
to inferior results.

In this paper, we propose a new combination function
called Dynamic Classifiers Weighting (DCW). We consider
three components when combining classifiers: (1) Global
Effectiveness, which is the effectiveness of a classifier in an
ensemble when it classifies a set of unseen documents; (2)
Local effectiveness, which is the effectiveness of a classifier
in an ensemble when it classifies the particular domain of
the unseen document; and (3) Decision confidence, which
is the confidence of a classifier in making a decision of the
ensemble for a specific unseen document.

2 Motivations

Let ©(-),®2(-),...,Pn(-) be m different binary classi-
fiers and fi(-), f2(-),..., fin(-) be their corresponding deci-
sion functions. Conceptually, ®;(-) divides the entire do-
main into two parts according to f;(-). Figure 1 illustrates
this idea. The dashed lines are the decision boundaries. If
the unseen document, d, falls into the upper (lower) trian-
gle, it would be labeled as positive (negative). Usually, if d
is further away from the decision boundary, the decision of
d by ®;(d) is more confident.

Every classifier has different effectiveness. For instance,
Support Vectors Machine (SVM) is being regarded as more

accurate (effective) than Naive Bayes (NB) [20]). Although
it does not imply all of the decisions made by SVM must
be superior than NB, it does imply that we should value the
judgment of SVM higher than that of NB in general. In this
paper, we term this kind of effectiveness as global effective-
ness of a classifier, denoted by o; (E.g. Osym > ONB). O
gives us good insight about how to weight the classifiers in
an ensemble. Intuitively, if we construct an ensemble clas-
sifier by grouping ®,(-) and ®,(-) together, where o, > 0,
then we should value ®,(-) higher than @ (-).

Yet, a globally effective classifier may sometimes per-
form poorly on some specific dataset (domain). As an ex-
ample, consider two classifiers, SVM and NB. According to
the benchmark Reuters21578, the micro-F; scores for SVM
and NB are respectively 0.860 and 0.788. Unfortunately,
the F; score for SVM when classifying Retail (Retail C
Reuters21578) is 0.0, but it is 0.667 for NB. As a result,
an effective classifier may not always perform well in all
domains (e.g., SVM performs poorly in Retail). This can
be further illustrated in Figure 1. The two ovals, A and B,
represent two different domains. Oval A covers over the
decision boundary, whereas Oval B resides in the lower tri-
angle. All of the documents within the domain of Oval A
are aligned near the decision boundary. An unseen docu-
ment that belongs to this domain may easily be classified
wrongly. On the other hand, the documents within the do-
main of Oval B are well separated by the decision boundary.
An unseen document that belongs to this domain will most
likely be classified correctly. So, the effectiveness of the
classifier also relies on the domain of the unseen data. We
term this kind of effectiveness as local effectiveness of the
classifier, denoted by ;. B; helps us to adjust the weights of
the classifiers in the ensemble. If the o; of ®; is very high
but it is not effective in classifying the domain of the unseen
document, we should re-consider its effectiveness.

For every decision a classifier makes, one may ask how
confident the classifier is about the decision? Consider the
two unseen documents, document I and document 2, in the
same domain (Oval B) in Figure 1. While both document
1 and document 2 reside near the boarder of their domain,
document 2 locates closer to the decision boundary (the
dashed line) whereas document I locates far away from it.
Since both document 1 and document 2 belong to the same
domain, the local effectiveness of the classifier upon them
are the same. Yet, the confidence in making a correct deci-
sion for document I should be higher than that of document
2, as document 1 is further away from the decision boundary
(d1 > d»). In this paper, we term it as decision confidence.
It is estimated according to the distance between the unseen
document and the decision boundary.

We summarize the needs for the above components as
follows: if we ignore o;, over-fitting may result as we ne-
glect the combined influence of all domains. If we ignore



B;, over-generalization may ensue as it relies on the domain
where the unseen document appears. o; and 3; do not mea-
sure the classifier’s decision confidence, 7; is proposed as
it indicates how much confidence a classifier has when it
classifies the unseen documents.

3 Dynamic Classifiers Weighting (DCW)

In the previous section, we have explained why the three
weight components (o;, B; and 7;) are helpful in construct-
ing an effective combination function, g(-). We now de-
scribe how they are estimated and how they are combined
in an ensemble classifier.

o; is the effectiveness of the classifier when we use it
to classify a set of unseen documents. During the training
phase, although we do not have a set of labeled unseen doc-
uments, we can estimate o; from the training data, D: we
estimate o; by 10-folded cross validation. While our expe-
rience suggested that estimating the effectiveness of a clas-
sifier based on cross validation would always yield an op-
timistic result than evaluating it from the unseen data, this
would not be a problem in our situation, as we are not target-
ing for evaluating the real global effectiveness of the clas-
sifiers, but aiming at obtaining the relative global effective-
ness. We normalize o; suchthat0 < o; < land Y7L o; = 1.

B; is the effectiveness of the classifier when we use it to
classify the domain of the unseen document, d. For an un-
seen document, we would never know what the true domain
of d is. As above, we can only estimate its domain accord-
ing to the training data, D. Let D be a subset of documents
in the training data, i.e., D C D. We can find the domain
of the unseen document, d, by using D, to extract the docu-
ments in D that are similar to d. Accordingly, the extraction
of D is based on a nearest neighbor strategy. We extract
the top n documents that are most similar to d from D. The
value n can be readily obtained through a validation dataset.
The similarities among these n documents are measured by
the cosine coefficient [13]. Since D is a subset of the train-
ing data (D C D), we will know precisely the labels of those
documents that appear in D. We estimate ; by evaluating
D using the F; score. B; is normalized such that 0 < B; < 1
and Y7, B = 1.

v; is a measure about how confident the classifier is when
it makes a decision upon d. From Eq. (1), the classifica-
tion decision of the classifier, ®;(-), is based on the decision
function, f;(-). For most cases, if not all, the higher the mag-
nitude of f;(-), the more confident are their decisions. Con-
sequently, we can compute ¥; by using the decision function,
fi(+). Unfortunately, the range of f;(-) varies among differ-
ent algorithms. For example, ®;(-) may have f;(-) in the
range of [—1,1], whereas ®;(-) may have another f;(-) in
the range of (—oo,+o0). Since different decision functions
have different ranges, a direct comparison among them is

inappropriate. We solve the problem as follows: Let D be
the domain of the unseen document. D is obtained by the
technique described previously. We compute 7y; as follows:
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where y; is the average confidence of the decisions made
by f;(-) among the documents in D. Since D C D, we can
presume that y; is non-zero. When v; > 1, fi(d), has more
than average confidence to make a correct classification on
d, where d will be far away from the decision boundary
(e.g., document I in Figure 1). When v; < 1, the decision
function, f;(d), has less than average confidence to make
a correct classification on d, where d will be closer to the
decision boundary (e.g., document 2 in Figure 1). We nor-
malize y; such that 0 <y; < land Y7* i = 1.

We now present how o;, B; and y; are combined. Assume
that there are m classifiers in the ensemble. In the most
simplest form, the combination function, g(-) is:

g() = idecisioni, 5)

where decision; = ®;(d) € {1,-1} (Eq.(eq:c)). Here, all
classifiers in the ensemble are equally weighted (i.e. MV).
In DCW, since a confidence (y;) is associated with each
decision;, therefore:

g() = Zdecisioni X Vi (6)

Yet, even for a confident decision, we need to review
whether the classifier, which makes this decision, is effec-
tive in the ensemble. Consequently:

m
g() = Zdecisioni X v; X effectiveness;. @)

1

Since there are two kinds of effectiveness for each of the
classifier (o; and PB;), we have:

m

8() =Y (@ild) x 0 pixy). ®)

4 Experimental Study

The purpose of the experiments is twofold. (1) We want
to examine how effective the Dynamic Classifiers Weight-
ing (DCW) is, when it is compared with the other kinds
of heterogeneous ensemble classifiers. As such, we imple-
mented four existing ensemble classifiers for comparison:



No. | Combination Reuters21578 Newsgroup20

MV [ WLC | DCS [ ACC | DCW MV [ WLC | DCS [ ACC | DCW
1 S+N - 0.874 | 0.859 | 0.852 | 0.876 - 0.817 | 0.761 | 0.794 | 0.817
2 S+R - 0.883 | 0.862 | 0.874 | 0.885 - 0.800 | 0.762 | 0.793 | 0.800
3 S+K - 0.862 | 0.862 | 0.843 | 0.863 - 0.813 | 0.763 | 0.780 | 0.815
4 R+N - 0.833 | 0.831 | 0.821 | 0.834 - 0.762 | 0.738 | 0.759 | 0.765
5 K+N - 0.824 | 0.827 | 0.820 | 0.829 - 0.780 | 0.746 | 0.769 | 0.780
6 K+R - 0.825 | 0.832 | 0.821 | 0.831 - 0.762 | 0.764 | 0.760 | 0.765
7 S+K+R 0.872 | 0.879 | 0.862 | 0.876 | 0.882 0.776 | 0.815 | 0.763 | 0.812 | 0.816
8 S+K+N 0.855 | 0.874 | 0.859 | 0.865 | 0.873 0.783 | 0.819 | 0.762 | 0.809 | 0.821
9 S+R+N 0.852 | 0.872 | 0.861 | 0.856 | 0.874 0.777 | 0.815 | 0.761 | 0.801 | 0.815
10 K+R+N 0.857 | 0.825 | 0.837 | 0.823 | 0.830 0.775 | 0.782 | 0.750 | 0.775 | 0.784
11 S+K+R+N - 0.851 | 0.861 | 0.859 | 0.853 - 0.720 | 0.762 | 0.761 | 0.763

Table 1. The results of the micro-F; for different ensemble classifiers.

Majority voting (MV) [8, 9], Weighted linear combination
(WLC) [7], Dynamic classifiers selection (DCS) [3, 8, 6, 5],
and Adaptive classifiers combination (ACC) [8, 9]. We re-
port the results in Section4.1. (2) We want to understand
how significant the results are whenever one of the ensem-
ble classifiers outperforms the others. As such, we per-
formed a pairwise significant test in Section4.2.

In the experiments, two benchmarks are used:
Reuters21578 and Newsgroup20.  For Reuters21578,
we separate the dataset into training data and testing data
using the ModApte split [2]. For Newsgroup20, for each of
the categories, we randomly select 80% of the postings as
training data, and the remaining as testing data.

For the data preprocessing, punctuation, numbers, web
page addresses, and email addresses are removed. All fea-
tures are stemmed and converted to lower cases, and are
weighted using the standard tf- idf schema [14]. Features
that appear in only one document are ignored. All features
are ranked based on the NGL Coefficient[12], and the top X
features are selected. This X is tuned for different classifiers
and for different benchmarks.

For creating the ensemble classifiers, different combi-
nations of four kinds of classifiers are used: (1) Support
Vectors Machine (SVM); (2) k-Nearest Neighbor (kKNN);
(3) Rocchio (ROC); (4) Naive Bayes (NB). Their default
settings are as follows: For SVM, we use linear kernel
with C = 1.0. No feature selection is required [4]. For
kNN, we set k = 50 and select 2,750 and 4,900 features for
Reuters21578 and Newsgroup20. For ROC, we implement
the version in [11] and selects 2,750 and 7,500 features for
Reuters21578 and Newsgroup20. For NB, we implement
the multinomial version [10] and selects 2,750 and 9,500
features for Reuters21578 and Newsgroup20.

4.1 Effectiveness Analysis

Table 1 shows the results of the micro-F; score for all en-
semble classifiers MV, WLC, DCS, ACC and DCW) when
they are created using different combinations of the binary

classifiers for both benchmarks. The left most column de-
notes which of the binary classifiers are used for creating
the corresponding ensemble classifier. We use S, K, R and
N to denote SVM, kNN, Rocchio and Naive Bayes, respec-
tively. For example, S+K+R represents an ensemble classi-
fier which is comprised of SVM, kNN and Rocchio. Note
that MV cannot be created if the number of binary clas-
sifiers in the ensemble is an even number, hence the “-”
entries in Table 1.

At the first glance, the results are promising. DCW, the
proposed approach, dominates over all other approaches
when they are being created using the same set of binary
classifiers. Similar results are obtained when we use the
macro-F; score. The only case where DCW performs in-
ferior is case 6 when DCW is created by kNN and Roc-
chio (K+R), meanwhile it is evaluated using Reuters21578.
Its micro-Fj is 0.831, which is 0.001 lower than DCS (Dy-
namic Classifiers Weighting). Nevertheless, such a differ-
ence can be negligibled.

Concerning DCW, the best combination of binary clas-
sifiers in the ensemble is SVM and Rocchio (case 2) for
Reuters21578. The micro-F; score is 0.885. It is also the
best results obtained among all of the ensemble classifiers
that we have evaluated. For Newsgroup20 the best result is
obtained by comprising SVM, kNN and Rocchio together
(case 8). The micro-F; score is 0.821. It is also the best
result obtained among all approaches.

For MV, its philosophy is to take the majority agreement
among the binary classifiers in the ensemble. Hence, the
number of binary classifiers must be an odd number. So we
can only create MV using three different binary classifiers.
Interestingly, all combinations perform similarly.

Concerning WLC, the best combination for
Reuters21578 (case 2), its micro-F; score is 0.883,
which is higher than all ensemble classifiers (except DCW).
For Newsgroup20, similar observations are made, where
its best combination is case 8. Although the idea of WLC
is very simple — assigns static weights to the classifiers in
the ensemble according to their global effectiveness and



combines them linearly — it performs surprisingly well.
Another interesting finding is that when SVM is included in
the ensemble, the effectiveness of WLC would be increased
dramatically. This suggests that the choice of the classifiers
in WLC is particularly important.

Concerning DCS, its best micro-F; score for
Reuters21578 (case 2) is 0.862 only. It is far lag be-
hind all the other approaches. For Newsgroup20, none of
the F; score is higher than 0.77. We believe that the reasons
of why DCS performs poorly are because: (1) It does not
combine the classifiers’ decisions. Rather, it selects one of
the classifier in the ensemble and relies on it completely.
(2) It neither pays attention to the global effectiveness of
the classifiers nor the decision confidence.

ACC performs slightly better than DCS. This may be be-
cause the decision strategy for ACC is more sophisticated
that DCS. The best ensembles for Reuters21578 and News-
group20 are both case 7. However, these results are all in-
ferior than both WLC and our DCW.

4.2 Significant Test

In this section, we conduct a pairwise comparison among
them using the significant test [20]. Given two classifiers,
®,(-) and Pp(-), the significant test determines whether
@, (-) performs better than ®p(-) based on the errors that
®,(-) and ®p(-) made. Let N be the total number of the
unseen documents, and a; = {0,1} (b; = {0,1}) indicate
whether @4 (-) (Pp(-)) makes a correct classification upon
the /" unseen document. a; = 0 means ®,4(-) makes an in-
correct classification whereas a; = 1 means @4 (-) makes a
correct one. Similar definition is also applied to b;. Let
d, be the number of times that ®4(-) performs better than
®p(-), and dp, be the number of times that ®p(-) performs
better than @4 (-). In this test, the null hypothesis is that both
classifiers perform the same (Hy : d, = dp). The alternative
is that @4 () and Pp(-) performs differently (H; : d, # dp).

Table 2 shows the results of comparing the performance
of DCW with the other ensemble classifiers. A > B means
A performs significantly better than B (P-Value < 0.01).
A > B means A performs slightly better than B. A ~ B means
no evidence indicates A and B has any differences in terms
of the errors they made. A summary is given below:

Reuters21578: {DCW, WLC} > {MV, ACC} > DCS
Newsgroup20: DCW > WLC > ACC > MV > DCS

5 Conclusions

In order to formulate an effective combination function
for heterogeneous ensemble classifier, three weight compo-
nents are necessary: Global Effectiveness, Local Effective-
ness, and Decision Confidence. We compare DCW with

[ A | B | Reuters21578 | Newsgroup20 |

MV [ WLC < <

MV | DCS > >

MV | ACC ~ <

MV _| DCW < <

WLC [ DCS > >

WLC | ACC > >

WLC | DCW ~ <

DCS | ACC < <

DCS | DCW < <
[ ACC [ DCW ]| < | < |

Table 2. Results of the significant test.

four other kinds of heterogeneous ensemble classifiers us-
ing two benchmarks. The results indicated that DCW can
effectively balance the contributions of the three compo-
nents and outperforms the existing approaches.
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