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Semi-Supervised Ensemble p-Laplacian Spectral
Clustering for High Dimensional Data

Sedighe Safari, Fatemeh Afsari*
Department of Computer Engineering, Faculty of Engineering,
Shahid Bahonar University of Kerman, Kerman, Iran.

Abstract
Due to information increasing and the detailed analysis of them, the clustering problems that detect the hidden
patterns lie in the data, are still of a great importance. On the other hand, clustering of high-dimensional data
using previous traditional methods has many limitations. In this study, a semi-supervised ensemble clustering
method is proposed for a set of high-dimensional medical data. In the proposed method of this study, little
information is available as prior knowledge using the information on similarity or dissimilarity (as a number of
pairwise constraints). Initially, using the transitive property, we generalize the pairwise constraints to all data.
Then, we divide the feature space into a number of sub-spaces, and to find the optimal clustering solution, the
feature space is divided into an unequal number of sub-spaces randomly. A semi-supervised spectral clustering
based on the p-Laplacian graph is performed at each sub-space independently. Specifically, to increase the
. accuracy of spectral clustering, we have used the spectral clustering method based on the p-Laplacian graph.
Q.;}" The p-Laplacian graph is a nonlinear generalization of the Laplacian graph. The results of any clustering
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solutions are compared with the pairwise constraints and according to the level of matching, a degree of
confidence is assigned to each clustering solution. Based on these degrees of confidence, an ensemble
adjacency matrix is formed, which is the result of considering the results of all clustering solutions for each
sub-space. This ensemble adjacency matrix is used in the final spectral clustering algorithm to find the
clustering solution of the whole sub-space. Since the sub-spaces are generated randomly with an unequal
number of features, clustering results are strongly influenced by different initial values. Therefore, it is
necessary to find the optimal sub-space set. To this end, a search algorithm is designed to find the optimal sub-
space set. The search process is initialized by forming several sets (we call each set an environment) consisting
of several numbers of sub-spaces. An optimal environment is the one that has the best clustering results. The
search algorithm utilized three search operators to find the optimal environment. The search operators search
all the environments and the consequent sub-spaces both locally and globally. These operators combine two
environments and/or replace an environment with a newly generated one. Each search operator tries to find the
best possible environment in the entire search space or in a local space.

We evaluate the performance of our proposed clustering schema on 20 cancer gene datasets. The normalized
mutual information (NMI) criterion and the adjusted rand index (ARI) are used to evaluate the performance
evaluation. We first examine the effect of a different number of pairwise constraints. As expected, with
increasing the number of pairwise constraints, the efficiency of the proposed method also increases. For
example, the NMI value increases from 0.6 to 0.9 on the Khan-2001 dataset, when the number of pairwise
constraints increases from 20 to 100. More number of pairwise constraints means more information is
available, which helps to improve the performance of the clustering algorithm. Furthermore, we examine the
effect of the number of random subspaces. It is observed that increasing the number of random subspaces has a
positive effect on clustering performance with respect to the NMI value. In most datasets, when the number of
sub-spaces reaches 20, the performance of the proposed method does not change much and is stable.
Examining the effect of sampling rate for random subspace generation shows that the proposed method has the
best performance in most cancer datasets, such as Armstrong-2002-v3, and Bredel-2005 datasets, when the
random subspace generation rate is 0.5, and by deviating the rate from 0.5, the level of satisfaction decreases.
Then, the results of the proposed idea are compared with the results of the method proposed in the reference
[22] according to ARI and we see that our proposed method has performed better in 12 data sets out of 20 data
sets than the method proposed in the reference [22]. Finally, the proposed idea is compared with some metric
learning approaches with respect to NMI. We have observed that the proposed method obtained the best results
compared to other compared methods on 11 datasets out of 20 datasets. It also achieved the second-best result
on 6 out of 20 datasets. For example, the value NMI obtained in the proposed method is 0.1042 more than the
reference [22] and it is 0.1846 more than RCA and it is 0.4 more than ITML and also it is 0.468 more than
DCA on the Bredel-2005 dataset.

Utilizing ensemble clustering methods besides the confidence factor improves the ability of the proposed
algorithm to achieve better results. Also, utilizing the transitive operators as well as the selection of random
subspaces of unequal sizes play an important role in achieving better performance for the proposed algorithm.
Using the p-Laplacian spectral clustering method produces a better, more balanced, and normal volume of
clusters compared to the standard spectral clustering. Another effective approach to the performance of the
proposed method is to use search operators to find the best subspace, which leads to better results.

Keywords: Clustering, Subspace Learning, Ensemble Learning, Semi-supervised Learning, Pairwise
Constraints
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(Table-1): Specifications of the real-world cancer datasets, where n is the number
of data samples, m is the number of features, and k is the number of clusters.
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(Figure-2): The effect of the different number of pairwise constraints
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(Table-2): The performance of our proposed method in comparison
to the reference [22] using ARI criterion
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(Figure-5): Box plot comparison of the proposed method with reference [22] using ARI criterion
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(Figure-6): Histogram diagram comparison of the proposed method with
other distance metric learning methods
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