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First, a hierarchical clustering-based feature subset selection
algorithm is designed to reduce the dimensions of the data set.
Next, a parallel k-means algorithm based on partial distance is
derived to cluster the selected data subset in the first step.

Abstract— Incomplete data clustering plays an important role
in the big data analysis and processing. Existing algorithms for
clustering incomplete high-dimensional big data have low
performances in both efficiency and effectiveness. The paper
proposes an incomplete high-dimensional big data clustering
algorithm based on feature selection and partial distance strategy.
First, a hierarchical clustering-based feature subset selection
algorithm is designed to reduce the dimensions of the data set. Next,
a parallel k-means algorithm based on partial distance is derived to
cluster the selected data subset in the first step. Experimental
results demonstrate that the proposed algorithm achieves better
clustering accuracy than the existing algorithms and takes
significantly less time than other algorithms for clustering highdimensional big data.

To accelerate the cluster speed and improve the cluster
accuracy for incomplete high-dimensional big data, the
proposed algorithm selects a representative feature subset to
reduce the dimensions of the data set. Besides, the selected
data subset has fewer missing values than the original data set,
which may improve the cluster accuracy. In this paper, we
propose a feature subset selection algorithm based on improved
hierarchical clustering for incomplete high-dimensional big
data. The proposed algorithm uses symmetric uncertainty as
the measure of correlation between either two features to
improve hierarchical clustering for partitioning the features
into clusters, and then selects the most representative feature
from each cluster to form the final feature subset.
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selection; cluster analysis

I. INTRODUCTION

After feature subset selection, the paper clusters the
selected data subset by designing a k-means algorithm based
on partial distance (PDK-means). PDK-means designs
improved k-means algorithm using partial distance [4] to
cluster incomplete data.

With the fast development of intelligent home appliances,
data collected from digital home is now growing at an alarming
rate [1]. For example, the multimedia data sampled from
millions of sensors, mobile devices and RFID tags in home
sever platform can exceed hundreds of terabytes data every day.
Data collected from digital home is a kind of typical big data
that concerns large-volume, high-dimension data sets with
multiple and autonomous sources [2].

Extensive experiments are carried out to evaluate the
performance of the proposed algorithm by comparison with
one representative missing data clustering algorithm, namely
PDPCM. The results demonstrate that the proposed algorithm
achieves better clustering accuracy than the existing
algorithms and takes significantly less time than other
algorithms for clustering high-dimensional big data.

Big data sets often encounter missing values in them for
many reasons such as device failure and sensor mistakes. Many
missing values in big data sets bring challenges to the analysis
and mining of big data. Specifically, incomplete data is
difficult to be clustered directly. Therefore, incomplete big data
clustering is an important data preprocessing task in big data
analysis [3].

The rest of this paper is organized as follows. In section
2, the feature subset selection algorithm based on improved
hierarchical clustering is presented. The proposed PDK-means
algorithm is described in section 3. Experimental results and
analysis are presented in Section 4. Finally, conclusions of this
paper are summarized in Section 5.

The paper proposes an incomplete high-dimensional big
data clustering algorithm based on feature subset selection and
partial distance strategy, which works in following two steps.
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II. FEATURE SUBSET SELECTION BASED ON
HIERARCHICAL CLUSTERING

The algorithm stops if the maximum similarity between
any two clusters is less than the predefined threshold.

Irrelevant features, along with redundant features,
severely corrupt the efficiency and the accuracy of data
analysis and mining. In this section, the paper proposes a
feature subset selection algorithm based on improved
hierarchical clustering (FSHC). FSHC facilitates the clustering
through removing as much of the irrelevant and redundant
features as possible. Additionally, the selected feature subset
has fewer missing values than the raw data set, which may
improve the cluster accuracy.

Next, FSHC selects one representative feature from every
cluster to form final feature subset. FSHC identifies the
representative feature of each cluster by F-Completeness,
which is defined in this paper. Suppose that there are n objects
in the raw dataset. For the feature aj, if there are m objects
with missing the value of aj, F-Completeness of feature aj is
defined as Eq.(6).

The paper first divides the raw dataset O into two subsets,
C and I, namely O=CĤI and C∩I=Φ, where C= {c1, c2,...,
ct}ˈI={i1,i2,..., ip}. In the subset C, there are no objects with
missing feature values, while each object has one or more
missing feature values in the subset I.

FSHC selects the feature with the maximum FCompleteness as the representative feature of the cluster.

FC  1  m / n

The details of the FSHC algorithm are outlined in
Algorithm 1.
Algorithm 1: FSHC

FSHC logically consists of two steps: (1) cluster features
of the subset C into groups using the improved hierarchical
clustering, (2) select representative features to final feature
subset.

Input: O-the raw dataset, θ-the clustering threshold.
Output: S-selected feature subset
1 Calculate similarity between every pair of features˗
2 Merge the two most similar features into one cluster;
3 Repeat
4
Calculate similarity between every two clusters;
5
Merge the two most similar into one cluster;
6 Until
7
The maximum similarity between every two clusters
is less than θ.
8 Calculate F-Completeness of every feature;
9 S=Φ;
10 Add the feature with the maximum F-Completeness of
each cluster into S;
11 Return S.

To cluster the features into groups, the symmetric
uncertainty is used as the measure of correlation between two
features [5, 6].The symmetric uncertainty is defined as follows:
SU ( X , Y ) 

2  G ain ( X | Y )

(1)

H ( X )  H (Y )

where, H(X) is the entropy of a discrete random variable X.
Suppose p(x) is the prior probabilities for all values of X, H(X)
is defined as in Eq.(2).
H ( X )    p ( x ) log 2 p ( x )

(2)

x X

III. K-MEANS ALGORITHM BASED ON PARTIAL
DISTANCES

Gain(X|Y) is the amount by which the entropy of Y decreases,
which is given by Eq.(3).
G ain ( X | Y )  H ( X )  H ( X | Y )  H (Y )  H (Y | X )

In order to cluster incomplete data, the paper proposes a
new k-means algorithm based on partial distance (PDKmeans). PDK-means has two important steps: (1) calculate the
distance between each object and every cluster to distribute
the objects to the closest cluster; (2) calculate the mean value
of each cluster for updating the cluster centers.

(3)

where, H(X|Y) is the conditional entropy, which is defined by
the following:
H ( X | Y )    p ( y )  p (x | y) log 2 p ( x | y )
y Y

(6)

(4)

x X

To measure the distance between the incomplete object ok
and the cluster center vi, the paper defines a distance measure,
called partial distance, as follows.

where, p(x|y) is the posterior probabilities of X given the
values of Y.
FSHC uses bottom-up hierarchical clustering to cluster
features into groups. It first merges the two most similar
features into one cluster. The similarity between two features
is measured using Eq.(1). The algorithm then recursively
merges the two most similar clusters at each step. Suppose
that there are m features in the cluster ci, and n features in the
cluster cj. The similarity between ci and cj is defined as the Eq.
(5).
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Suppose that vij is the j-th feature of the center vi of the
i-th cluster ci which is updated by Eq.(8).

x ci y  c j
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A lower value E* of indicates that the algorithm produces
more accurate cluster centers.
ARI (U,U’) is used to measure the agreement between
two partitions of a set of objects, where U represents the
ground truth labels for the objects in the data set and U’
denotes a partition produced by a specific algorithm. A higher
value of ARI(U,U’) indicates that the algorithm produces a
better cluster result.
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Suppose that the objects with the feature subset selected
by FSHC form the data set O’. To improve the cluster
efficiency, the paper only clusters the data subset O’ and uses
the cluster result as the result of the raw data set O. Thus, the
proposed PDK-means algorithm is outlined in Algorithm 2.

A. Experimental Analysis on Clustering Accuracy
In this subsection, we present the cluster accuracy of the
proposed algorithm and PDPCM on the DHDATA data set in
terms of E* for 6 missing ratios in Table 1.

Algorithm 2: PDK-means
Input: O’-the dataset, k-the number of clusters
Output: V- dataset consisting of cluster clusters
K-dataset containing the labels of all the objects
Select randomly k objects as the initial cluster
1
centers˗
2
Repeat
3
Calculate the distance between every object and
each cluster center using Eq.(7);
4
Distribute every object into its nearest cluster;
Update all the feature values of each cluster
5
center using Eq.(8);
Until
6
7
All the cluster centers do not change;
8
Return V and K.

Table 1. Cluster results in terms of E*
missing ratio
PDPCM
PDK-means
1%
29.21
12.24
3%
32.70
18.16
5%
39.87
17.12
10%
46.07
21.16
15%
51.61
27.24
20%
59.08
33.62
From Table 1, in terms of E*, PDK-means always
performs better than PDPCM because the average E* value of
PDK-means is lower than that of PDPCM for 6 missing ratios,
which demonstrates that the cluster prototypes obtained by
PDK-means are closer to the actual ones.
Table 2 shows the average values of ARI(U, U’) obtained
by PDPCM and PDK-means.
Table 2. Cluster results in terms of ARI
missing ratio
PDPCM
PDK-means
1%
0.95
0.99
3%
0.94
0.97
5%
0.91
0.96
10%
0.87
0.93
15%
0.84
0.90
20%
0.76
0.87

IV. EXPERIMENTS
In order to evaluate the efficiency and effectiveness of
the proposed algorithms, we perform the algorithms on the
one real data set sampled from the digital home lab, called
DHDATA.
We first artificially create missing values in the data sets
for simulating incomplete data sets and then cluster them
using the proposed algorithm. The performance of the
proposed algorithms is evaluated by comparing their cluster
results to the result of PDPCM.
Since the cluster performance depends on the amount of
missing values, we artificially create six kinds of missing
ratios, which are 1%, 3%, 5%, 10%, 15% and 20% objects
with missing values. For every missing ratio, we generate 5
different incomplete data sets for DHDATA. Specifically, any
two data sets of the 5 different incomplete data sets can have
different missing values for every missing ratio.

From the results shown in the Table 2, PDK-means
produces better partitions than PDPCM for 6 different missing
ratios of the two data sets in terms of ARI.
B. Experimental Analysis on Execution Time
In this subsection, we present the execution time evaluate
the efficiency of the proposed algorithm. The average
execution time of PDK-means and PDPCM on the HDDATA
data set for different number of objects is shown in Fig. 1.

In order to assess the effectiveness of the proposed
algorithm, two well-known evaluation criteria, E* and
Adjusted Rand Index (ARI), are used in the experiment [7, 8].
E* is used to assess the error between ideal cluster
centers viideal and cluster centers vi* produced by a specific
algorithm according to Eq. (9).
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From Fig. 1, PDK-means takes less time than PDPCM to
cluster the data set. Especially when the data set is very big,
the execution time required by PDK-means is significantly
less than PDPCM, which demonstrates PDK-means perform
better for clustering incomplete high-dimensional big data.
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