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Abstract

This work systematically examines a Clustering Inside
Classes (CIC) approach to classification. In CIC, each
class is partitioned into subclasses based on cluster anal-
ysis. We find that CIC, by extracting local structure and
producing compact subclasses, can improve performance
of linear classifiers such as SVM and logistic regression. It
is compared against a global classifier on four benchmark
datasets. We empirically analyze effects of the training set
size and the number of clusters per class on the results of
the CIC approach. We also examine use of an automated
method for selecting the number of clusters for each class.

1 Introduction

In this work we analyze Clustering Inside Classes (CIC)
approach, previously described in [7, 5], that combines class
labels with cluster analysis as part of building a classifier.
We show that this approach can lead to improved accuracy
over the state of the art linear classifiers, such as regularized
logistic regression [13, 10] and Support Vector Machines
(SVM) [14]. We evaluate the role of dataset characteris-
tics (such as the size of the training set) in obtaining such
improvements, as well as the effect of parameters such as
number of clusters per class. These results are supported by
extensive experimentation on the benchmark datasets from
the UCI repository [1].

In Section 2 we describe the algorithm. In Section 3 we
describe experimental work. In Section 4 we contrast our
work and prior research. In Section 5 we summarize the
main contributions of our work.

A detailed discussion of related work and full experi-
mental analysis are presented in the longer online version
of this paper’.

Uhttp://paul.rutgers.edu/"dfradkin/papers/cic-ictai08-long.pdf

2 CIC Approach

The CIC classification scheme is described in Algorithm
1. During the training stage each class is partitioned into &k
clusters (lines 1-3), and then classifier R is trained to clas-
sify a new point into one of the resulting clusters. At classi-
fication time, a new point is assigned to some cluster ¢ (line
1 or classification stage), which is then mapped a unique
class label that is returned as prediction (line 2 of the clas-
sification stage). When k = 1, the algorithm produces a
regular K -class classifier.

Note that the scheme described above partitions each
class into the same number of clusters, k. Our experimental
results will show that even under such a restriction the CIC
approach can improve performance of state of the art linear
classifiers. However, this restriction is clearly not necessary,
since k could be set separately for each class, by the user
or automatically. A number of heuristics exist for automati-
cally choosing the number of clusters [11, 3] when applying
a clustering algorithm, however there is no single standard
approach. We will experiment with automatically selecting
the number of clusters in each class using the method of [12]
and show that it performs better than the global classifier.

Previous work on synthetic data [5] suggest that CIC
may be particularly useful when a class consists of loosely
disconnected components or has an “odd” shape. Even
when we cannot be certain that these conditions hold (for
example due to high dimensionality of the real world data),
the CIC approach can improve performance. It is able to do
so by partitioning classes into convex subclasses that can be
easily separated by linear classifiers. This has the additional
benefit of identifying class structure of the data [5].

3 Experimental Validation
3.1 Methods and Datasets

K-Means [4, 9] is used to find clusters in each class. We
experiment with a set of different pre-specified values for



k k=1 k=2 k=3]k=4]k=5]k=6]k=8[k=10[k=15 X
image | 92.10 | 91.71 [ 89.38% | 89.90% | 89.71% | 89.57% | 90.192 | 89.81° | 89.67° | 89.913
pendigit | 95.85 | 97.48% [ 97.51% | 98.00° | 97.71% | 97.74% | 97.88% | 97.68% | 97.57° | 97.97°
satimage | 86.05 | 8590 | 87.30 | 88.45% | 89.35% | 89.45% | 89.75% | 89.60° | 90.15% | 90.00°
vowel | 51.08 | 5325 | 56.06" | 56.71" | 52.16 | 54.11 | 51.52 | 53.68 | 51.30 | 53.25

Table 1. SVM results (% accuracy). Note that on 3 of the 4 datasets, CIC-SVM using X-Means to
determine % for each class (X column) is significantly better than SVM alone.

k k=1 k=2 k=3]k=4]k=5]k=6]k=8[k=10[k=15 X
image | 91.67 | 91.19 | 88.95% | 87.33% | 88.33% | 88.81% | 89.62% | 89.907 | 88.95° | 88.86°
pendigit | 92.08 | 95.83% [ 95.71% | 96.17% | 96.23% | 96.54% | 96.31° | 96.57° | 96.43% | 96.57°
satimage | 83.90 | 84.35 | 85.30% | 86.90° | 87.90° | 87.65% | 87.45% | 87.10° | 87.05°% | 87.25%
vowel | 46.54 | 49.13 | 51.52 | 46.10 | 4632 | 48.05 | 4524 | 4459 | 4589 | 48.05

Table 2. BMR results (% accuracy). Note that on 3 of the 4 datasets, CIC-BMR using X-Means to
determine & for each class (X column) is significantly better than BMR alone.

Algorithm 1 Training and Classification with CIC
Require: A set W with K > 2 classes, an integer k > 1.
{Training with CIC}
I: forj=1,...,Kdo
2:  Partition class L; into k clusters.
3: end for
4: Train classifier R using all training data to recognize all
k - K clusters.

Require: A point z. {Classification with CIC}
I: Leti = R(z),i=1,...,k,.... k- K.
2: Return class of cluster <.

the number of clusters & in each class, as well as with se-
lecting k£ automatically for each class using the X-Means
software [12]. As our classifiers we use LIBSVM [2] and
Bayesian Multinomial Regression (BMR) [10].

For the experiments we used four well-known datasets
from UCI [1]: Image Segmentation, Pendigit, Satellite
Image (Satimage) and Vowel. In all of these datasets, ex-
cept for Satimage, the relative class sizes are approximately
the same in the tests sets as in the training sets.

Details on parameter selection for these methods, as well
as specifics on preprocessing and training/test splits of the
datasets are discussed in the long version of the paper.

3.2 Clustering Inside Classes on Benchmark Data

Tables 1 and 2 shows the accuracy of CIC on each
dataset for different number of clusters per class, £k =
1,2,3,4,5,6,8,10,15 and with X-Means. Superscripts *,
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will be used to mark results that are significantly differ-
ent (at 0.95, 0.99 and 0.999 confidence levels respectively)
from the performance of the basic classifier (k = 1), as de-
termined using McNemar Test.

It is clear from these results that on all datasets except for
Image CIC leads to improvement in classification accuracy
for at least some values of k. With the SVM, the results on
the Image dataset with £ > 2 are significantly worse at 0.99
level than those of the basic classifier. On the other hand,
the accuracy of CIC is significantly better at 0.999 level for
all values of k (except £ = 15) on the Pendigit dataset and
for £ > 3 on the Satimage dataset (again, except k = 15);
and is somewhat better (0.95 level) for £ = 3,4 on the
Vowel dataset. The results with BMR are qualitatively simi-
lar (significant improvements on the Pendigit and Satimage
datasets, no significant difference on the Vowel dataset, and
worse results on the Image dataset).

Notice that the value of k£ for which the best results are
obtained appears related to the number of points per class in
the training set. On the Image dataset this number is on av-
erage 30, and the best results are for £ = 1 (basic classifier).
For the other, larger, datasets the performance improves as
k increases up to a point, and then starts to decrease. In-
tuitively, increasing the number of clusters leads to clusters
with fewer point, which in turn makes it difficult to train
good classifiers for distinguishing them. This argument is
both intuitively accessible and can be supported by learning
theory [14]. However, as shown in Section 3.4, these differ-
ences in performance are not completely due to the training
set size, but are also affected by the intrinsic structure of
the classes. In other words, Image dataset has classes that



consist of a single component, while the other datasets have
classes with a more complicated structure.

Using X-Means does not give the best results, which is
not surprising since it needs to determine k for each class,
while the best result over different fixed & is selected a pos-
teriori. However, X-Means leads to consistently better (sig-
nificantly so on the Pendigit and Satimage datasets) results
than the global classifier, except for the Image dataset. In
other words, where improvement with CIC is possible, us-
ing X-Means to determine the number of clusters also leads
to an improvement.

3.3 Results with Non-Linear Classifiers

Here we examine performance of CIC using SVM with
RBF kernel. Results for different values of k are in Table 3.

The results of the RBF SVM alone on all datasets were
higher with any linear classifier, and also somewhat better
than most combinations of CIC with linear classifiers. Us-
ing CIC (whether with a fixed k or with X-Means) with
RBF SVM did not result in any improvements for Image
and Vowel datasets, and there was only minor (not statis-
tically significant) improvement on Pendigit and Satimage
datasets for intermediate values of k, but not for X-Means.
Clearly, non-linear methods such as RBF SVM can repre-
sent more complicated decision boundaries - and separate
odd-shaped classes better - and therefore stand to benefit
less from CIC than linear methods.

These observations support the intuition that CIC im-
proves the performance of linear classifiers by increasing
the number of linear decision surfaces and, in effect, ap-
proximating with them the non-linear separation boundaries
between different classes.

3.4 The Effect of the Training Set Size

We conducted experiments on the benchmark datasets to
examine the role of the training set size, both in absolute
terms and as a proportion of the data. This was achieved by
varying the fraction of the points in each dataset that was
used for training and by varying the number of clusters k.
Details are given in the longer paper.

In short, the experiments showed that the use of CIC
did not lead to worse results when sufficient training data
was present. On Pendigit and Satimage datasets CIC im-
proves results for almost setting of parameters. On the Im-
age dataset CIC does not decrease accuracy when the train-
ing set was sufficiently large (50% of the data or 175 points
per class in the training set). Failure of CIC to produce im-
provements on Image suggests that classes there have a sin-
gle intrinsic component.

4 Discussion

While the CIC approach seems simple, it is was first dis-
cussed, to the best of our knowledge, only in [7]. Since then
others [15, 8] have investigated different aspects of such ap-
proach, but left gaps that our work aims to fill.

Unlike [7] we obtain a single good clustering result and
then build a single multiclass classifier. Therefore, any im-
provements observed are exclusively due to CIC, and not to
bagging or boosting of individual CIC classifiers.

[7] also did not address the choice of &, leaving it up to
the user. Our results on multiclass problems (as opposed
to the two-class problems discussed in [7]), using state-of-
the-art classifiers, show that CIC approach improves per-
formance of the linear classifiers. Unlike [15], we examine
applicability of the CIC approach to different linear clas-
sifiers, not only Naive Bayes, and to non-linear classifiers.
We also experiment with an efficient method for automati-
cally selecting k for each class [12], instead of using com-
putationally expensive cross-validationS.

To our knowledge ours is the first work to extensively
examine the CIC approach on its own in a general setting
(i.e. not tied specifically to problems with class imbalances,
or to a particular classifier method or a combination of clas-
sifiers). We consider in much greater detail than previous
work the effects of the number of clusters, k, and of the
training set and class size on the performance of the CIC
approach. We also experiment with an efficient method for
automatically selecting k for each class - an important issue
that was not previously addressed.

5 Summary

We have shown that Clustering Inside Classes (CIC) im-
proves accuracy of linear classifiers provided that sufficient
training data is available and that the classes have more than
one intrinsic component. Even when classes have only one
such component, CIC does not cause performance to dete-
riorate provided there is enough training data for each class.

We examined CIC with different training set and class
sizes, using both user-specified and automatically deter-
mined values for the number of cluster in a class, k. The
choice of k does affect the results, though there tend to be
whole ranges of values of k£ for which CIC improves per-
formance of linear classifiers. We have observed improve-
ments with 10 > £ > 3 for all but the Image dataset. Using
the approach of [12] for automated selection of £ improved
results compared to a single global classifier. These results
were only slightly worse those with the best values of k
selected for each dataset a posteriori. Prior works did not
propose an efficient method for automatic selection of k.

The accuracy improvements obtained with CIC and lin-
ear classifiers do not match results of a non-linear classifier.



k k=1[k=2]k=3]k=4]k=5]k=6]k=8[k=10]k=15 X
image | 92.71 | 91.14% | 90.38% | 90.67° | 90.33% [ 90.19% | 90.19% | 90.00° | 89.483 [ 90.423
pendigit | 97.80 | 97.68 | 97.74 | 97.74 | 97.94 | 97.71 | 97.88 | 97.68 | 97.48 | 97.77
satimage | 91.60 | 91.55 | 91.05 | 90.55T [ 91.60 | 91.70 | 91.65 | 90.95 | 90.30 | 90.65
vowel | 66.45 | 59.31° | 56.49% | 56.49% | 54.98% | 54.55% | 51.73% | 52.38% | 50.87° | 51.73°

Table 3. RBF SVM results (% accuracy). Using X-Means does not lead to improvements. In general

CIC with RBF SVM does not improve on RBF SVM alone.

Also, CIC fails to improve performance of non-linear clas-
sifier. However, CIC allows for other advantages:

e Linear classifiers tend to be faster to train than non-
linear ones. Training several independent linear SVM
(which is also easily parallelizable) is thus more effi-
cient than building a non-linear SVM.

e Linear classifiers tend to be faster at classification time.
In order to apply a linear SVM to a new case only
one similarity (inner product) computation is needed.
Therefore, only k£ such computations are needed to
apply CIC. However, applying non-linear SVM re-
quires computing similarity with each support vector,
of which there are frequently hundreds or thousands.

e Linear classifiers are much more interpretable. Their
weights indicate which features are important for clas-
sification and how they affect predictions. In many
applications being able to understand how classifier
makes predictions is almost just as important as hav-
ing a high accuracy.

An interesting avenue for further work is to combine CIC
with non-linear classifiers by performing cluster analysis in
a non-linear space. A number of techniques for performing
such analysis have been described, for example in [6].

The datasets examined in our work arose in signal-
processing applications. Text and bioinformatics datasets
are frequently characterized by large number of features,
sometimes exceeding the number of available training
points. While we believe that the CIC approach will also
be successful in such applications, the characteristics of the
data would have to be taken into account, most likely by
utilizing a more appropriate clustering approach.

Another direction for future investigations is develop-
ment of visualization/representation methods for the ex-
tracted class structure (i.e. within-class clusters) as a data
exploration method.

The results described here demonstrate usefulness of and
provide insights into the CIC approach and encourage fur-
ther investigations and applications.
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