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Abstract—With the boom of web and social networking, the
amount of generated text data has increased enormously. Much
of this data can be considered and modeled as a stream and the
volume of such data necessitates the application of automated text
classification strategies. Although streaming data classification is
not new, considering text data streams for classification purposes
has been extensively researched only recently. Before applying
any classification method in text data streams, it is imperative
that we apply them for existing well-known non-stream text
data sets and evaluate their performance. One of the many
characteristics of text data that has been pursued for research
is its multi-labelity. A single text document may cover multiple
class-labels at the same time and hence gives rise to the concept
of multi-labelity. From classification perspective, an immediate
drawback of such a characteristic is that traditional binary or
multi-class classification techniques perform poorly on multi-
label text data. In this paper, we extend our previously formulated
SISC (Semi-supervised Impurity based Subspace Clustering) [1]
approach and its multi-label variation SISC-ML [2]. We call
this new algorithm H-SISC (Hierarchical SISC). H-SISC captures
the underlying correlation that exists between each pair of class
labels in a multi-label environment. Developing a robust multi-
label classifier will allow us to apply such a model in classifying
streaming text data more effectively. We have experimented with
well known text data sets and empirical evaluation on these real
world multi-label NASA ASRS (Aviation Safety Reporting System),
Reuters and 20 Newsgroups data sets reveals that our proposed
approach outperforms other state-of-the-art text classification as
well as subspace clustering algorithms.

I. INTRODUCTION

The volume of text data, collected from different areas of
research as well as over the Internet, has grown to be quite
large over the years and it is getting increasingly difficult, if
not impossible, to analyze these reports using human means.
As has been pointed out in text research over a long period
of time, classification is an important part of such text data
analysis and now, with the increase of its volume, it has
become necessary that the analysis is done through automated
means.

In order to find a classification technique that is well suited
for text data, we first need to find out how such data is different
from its non-text counterpart. The first difference that we
consider is its increasing tendency to associate with multiple
classes. Text data sets can be binary, multi-class or multi-label
in nature. For the first two categories, only a single class label
can be associated with a document. However, in case of multi-
label data, more than one class labels can be associated with

a document at the same time.
However, even if a data set is multi-label, not all combina-

tions of class-labels appear in a data set. Also, the probability
with which a particular class label combination occurs is also
different. It indicates that there is a correlation among the
different class-labels and it varies across each pair of class
labels. One of the challenges that we address in this paper is
how we can incorporate this class label co-occurrence statistic
in the classification process.

Other challenges that we need to address are mostly associ-
ated with text data. First of all, all documents in text data sets
are written in plain language. Based on the source of these data
sets, quite a few technical terms and jargons may be present
in each document. Also, text data usually have very high and
sparse dimensionality. Availability of labeled data is another
important consideration during text classification. Manual la-
beling of data is a time consuming task and as a result, in many
cases, they are available in limited quantity. And, in face of
all these challenges, traditional as well as state-of-the-art text
classification approaches perform poorly on multi-label data
sets as we have found through our experiments. We, therefore,
looked through all these challenges and came up with a text
classification approach that handles all of them while, at the
same time, utilizes the class label co-occurrence statistic to
provide better performance.

If we look into the literature for multi-label classification,
we can see that most traditional approaches try to transform the
multi-label problem to multi-class or binary class problem. For
example, if there are T class labels in the multi-label problem,
one binary SVM (i.e., one vs. rest SVM) classifier can be
trained for each of the class labels and the classification results
of these classifiers can be merged to get the final prediction.
But, this does not provide a correct interpretation of the data.
Because, if a data point belongs to more that one class, then
during binary SVM training, it may belong to both the positive
and negative classes at the same time.

Among the different machine learning techniques, we found
that clustering can interpret the multi-labelity of data in a more
meaningful way. In fact, we found that the notion of subspace
clustering matches that of text data i.e., having high and sparse
dimensionality and multi-labelity. Subspace clustering allows
us to find clusters in a weighted hyperspace [3] and can aid
us in finding documents that form clusters in only a subset of
dimensions. In our previous work [2], we proposed a multi-
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label text classification technique called SISC-ML that is based
on subspace clustering. In this paper, we extend SISC-ML
further to design H-SISC that shows better performance by
considering the class label co-occurrence statistic.

The contribution of this paper is three fold. First, we pro-
pose H-SISC which is a semi-supervised subspace clustering
algorithms that performs well in practice even when a very
limited amount of labeled training data is available. Secondly,
we show how the co-occurrence statistic between different
classes can be incorporated within the the subspace clustering
approach through the use of Impurity Measure. Finally, we
compare H-SISC with SISC-ML and other classification and
clustering approaches to show the effectiveness of our algo-
rithms over ASRS and other benchmark multi-label text data
sets. We also analyze the difference between SISC-ML and
H-SISC and the underlying reason behind their performance
difference.

The organization of the paper is as follows: Section II
discusses related works. Section III discusses the motivation of
using class label pairs in reducing cluster impurity. Section IV,
then presents the theoretical background of SISC, the semi-
supervised multi-class text classification approach. Section V
provides our modification of the SISC and SISC-ML approach
to handle multi labeled data. Then, Section VI discusses the
data sets, experimental setup and evaluation of our approach.
Finally, Section VII concludes with directions to future re-
search.

II. RELATED WORK

We can divide our related work based on the characteristic
of our proposed algorithm. H-SISC is a semi-supervised ap-
proach, it uses subspace clustering, and most important of all,
it is designed for multi-labeled data. Therefore, we have to
look into the state-of-the-art methods that are already in the
literature for each of these categories of research.

Multi-label classification studies the problem in which a
data instance can have multiple labels. Approaches that have
been proposed to address multi-label text classification, in-
clude margin-based methods, parametric mixture models [4],
κ-nearest neighbors (κ-NN) [5], MetaLabeler [6] and Ensem-
ble of Pruned Set method [7]. One of the most recent works
include RAndom k-labELsets (RAKEL) [8] which constructs an
ensemble of LP (Label Powerset) classifiers and each LP is
trained using a different small random subset of the multi-label
set. MetaLabeler is another approach which tries to predict the
number of labels using SVM as the underlying classifier. Most
of these methods utilize the relationship between multiple
labels for collective inference. One characteristic of these
models is that they are mostly supervised [6]–[8].

Semi-supervised methods for classification is also present
in the literature. This approach stems from the possibility of
having both labeled and unlabeled data in the data set and in
an effort to use both of them in training. In [9], Bilenko et al.
propose a semi-supervised clustering algorithm derived from
K-Means, MPCK-MEANS, that incorporates both metric learn-
ing and the use of pairwise constraints in a principled manner.
There have also been attempts to find a low-dimensional
subspace shared among multiple labels [10]. In [11], Yu et al.

introduce a supervised Latent Semantic Indexing (LSI) method
called Multi-label informed Latent Semantic Indexing (MLSI).
MLSI maps the input features into a new feature space that
retains the information of original inputs and at the same time
captures the dependency of output dimensions. Our method
is different from this algorithm as our approach tries to find
clusters in the weighted subspace. Due to the high dimen-
sionality of feature space in text documents, considering a
subset of weighted features for a class is more meaningful than
combining the features to map them to lower dimensions [10].
In [12] a method called LPI (Locality Preserving Indexing) is
proposed which is different from LSI that aims to discover
the global Euclidean structure whereas LPI aims to discover
the local geometrical structure. But LPI can only handle multi-
class data, not multi-label data. In [13] must-links and cannot-
links, based on the labeled data, are incorporated in clustering.
But, if the data is multi-label, then the calculation of must-link
and cannot-link becomes infeasible as there are large number
of class combinations and the number of documents in each
of these combinations may be very low.

In case of subspace clustering, features are not regarded as
equally important as is usually done in legacy clustering tech-
niques like K-Means. Based on how this importance of features
is handled, subspace clustering can be divided into hard and
soft subspace clustering. In case of hard subspace clustering,
an exact subset of dimensions are discovered whereas soft
subspace clustering assigns weights to all dimensions accord-
ing to their contribution in discovering corresponding clusters.
A hierarchical subspace clustering approach with automatic
relevant dimension selection, called HARP, was presented by
Yip et al. [14]. HARP is based on the assumption that two
objects are likely to belong to the same cluster if they are very
similar to each other along many dimensions. But, in multi-
label and high dimensional text environment, the accuracy of
HARP may drop as absence of too many features in documents
may be regarded as similarity in the high dimensional feature
space. In [15], a subspace clustering method called nCluster
is proposed. But, it has similar problems when dealing with
multi-label data.

SISC [1], SISC-ML [2] and and our newly proposed H-
SISC, all three of these methods use subspace clustering in
conjunction with κ-NN approach. In this light, all of them are
closely related to the work of Jing et al. [10] and Frigui et
al. [3]. The closeness is due the subspace clustering and fuzzy
framework respectively. However, they do not consider the
Impurity present in the clusters. Another significant difference
with Frigui et al. [3] is that it is unsupervised in nature.
Hence, it disregards the labeling information present in the
data. Another work that is closely related to ours is the work
of Masud et al. [16]. In [16], a semi-supervised clustering
approach called SmSCluster is used. They have used simple
K-Means Clustering and it is specifically designed to handle
evolving multi-class data streams, not multi-label data. In
short, H-SISC addresses all the challenges associated with text
classification simultaneously as well as it considers the class
label co-occurrence statistic that exists among the class labels.
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Fig. 1. Cluster Impurity Example

Fig. 2. ASRS Class Label Hierarchy

III. MOTIVATION

In our previously formulated SISC-ML [2] approach as well
as in H-SISC, the classification model that we propose in
this paper, we perform subspace clustering. Within a cluster
there may be data points that belong to different class labels.
However, the ideal scenario would be a set of clusters, each
of which contains data points belonging to a particular class
label. Therefore, for a particular cluster cl and class label tk,
data points that belong to class labels other than tk should be
removed from the cluster. Presence of such data points make
the cluster impure. During our clustering process, we try to
minimize such impurity present in the clusters. The example
in 1(a) will make this concept more clear. There are 4 data
points two of which are associated with class label t1. So, the
data points x3 and x4 are impurities with respect to class label
t1 for this cluster.

In case of binary and multi-class data, the calculation of
impurity is easier as each data point may belong to only a
single class label. However, it becomes complicated when we
consider multi-label data. Since different class label combi-
nations can occur, the calculation of impurity is no longer
straight forward for multi-label data. In SISC-ML, we try to
capture the cluster impurity by considering the class labels as
independent. However, if we look at Figure 1(b) and (c), we

can see that it is not correct to calculate impurity based on such
independence assumption as class labels can occur together. In
these two example clusters, individual class label counts are
same. However, in Figure 1(c), if we remove data points x3

and x4, the impurity of the cluster is reduced. Therefore, just
considering single class labels during the cluster impurity cal-
culation underestimates the actual impurity within the cluster.
Impurities of this kind cannot be captured if the class labels are
considered independent. So, in addition to the original single
class labels, H-SISC considers the class label pairs as unique
class labels. An intuitive approach would be to consider all
unique class label combinations that appear in the data set
as unique labels and transform the data set into multi-class
data set. Then we can calculated the cluster impurity as has
been done in our SISC multi-class formulation [1]. However,
there are two drawbacks to such an approach. First, impurity
calculation can only be done using labeled points and number
of such data points may be small. Second, the number of
unique classes in this case may be too large. Due to these two
reasons, the number of data points for each of these unique
class labels (i.e., class label combinations) may become too
small. It will also cause the clustering to be over fitted to
the data. Considering only the class label pairs will limit the
number of unique new class labels to be generated and reduce
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the possibility of over fitting of the data.

In case of multi-label data, the probability with which the
class labels pair up with each other vary across different
classes. There may also be class labels that cannot associate
with the same data point at the same time. This concept will
become clear if we consider the ASRS data set. We have
taken a subset of the class labels that we consider for our
ASRS data set, and show the hierarchical structure present
among them in Figure 2. For the ASRS data set, we consider
a total of 21 classes. 12 of those class labels are shown in
the figure. We can see from the figure that there are class
label combinations that can never occur together. For instance,
Aircraft equipment problem : Critical and Aircraft equipment
problem : Less severe can never occur together which is
apparent from their names. However, an Aircraft equipment
problem : Critical and Conflict : Airborne less severe classes
can co-occur. Considering the probability of such varying co-
occurrence will can, to some extent, allow us to generate
clusters where such class label pairs do not occur arbitrarily.

In addition to single class labels, considering the class label
pairs as unique labels increases the total number of classes
considered during the impurity calculation. We have sorted
the data point count of these class label pairs, sorted them
in ascending order and showed them in Figure 3. The y-axis
indicates, how many data points had a particular class label
pair present in their associated class label set (i.e., the number
of data point associated with a class label pair) as percentage
of the total data set. The x-axis indicates the class label pairs.
In case of ASRS data set, the number of class label pairs that
are individually associated with less than 10% of the data set is
137. In case of Reuters data set, this number of class label pairs
is 171 and for 20 Newsgroups data set, it is only 14. Also there
are class label pairs that never occur. Therefore, minimizing
the number of cases where such class label pairs occur with
significant weights in the same cluster will generate better
clusters with less purity and aid in our classification process.
It should be noted that such class label pairs are considered as
new class labels only during the cluster impurity calculation.
In all other parts of our algorithm, we use the single class
labels.

In case of the ASRS data set, the hierarchical structure is
generated using the names of the class labels. However, such
a structure may not be apparent in other data sets. Considering
the probabilities of the class label pairs as unique labels during
the impurity calculation allow us to somewhat capture the
dependency among individual class labels. Apart from ASRS,
other data sets may have such a structure, which may not
be apparent from the class names but can only be found
by considering the co-occurrence statistic. This is also the
primary reason for calling our algorithm as Hierarchical SISC
(H-SISC), as it tries to capture the underlying hierarchical
structure of class labels from the data.

Up till now we have illustrated the concept of cluster
impurity from traditional clustering perspective, i.e., each
data point belongs to only a particular cluster. In case of
subspace clustering, however, each data point is member of
all the clusters. The membership of a data point for each of
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TABLE I
SISC NOTATIONS

Notation Range Explanation

xi i = 1 : n i-th data point in the n document
data set.

dj j = 1 : m j-th binary feature of m unigram
features for data point xi

t t = 1 : T t-th class of T classes in the data set.

cl l = 1 : k l-th cluster of k subspace clusters.

wl l = 1 : k Membership weight of data point xi

of l-th subspace cluster.
Lcl - Total number of labeled points

in cluster cl

the clusters is expressed through a weight. We used these
weights during our cluster impurity calculation instead of
simple unweighted counts. If two class labels do not occur
together or occurs very few times, we would want them to
have different weights within the same cluster. If one class
label has high weight within a cluster, the class labels that
conflict with it should have lower weights in that cluster. In
the next section, we shall briefly provide the formalization of
the Impurity Measure as well the objective function that is
minimized during the subspace clustering.

IV. SUBSPACE CLUSTERING WITH CLUSTER IMPURITY

Before we describe H-SISC, we need a proper understanding
of the SISC [1] and SISC-ML [2] algorithms. We shall start
with introducing some notation that we will be using to
formally describe the concept of SISC in the following table.

A data point xi can belong to one or more of these class
labels and xi is member of all the k subspace clusters. Apart
from these notations, the following two measures are also used
in SISC.

A. Chi Square Statistic

Since SISC uses fuzzy cluster membership, a point can be
member of multiple clusters. So, SISC modifies the calcu-
lation of Chi Square Statistic to consider the corresponding
membership values of each point. As a result, for SISC, the
conventional Chi Square Statistic becomes,

χ2
li =

m(ad − bc)2

(a + c)(b + d)(a + b)(c + d)
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where

a =
n∑

j=1

∑
di∈xj

wlj , b = 1 −
n∑

j=1

∑
di∈xj

wlj

c =

n∑
j=1

∑
di /∈xj

wlj , d = 1 −
n∑

j=1

∑
di /∈xj

wlj

m = total number of labeled points

This Chi Square Statistic χ2
li indicates the measure for

cluster cl and dimension di.

B. Impurity Measure

Each cluster cl, l = 1 : k, has an Impurity Measure
associated with it. As the name of this measure suggests, this
measure quantifies the amount of impurity within each cluster
cl. If the labeled data points belonging to cl all have the same
class label, then the Impurity Measure of this cluster Impl is
0. On the other hand, if more and more data points belonging
to different class labels become part of cluster cl, the Impurity
Measure of this cluster Impl also increases. Formally, Impl

is defined as

Impl = ADCl ∗ Entl

Here, ADCl indicates the Aggregated Dissimilarity Count
and Entl denotes the entropy of cluster cl. In order to measure
ADCl, we first need to define Dissimilarity Count [16],
DCl(xi, yi):

DCl(xi, yi) = |Lcl | − |Lcl(t)|

if xi is labeled and its label yi = t, otherwise DCl(xi, yi)
is 0. As mentioned previously, Lcl

indicates the set of labeled
points in cluster cl. In short, it counts the number of labeled
points in cluster cl that do not have label t. We can then get
ADCl by summing up the DCl(xi, yi) for all xi ∈ Lcl

and
for all the class labels in T . It can also be shown that ADCl

is proportional to the gini index of cluster cl, Ginil [16].
The Entropy of a cluster cl, Entl is computed as

Entl =

T∑
t=1

(−pl
t ∗ log(pl

t))

where pl
t is the prior probability of class t, i.e., pl

t = |Lcl
(t)|

|Lcl
| .

But, in SISC method, the data points have fuzzy cluster
memberships. So, the ADCl calculation needs is modified as
follows to consider the cluster membership weights.

pl
t =

n∑
j=1

wlj ∗ jt

where, jt is 1 if data point xj is a member of class t,
and 0 otherwise. This Impurity Measure is normalized using
the global impurity measure (i.e., the impurity measure of the
whole data set) before it is used in the subspace clustering
formulation.

C. Top Level Description of SISC

SISC utilizes the Expectation-Maximization(E-M) approach
that locally minimizes an objective function. Fuzzy clustering
is used, allowing each data point to belong to multiple clus-
ters. The weight of a dimension in a cluster represents the
probability of contribution of that dimension in forming that
cluster. In the E-Step, the dimension weights and the cluster
membership values are updated. In the M-Step, the centroids
of the clusters are updated and the summary statistics, i.e.
the representation (percentage) of each class label present in
the cluster, is updated for use in the next step. During the
summary calculation, the membership weights are summed up
rather than using a threshold value to decide the membership
of a point in a cluster. Finally in the κ-NN Step, the κ nearest
neighbor clusters are identified for each test point where κ is
a user defined parameter. The distance is calculated in the
subspace where the cluster resides. If κ is greater than 1,
then during the class probability calculation, we multiply the
class representation with the inverse of the subspace distance
and then sum them up for each class across all the κ nearest
clusters.

D. Objective Function

The objective function of SISC includes the Chi Square
Statistic. This component has been included in the objec-
tive function so that more dimensions can participate in the
clustering process and clusters are not formed in just a few
dimensions. Impurity [16] has also been used to modify the
dispersion measure for each cluster. This component helps
in generating purer clusters in terms of cluster labels. But
Impl can be calculated using only labeled data points. If
there is very few labeled data points, then this measure
do not contribute significantly during the clustering process.
Therefore, we use 1+ Impl, so that unlabeled data points can
play a role in the clustering process. The objective function of
SISC method, is written as follows:

F (W, Z, Λ) =

k∑
l=1

n∑
j=1

m∑
i=1

wf
ljλq

liDlij ∗ (1 + Impl)+

γ

k∑
l=1

m∑
i=1

λq
liχ

2
li (1)

where
Dlij = (zli − xji)

2

subject to

k∑
l=1

wlj = 1, 1 ≤ j ≤ n, 1 ≤ l ≤ k, 0 ≤ wlj ≤ 1

m∑
i=1

λli = 1, 1 ≤ i ≤ m, 1 ≤ l ≤ k, 0 ≤ λli ≤ 1

In this objective function, W , Z and Λ represent the cluster
membership, cluster centroid and dimension weight matrices
respectively. Also, the parameter f controls the fuzziness of
the membership of each data point, q further modifies the
weight of each dimension (λli) of each cluster cl and finally,
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γ controls the strength of the incentive given to the Chi
Square component and dimension weights. Minimization of
F in Eqn. 1 with the constraints, forms a class of constrained
nonlinear optimization problems. This optimization problem
can be solved using partial optimization for Λ, Z and W.
Detailed derivation can be found in [1] and [2].

V. CORRELATION BASED SUBSPACE CLUSTERING FOR

MULTI LABELED DATA

As we mentioned previously, H-SISC is an extension of our
previously formulated SISC-ML approach. SISC-ML modifies
the Impurity Measure calculation within the SISC formulation
in order to cope with the multi-label scenario. H-SISC, on the
other hand, generates probabilities of each of class labels that
occur in the data set and uses these pairs as class labels for
the Impurity Measure calculation.

A. SISC-ML

If the data is multi-labeled, then the Impurity Measure
calculation provided for SISC does not hold true. This happens
as the classes may overlap. The sum of probabilities may
become greater than 1. The impurity calculation is, therefore,
modified in the generalized case (i.e., not fuzzy) as follows:

First of all, the Entropy of a cluster cl is computed as :

Entl =

C∑
c=1

(−pl
c ∗ log(pl

c) − (1 − pl
c) ∗ log(1 − pl

c))

where pl
c is the prior probability of class c, i.e., pl

c = |Lcl
(t)|

|Lcl
| .

Lcl
(t) indicates all the labeled points in cluster cl that belong

to class t and Lcl
(t′) all the data points of cluster cl that are

not associated with class t. Then, ADCl is modified [2] and
it can be shown that ADCl is proportional to the multi label
gini index of cluster cl:

ADCl =
∑

xi∈Lcl

(
DCl(xi, yi) + DC′

l(xi, yi)
)

(2)

=

T∑
t=1

((|Lcl (t)|)(|Lcl | − |Lcl (t)|) + (|Lcl (t
′)|)(|Lcl | − |Lcl (t

′)|))

= (|Lcl |)2
T∑

t=1

((pl
t)(1 − pl

t) + (p′lt )(1 − p′lt ))

= (|Lcl |)2
T∑

t=1

((pl
t)(1 − pl

t) + (1 − pl
t)(p

l
t))

= (|Lcl |)2
T∑

t=1

(pl
t − (pl

t)
2 + pl

t − (pl
t)

2)

= (|Lcl |)2
T∑

t=1

(1 − (pl
t)

2 − (1 − pl
t)

2))

= (|Lcl |)2(T −
T∑

t=1

(pl
t)

2 −
T∑

t=1

(1 − pl
t)

2) (3)

= (|Lcl |)2 ∗ Ginil

where, t′ consists of all classes except t and Ginil is the gini
index for multi-labeled data. If we refer to Figure 1(c), in case
of SISC-ML, the value of T is 6 as there are 6 single class
labels present in the cluster, and Lcl

has a value of 4. Of the 6
classes, 2 have probability values of 1 and the rest have values

1
4 . Following Eqn. 3, the calculation can be briefly shown as

ADCl = 42 ×
(

6 −
(

2 + 4 ×
(

1

4

)2
)

−
(

4 ×
(

3

4

)2
))

The ADCl of this cluster then becomes 24. However, in
case of H-SISC, the values of T is 17 as there are additional
11 class label pairs that are considered as unique labels. 2
single class labels and 1 class label pair have probabilities of
1 and the rest have probabilities of 1

4 . The ADCl for the same
cluster is then calculated as 84. The brief expression in this
case is

ADCl = 42 ×
(

17 −
(

3 + 14 ×
(

1

4

)2
)

−
(

14 ×
(

3

4

)2
))

We can then normalize this ADCl and use in our calcula-
tion of Impurity Measure. It is apparent that, all the update
equations remain the same, only the calculation of Impurity
differs. We apply the previous formulation of fuzzy probability
calculation in Eqn. IV-B in this case too, in order to obtain
the Multi-label Impurity Measure in our model.

B. H-SISC

H-SISC uses the same multi-label formulation that SISC-ML
uses. But instead of using the original class labels in the data
set, H-SISC generates class label pairs and considers each of
those class label pairs as unique classes. The reason of using
the multi-label formulation of SISC, rather than the multi-
class formulation lies in the calculation of the probabilities
of the class label pairs. If there are data points that are
associated with more than 2 class labels, they are counted
more than once during the probability calculation of the class
label pairs. Using the multi-label formulation of SISC allows
the cluster entropy to be calculated correctly. The entropy is
then used to calculate the Impurity Measure. When we use
this Impurity Measure, the correlation among the class labels
is automatically captured during the subspace clustering. This
allows H-SISC to provide good results as shown in Section VI.

VI. EXPERIMENTS AND RESULTS

Three multi-label data sets have been used to verify the
effectiveness of our algorithm. In all cases, we used fifty
percent data as training and rest as test data in our experiments
as part of 2-fold cross-validation. Preprocessing of the data and
stop words removal from the data was performed similar to
other text classification approaches. We used binary features
as dimensions for these experiments. The parameter γ is set
to 0.5. For convenience, we selected 1000 features based on
information gain and used them in our experiments. In all the
experiments related to a particular data set, the same feature
set was used. We performed multiple runs on our data sets.
In each case, the training set was chosen randomly from the
data set.

A. Data sets

We describe here all the three data sets that we have used
for our experiments.
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1) NASA ASRS Data Set: We randomly selected 10, 000
data points from the ASRS data set and henceforth, this
part of the data set will be referred to as simply ASRS
Data Set. We considered 21 class labels (i.e. anomalies)
in our experiments. This is a multi-label data set and it
allows us to determine the performance of our proposed
multi-label methods.

2) Reuters Data Set: This is part of the Reuters-21578,
Distribution 1.0. We selected 10, 000 data points from
the 21, 578 data points of this data set. We considered the
most frequently occurring 20 classes in our experiments.
Of the 10, 000 data points, 6, 651 are multi-labeled.
This data set, therefore, allows us to determine the
performance of our proposed multi-label approach.

3) 20 Newsgroups Data Set: This data set is also multi-label
in nature. We selected 15, 000 documents randomly for
our classification experiments. Of them 2, 822 are multi-
label documents and the rest are single labeled. We have
performed our classification on the top 20 classes of this
data set.

B. Base Line Approaches

We have chosen 3 sets of baseline approaches. First, since
we are using κ-nearest neighbor (κ-NN) approach along with
clustering approach, we compare our methods with the basic
κ-NN approach. Second, we compare two subspace clustering
approaches followed by two state-of-the-art multi-label text
classification approaches.

1) Basic κ-NN Approach: In this approach, we find the
nearest κ neighbors in the training set for each test point. After
finding the neighbors, we find how many of these neighbors
belong to the t-th class. We then get the probability of the test
point belonging to each of the classes by dividing the counts
with κ and use these probabilities to generate the ROC curves.

2) Subspace Clustering Approaches: The two subspace
clustering approaches that we have used as baseline methods
are SCAD2 [3] and K-means Entropy [10]. Both of them
use different objective functions for soft subspace clustering.
The difference between these two approaches is that SCAD2
is fuzzy in nature whereas, in K-means Entropy, a data
point can belong to only a single cluster. Also, K-means
Entropy considers dimension entropy unlike SCAD2. For both
approaches, after performing the clustering using the same E-
M formulation of SISC, we use κ nearest clusters of each test
point to calculate the class label probabilities to generate the
ROC curves.

3) Multi-label Classification Approaches: Two multi-label
classification approaches were compared. They are Pruned
Set [7] and MetaLabeler [6] approaches. MetaLabeler learns
a function from the data to the number of labels [6]. It
involves two steps - i) constructing the meta data set and ii)
learning a meta-model. The labels of the meta data for this
method is the number of labels for each instance in the raw
data. As specified in [6], we consider the meta learning as
a multi-class classification problem and use it in conjunction
with One-vs-Rest SVM for each of the class labels. We then
normalize the scores of the predicted labels and consider them
as probabilities for generating ROC curves.

TABLE II
AREA UNDER THE ROC CURVE COMPARISON CHART FOR MULTI-LABEL

CLASSIFICATION

Methods ASRS Reuters 20 Newsgroups

H-SISC 0.642 0.829 0.873

SISC-ML 0.666 0.815 0.84

Pruned Set 0.469 0.56 0.60

MetaLabeler 0.58 0.762 0.766

κ-NN 0.552 0.585 0.698

SCAD2 0.482 0.533 0.643

K Means Entropy 0.47 0.538 0.657

The main goal of the Pruned Set algorithm is to transform
the multi-label problem into a multi-class problem. In order to
do so, Pruned Set [7] method finds frequently occurring sets
of class labels. Each of these sets (or combinations) of class
labels are considered as a distinct label.

At first, all data points with label combinations having
sufficient count are added to an empty training set. This
training set is then augmented with rejected data points having
label combinations that are not sufficiently frequent. This is
done by making multiple copies of the data points, only this
time with subsets of the original label set. This training set is
then used to create an ensemble of SVM classifiers.

C. Evaluation Metric

In all of our experiments, we use the Area Under ROC
Curve (AUC) to measure the performance. For all the baseline
approaches and our SISC-ML method, we generate each class
label prediction as a probability. Then, for each class we
generate an ROC curve based on these probabilities and the
original class labels. After generating all the ROC curves, we
take the average of them to generate a combined ROC curve.
Finally, the area under this combined ROC curve is reported
as output. This area can have a range from 0 to 1. The higher
the AUC value, the better the performance of the algorithm.

D. Results and Discussion

As can be seen from Figure 4(a), both SISC-ML and H-
SISC perform much better than the baseline approaches. In
Table II, the AUC values for H-SISC, SISC-ML and all the
other baseline approaches are provided. With the ASRS data
set, the AUC value for H-SISC is 0.642 and for SISC-ML, it
is 0.666. The closest performance is provided by the state-of-
the-art MetaLabeler approach which is 0.58.

Similar results can be found for Reuters and 20 Newsgroups
data sets. In Figure 4(b) and Figure 4(c), we provide these
results. Just like the ASRS data set, H-SISC and SISC-ML
provide much better results. The summary of our multi-label
experimental results are shown in Table II. For Reuters data
set, our algorithms achieve AUC values of 0.829 and 0.815
and the nearest baseline approach value is 0.762. And, for 20
Newsgroups data set, the AUC values achieved are 0.873 and
0.84 whereas, the nearest value is 0.766.
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Fig. 4. ROC Curves for (a) NASA ASRS Data Set (b) Reuters Data Set (c) 20 Newsgroups Data Set.

E. H-SISC vs. SISC-ML

In this section, we make a comparative study between SISC-
ML and H-SISC. As can be seen from Table II, in case of ASRS
data set, SISC-ML performs better than SISC-MetaLabel with
AUC values of 0.666 and 0.642 respectively. However, in case
of Reuters and 20 Newsgroups data sets, H-SISC outperforms
SISC-ML. The reason why H-SISC could not outperform SISC-
ML for ASRS data set lies in the multi-labelity of the ASRS data
set. When we are talking about multi-labelity, we are referring
to the number of data point that have more than one class label
and the different combinations of class label that may occur
in a data set. As can be seen from Figure 3, in case of the
ASRS data set, there are quite a few class label pairs that occur
frequently. However, such high frequency class label pairs are
not present at the same level in the other two data sets. It means
that the data points in the ASRS data set have more multi-
labelity and are harder to separate into clusters or groups. On
the other hand, in case of 20 Newsgroups data set, the number
of class label pairs is very small (i.e., 14) and considering them
in the Impurity Measure helps the clustering process much
more than the ASRS data set, providing significantly better
results.

VII. CONCLUSIONS

In this paper, we have presented H-SISC, an extension
of SISC-ML. H-SISC utilizes the probability with which the
class labels co-occur in a multi-label environment to provide
good results. Being semi-supervised, it uses both labeled and
unlabeled data during clustering process and provides good
result as can be seen from our empirical evaluation. The
experimental results on 3 real world multi-labeled data sets
have shown that H-SISC outperforms κ-NN, K Means Entropy
based method, SCAD2 and state-of-the-art multi-label text
classification approaches like Pruned Set and MetaLabeler
in classifying text data. It also provides better results than
its predecessor, the SISC-ML. It remains to be seen how the
performance of H-SISC varies with the amount of labeled data
and the multi-labelity of the data as well as in case of text data
streams. In future, we would like to analyze the effects of these
three factors on H-SISC.
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[13] J. Struyf and S. Džeroski, “Clustering trees with instance level con-
straints,” in ECML ’07: Proceedings of the 18th European conference
on Machine Learning. Berlin, Heidelberg: Springer-Verlag, 2007, pp.
359–370.

[14] K. Yip, D. Cheung, and M. Ng, “Harp: a practical projected clustering
algorithm,” IEEE Transactions on Knowledge and Data Engineering,
vol. 16, no. 11, pp. 1387–1397, Nov. 2004.

[15] G. Liu, J. Li, K. Sim, and L. Wong, “Distance based subspace clus-
tering with flexible dimension partitioning,” in IEEE 23rd International
Conference on Data Engineering (ICDE), April 2007, pp. 1250–1254.

[16] M. Masud, J. Gao, L. Khan, J. Han, and B. Thuraisingham, “A practical
approach to classify evolving data streams: Training with limited amount
of labeled data,” in Eighth IEEE International Conference on Data
Mining (ICDM), Dec. 2008, pp. 929–934.

303


