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Weighted Ensemble Clustering for Increasing the Accuracy
of the Final Clustering

Sedigheh Vahidi Ferdosi & Hossein Amirkhani”
Computer Engineering and Information Technology, University of Qom, Qom, Iran

Abstract

Clustering algorithms are highly dependent on different factors such as the number of clusters, the specific
clustering algorithm, and the used distance measure. Inspired from ensemble classification, one approach to
reduce the effect of these factors on the final clustering is ensemble clustering. Since weighting the base
classifiers has been a successful idea in ensemble classification, in this paper we propose a method to use
weighting in the ensemble clustering problem. The accuracies of base clusterings are estimated using an
algorithm from crowdsourcing literature called agreement/disagreement method (AD). This method exploits
the agreements or disagreements between different labelers for estimating their accuracies. It assumes
different labelers have labeled a set of samples, so each two persons have an agreement ratio in their labeled
samples. Under some independence assumptions, there is a closed-form formula for the agreement ratio
between two labelers based on their accuracies. The AD method estimates the labelers’ accuracies by
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minimizing the difference between the paramctric agreement ratio from the closed-form formula and the
agreement ratio from the labels provided by labelers. To adapt the AD method to the clustering problem, an
agreement between two clusterings are defined as having the same opinion about a pair of samples. This
agreement can be as cither being in the same cluster or being in different clusters. In other words, if two
clusterings agree that two samples should be in the same or different clusters, this is considered as an
agreement. Then, an optimization problem is solved to obtain the base clusterings’ accuracies such that the
difference between their available agreement ratios and the expected agreements based on their accuracies
is minimized. To generate the base clusterings, we use four different settings including different clustering
algorithms, different distance measures, distributed features, and different number of clusters. The used
clustering algorithms are mean shift, k-means, mini-batch k-means, affinity propagation, DBSCAN,
spectral, BIRCH, and agglomerative clustering with average and ward metrics. For distance measures, we
use correlation, city block, cosine, and Euclidean measures. In distributed features setting, the k-means
algorithm is performed for 40%, 50%...., and 100% of randomly selected features. Finally, for different
number of clusters, we run the k-means algorithm by k equals to 2 and also 50%, 75%, 100%, 150%, and
200% of true number of clusters. We add the estimated weights by the AD algorithm to two famous
ensemble clustering methods, i.e., Cluster-based Similarity Partitioning Algorithm (CSPA) and Hyper
Graph Partitioning Algorithm (HGPA). In CSPA, the similarity matrix is computed by taking a weighted
average of the opinions of different clusterings. In HGPA, we propose to weight the hyperedges by different
values such as the estimated clustering accuracies, size of clusters, and the silhouette of clusterings. The
experiments are performed on 13 real and artificial datasets. The reported evaluation measures include
adjusted rand index, Fowlkes-Mallows, mutual index, adjusted mutual index, normalized mutual index,
homogeneity, completeness, v-measure, and purity. The results show that in the majority of cases, the
proposed weighted-based method outperforms the unweighted ensemble clustering. In addition, the
weighting is more effective in improving the HGPA algorithm than CSPA. For different weighting methods
proposed for HGPA algorithm, the best average results are obtained when we use the accuracies estimated
by the AD method to weight the hyperedges, and the worst results are obtained when using the normalized
silhouette measure for weighting. Finally, among different methods for generating base clusterings, the best
results in weighted HGPA are obtained when we use different clustering algorithms to come up with
different base clusterings.

Keywords: Weighted Ensemble Clustering, Unsupervised Learning, HGPA, CSPA, AD
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(Figure-1): The general process of ensemble clustering [2]
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Algorithm 1: Convert ensemble to binary opinions

Parameters: N (number of instances), R (number of clusterings)
Input: Dataset, Ensemble (R X N)

Output: ADinput (R X N?)

(1) for clusterings in Ensemble do

(2) Index«0

(3) for (i,j) in Dataset? do

“) If clusterings (i) = clusterings (j) then
5) ADinput (labeler)(index) « 1

©6) else do

@ ADinput (labeler)(index) « 0

®) Index« Index+1

) end for

(10)end for
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(Figure-3): Converting an ensemble of clusterings to binary
opinions which can be used in AD algorithm
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using w, and AD estimated accuracies
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