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Abstract: An algorithm, Clustering Algorithm Based On Sparse Feature Vector (CABOSFV), was proposed for the high dimensional
clustering of binary sparse data. This algorithm compresses the data effectively by using a tool ‘Sparse Feature Vector’, thus reduces
the data scale enormously, and can get the clustering result with only one data scan. Both theoretical analysis and empirical tests
showed that CABOSFV is of low computational complexity. The algorithm finds clusters in high dimensional large datasets effi-

ciently and handles noise effectively.
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1 Introduction

Clustering is one of the key tasks in data mining. It
discovers data distributions in datasets, which groups
the data objects into clusters so that the objects within
a cluster are more similar than those in different clus-
ters. As a branch of statistics, cluster analysis has been
studied extensively for many years. Other contributing
fields include data mining, statistics, machine learning,
spatial database technology, biology and marketing. In
data mining, effort focuses on effective and efficient
clustering algorithms or methods for large datasets.
The challenges of clustering in data mining are as
follows: scalability, capability to handle high dimen-
sional data, discovery of clusters with arbitrary shape,
ability to deal with noisy data, insensitivity to the or-
der of input records, interpretability and description of
clustering result.

This paper focuses on high dimensional data clus-
tering for binary attributes. Many clustering algo-
rithms are good at handling low dimensional data, in-
volving only several dimensions. It is challenging to
cluster data objects in a high dimensional space, espe-
cially considering that such data can be very sparse
and highly skewed [1].

1.1 Related work

From literature, it can be known that CLIQUE [2]
and CURE (Clustering Using REpresentatives) [3] are
good at handling high dimensional data clustering.
CLIQUE, named for CLustering In QUEst, is a den-
sity and grid-based approach for high dimensional
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data clustering that provides automatic sub-space
clustering of high dimensional data aiming at effective
treatment of high dimensionality, interpretability of
results and scalability. CURE is a bottom-up hierar-
chical clustering algorithm that employs a method that
each cluster is represented by a certain fixed number
of points that are generated by selecting well scattered
points from the cluster and shrinking them toward the
center of the cluster by a specified fraction. CURE can
identify clusters having non-spherical shapes and wide
variances in size. Both CLIQUE and CURE are effec-
tive for high dimensional data clustering. They suc-
cessfully cluster data objects of 52 dimensions and 40
dimensions respectively. But they are both for inter-
val-scaled variables. And the accuracy of CLIQUE
clustering results may be degraded due to the simplic-
ity of the method, while CURE has high computation
complexity.

The reason that many algorithms are not good at
handling high dimensional large datasets is as follows.

(1) First distance measures for low dimensional
data clustering are not proper to be applied to high
dimensional problems directly, especially when the
data are highly sparse. In many cases the measures do
not reflect the dissimilarity of objects truly, which
must lead to poor quality of clusters. For example,
CLARANS (Clustering Large Applications based
upon RANdomized Search) [4], DBSCAN (Density-
Based Spatial Clustering of Applications with Noise)
[5], BIRCH (Balanced Interative Reducing and Clus-
tering using Hierarchies) [6] and STING (STatistical
INformation Grid) [7] are all not good at handling
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high dimensional datasets.

(2) Many clustering methods, typically the grid-
based clustering approaches such as STING, STING+
CLIQUE (8], summarize the data in order to improve
the efficiency of the algorithms. This makes the algo-
rithms faster, yet may lower the quality and accuracy
of the clusters due to the simplicity of the methods.

Among the above three algorithms, CLIQUE has
good scalability as the number of data dimensions is
increased just at the expense the low quality clustering
result,

(3) Some clustering methods must scan data more
than once in order to finish the clustering tasks. This
reduces the efficiency of the algorithms. In addition,
many algorithms are not scalable due to not consider-
ing how to work with limited resources. A typical ex-
ample is that memory is much smailer than the size of
large datasets.

(4) Many clustering algorithms themselves are of
high time complexity. And for some of them, when
the dimensionality of the data points is not small, the
time complexity increases. For example, CURE can
handle high dimensional clustering efficiently. Its time
complexity is O(n?) for low dimensionality (n is the

number of objects in a sample set), but the worst-case
time complexity is O(n’logn) when dimensionality
increases.

1.2 Features of CABOSFV

An algorithm that overcomes the above drawbacks
named as CABOSFV was presented in this paper. The
salient features of CABOSFYV are discussed below.

(1) For high dimensional sparse data of binary vari-
ables, a new dissimilarity measure in CABOSFV algo-
rithm named as Sparse Feature Dissimilarity (SFD) of
a set (SFD) was put forward. SFD of a set represents
the similar degree of all the objects in a set. The
smaller the SFD is, the more similar the objects are.
SFD of a set is very appropriate to act as distance
measure for high dimensional sparse data clustering of
binary variables.

(2) A new concept Sparse Feature Vector (SFV), a
vector of four items, was introduced by which
CABOSFV summarizes the information about a set or
a cluster effectively that we need for making cluster-
ing decisions. So CABOSFV just stores the SFV of a
set but not all the information about all the objects in
the set. We can think of a cluster as a set of data points,
but in fact only the SFV is stored. Hence data is re-
duced.
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(3) Moreover we have proved that SFVs of clusters
can be calculated incrementally and accurately when
clusters are merged. That is, when two clusters are
merged, the SFV of the new cluster can be calculated
directly from the SFVs of the original two clusters.
Consequently the quality of the clusters will not be
affected.

(4) CABOSFYV is an incremental method that does
not require the whole data in advance. It implements
creation and mergence of clusters by scanning the da-
taset only once. So CABOSFYV is not /O costly. Due
to this feature and data reduction by SFV, CABOSFV
is very efficient to handle large dataset.

(5) CABOSFV is of low computational complexity
(O(nk), where n is the number of objects, k is the
number of clusters). Both theoretical analysis and em-
pirical tests show that CABOSFV finds clusters in
high dimensional large datasets for spare binary at-
tributes efficiently and handles noise effectively.

2 Concepts and theorem for CABOSFV clus-
tering

CABOSFV is very efficient and scalable to handle
high dimensional sparse data clustering for binary at-
tributes. Its salient features rely on two new concepts
SFD of a set, SFV and a theorem SFV additivity. In
this section, the definition of these two concepts and
the theorem is given.

2.1 SFD of a set

We proposed a new measure to represent the dissimi-
larity of the objects in a set. We call it SFD of a set and
define it as follows.

Definition 2.1 (SFD of a set): Given n objects,
each object is described by m attributes. X is a set
of objects, in which the number of objects is denoted
as |X|, the number of attributes that equal 1 for all
objects is indicated by a, and the number of attribut-
es that equal 1 for some objects and equal O for other
objects is indicated by e. SFD of set X, denoted as
SFD(X), is defined as:

€

e))]
SFD(X) represents the similarity of the objects in
set jX ] It will serve as the distance measure in

CABOSFV. The smaller the SFD is, the more similar
the objects are.

22 SFV
CABOSFV compresses data effectively in order to



Ty, r

S. Wu et al., CABOSFYV algorithm for high dimensional sparse data clustering 285

reduce data and improve the efficiency. A new tool,
SFV, is presented to implement this task. SFV, a vec-
tor of four elements, contains all the information of a
set we need in CABOSFYV clustering process.

Definition 2.2 (SFV): Given n objects, each ob-
ject is described by m attributes. X is a set of ob-
jects, in which the number of objects is denoted as
|X [ ; the number of attributes that equal 1 for all ob-

jects is indicated by a, accordingly the sequence
numbers of these attributes are j,,Jj,, - j.,; the

number of attributes that equal 1 for some objects and
equal O for other objects is indicated by e, the corre-
sponding sequence nuUMbErS are  Jjoy s jus» s Jns, - 1NE

vector

SFV(X) = (x|, 8(X),NS(X),SFD(X)) 2

is called the SFV of set X , where ]X ] is the number
of objects in set X ; S={j,, . js } is the set of
sequence numbers of the attributes that equal 1 for all
objectsinset X ; NS={ju,juss-»Jus } 1 the set of
sequence numbers of the attributes in set X that

equal 1 for some objects and equal O for other objects;
SFD(X) is the SFD of set X . According to Defini-

tion 2.1 (SFD of a set) we know that
a= ]S| and e =|NS|, thus we have
SFD(X) = —[N—S'— 3)
[Xxls|
If set X contains only one object, |X | , the num-

ber of objects in the set, equals 1; the elements in set
S are the sequence numbers of the attributes that
equal 1 for the only object; NS is ®; SFD(X)=0;
and SFV(X)={LS,0,0}.

SFV summarizes the sparse state of all the abjects
in a set including the SFD. This summary is not only
efficient because it stores much less than all the data
objects in the set, but also sufficient for calculating all
the measurements we need for making clustering deci-
sions in CABOSFV based on the additivity of SFV,
which will be discussed successively.

2.3 Additivity of SFV

In this part we will give the definition of the addi-
tivity of SFV first, then present the additivity theorem
of SFV. The definition and the theorem, together with
the definitions of SFD of a set and SFV, are at the core
of CABOSFV.

Definition 2.3 (additivity of SFV): Given n ob-
jects, each object is described by m attributes. X
and Y are two sets of objects with no intersection,
corresponding SFV are

{SFV(X) =(|X|,5(X),NS(X),SFD(X)) @

SFV(Y) = (Y], S(Y),NS(Y),SFD(Y))

We define the additivity of SFV as
SFV(X)+SFV(Y)=(N,S,NS,SFD) )]
where
N =|X|+|v];

§=8(X)nSY);
NS=(NS(X)UNST)USX)USIN\(S(X)NSX))
__Ins|

SFD = .
Nx|s|

We can prove that, when two sets are merged, the
SFV of the new set can be calculated directly from the
SFVs of the original two sets according to the additiv-
ity defined above. We have the SFV additivity theo-
rem as follows.

Theorem 2.1 (SFV additivity theorem): Given »n
objects, each object is described by m attributes. X
and Y are two sets of objects with no intersection.
Union of X and Y is indicated by X LY, corre-
sponding SFVsof X, Y and X uUY are

SFV(X) = (X|,$(X),NS(X),SFD(X))
SFV(Y) = (|Y], S(¥),NS(Y),SFD(Y))

©)
SFV(X UY)=(X UY|,S(X UY),NS(X UY),
SFD(X UT))
Then
SFV(X UY)=SFV(X)+SFV(Y) Q)

Due to definition of SFV and SFV additivity theo-
rem, SFVs of clusters can be stored and calculated ac-
curately when clusters are merged. So CABOSFV is
not only efficient because it only stores a summary of
the data, but also sufficient for getting the information
we need for clustering because of the additivity theo-
rem.

3 CABOSFY clustering algorithm

3.1 Two-layers structure

CABOSFYV clustering process can be illustrated by
a ‘Bottom-Up’ structure of two layers as shown in
figure 1. In the bottom layer there are the n objects
that will be clustered according to their similarity, and
in the top layer there are & clusters that we get by
CABOSFYV clustering. For each object, which is treat-
ed as a special set containing only one object, and for
each cluster, the most important information we need
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keep in clustering process is the SFV. Assuming the
SFD threshold, the upper limit, for a final clusteris &,
the clustering process is as follows.
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Figure 1 Two layers structure of CABOSFV clustering
process.

Regard n individual objects as » object sets re-
spectively. The SFV of each object set is known be-
cause that, SFV(X)={L1,S5,0,0} exists for a set X
with only one object according to the definition of
SFV, and S is the sequence numbers of the attributes
that equal 1 for the only object, which is also known
in advance. Scan SFV from first object set, the crea-
tion of clusters and the mergence of object sets will be
implemented during the scanning process. First cluster
1 is created containing object 1. Then check if object 2
can be assigned into cluster 1 together with object 1
according to the SFV additivity theorem and SFD
threshold of a cluster & . If the SFD of the merged set
is not greater than the upper limit &, put object 2 in
cluster 1; otherwise, create cluster 2 containing object
2. After that check if object 3 can be assigned into
cluster 1 or cluster 2. If object 3 can be put in both
cluster 1 and cluster 2, put object 3 in the cluster hav-
ing a lower SFD after the mergence. If object 3 can be
assigned neither into cluster 1 nor into cluster 2, create
a new cluster 3 containing object 3. Similarly, each
rest object is either assigned into an existing cluster or
into a new cluster until all the objects have been
scanned. Thus the clustering process is finished with
just one data scan.

3.2 Algorithm steps

Now we provide the detailed algorithm steps. Given
n objects, object i is described by m attributes
Xi1s Xi2, s Xim , the SFD threshold for a cluster is b,

steps of CABOSFV clustering are as follows.

Step 1. View each object as a set containing only
one object and denote it as X', ie {1,2,--,n}. Ac-
cordingly the SFV SFV(X,?),
ie{l,2,,n}.

is denoted as

Step 2. According to the additivity theorem of SFV,
calculate SFV(X,'” U X,'”) = SFV(X,”) +
SFV(X,"”). Compare the SFD of the merged set with
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the threshold ». If it is not greater than &, merge
X,” and X,'”, and the merged set is a initial cluster
denoted as X, ; otherwise, X,'” and X, are re-
garded as tow initial clusters, represented respectively
by X, and X,".The number of clusters is indicat-
edby c.

Step 3. For object set  X5'”, calculate

SFV(X,? uXx,"”)=SFV(X,"")+SFV(X,"™),
ke {12, ¢} 8

and search i, in order that

SFD(X3(0) v X{o(l)) - keﬂ_)ii-l-]-[}SFD(Xa(O) ) Xk(l)) (9)

If SFD(X,” U X,") is not greater than threshold

b, merge X;” and X, the merged initial cluster

. . 1 . . 0
is still denoted as X,-(,( ). otherwise, view X5 ) as a

new initial cluster, denoted as X c+,(” , and the number
of clusters is increased by 1, or c:=c+1.

Step 4. For X,r‘o), i€ {4,5,-:-,n}, do similarly as in
Step 3.

Step 5. From all the initial clusters X,
ke {1,2,---,c} obtained from above steps, get rid of

outlier clusters that contain few objects. The remain-
der clusters are the final result of CABOSFV cluster-
ing.
3.3 Time complexity

For n objects with m attributes, if the number of
clusters obtained from CABOSFV clustering is %, we

know from the above steps that the time complexity of
CABOSFVis O(nk).

We have tested the actual efficiency of CABOSFV
clustering and the capability to handle high dimen-
sional sparse data by computer with Pentium 500 CPU
and 128 M memory. Figure 2 illustrates the average
calculating time when 10 clusters were generated from
100 and 200 dimensional sparse data with the objects
number increasing from 50000 to 100000 by interval
10000. From the figure it is known that the calculating
time is about 7 s when the number of objects is
100000.

7.0

50 60 70 80 90 100
Number of objects / 10

Figure 2 Scalability with the number of data records.



S. Wu et al.,, CABOSFV algorithm for high dimensional sparse data clustering 287

Erﬁpirical tests show that CABOSFV is very effec-
tive and efficient to handle high dimensional large
datasets for sparse data clustering problem.

4 A numeric example of CABOSFYV cluster-

ing

4.1 Problem statement
Assuming there are 15 customers and the sequence

13

numbers of the customers are denoted as 1,2,--,15.
Each customer is characterized by 48 attributes, the
orders of 48 products. The sequence numbers of pro-
ducts are indicated by 1,2,---,48. The sequence num-
bers of products ordered by customers are listed in ta-
ble 1. Now we will group the customers into clusters
according to the similarity of their ordering products.
This is a clustering problem of 48 dimensions.

Table 1 Product varieties ordered by the customers

Customer Products ordered by the customer
1 1,3,4,5,6,7,8,10,11,12,22,23,25,26,34,35,36,37,43
2 1,3,4,5,6,7,8,10,11,12,20,21,22,26,28,35,39
3 1,3,6,7,22,24
4 1,3,4,6,7,8,10,22,24,26,29,35,42
5 1,3,4,5,6,8,10,11,15,22,23,26,28
6 1,8,22,23
7 1,3,4,6,7,8,10,11,22,26
8 1,3,4,5,6,8,10,17,18,22,23,28
9 1,3,4,5,8,22,26,28,29
10 1,3,4,6,7,8,10,11,12,14,16,17,22,23,24,26,28,29,30,35,47
11 1,3,4,5,6,8,10,16,18,20,23,28,29,34,48
12 1,3,4,5,6,7,8,10,11,13,22,28,41,45
13 1,3,4,5,6,7,8,10,11,16,19,22,26,28,29,30,35,36,37,43,44,45
14 1,2,3,4,5,8,22,23,24,26,27,28,39
15 1,3,4,5,6,8,10,11,22,26,28

4.2 CABOSFY clustering result

Assuming the SFD threshold of a cluster 5=0.5,
we get all the initial clusters as shown in table 2.
Among all the initial clusters, X,", X,", X",
X, and X" all contain only one customer. They

are outlier clusters and should be removed from final
clusters. So the final result of CABOSFV clustering is
3 clusters, which are {1,2,5,12,15}, {4,7,10} and
{8,9}.

Table 2 Initial clusters obtained from CABOSFV clustering

Initial clusters Customers N M NS SFD
1,2,5 7,12,13,15,20,21,23,25,26

(l) 99"y 4 1 9 ’ 9 »* ’ ’ » » 9 .

Xi 12,15 3 1,34,5.6,8,10,11,22 28,34,35,36,37,39,41,43,45 0.400

X, 3 1 1,3,6,7,22,24 0
11,12,14,16,17,23,24,28

X 1y - 4’7’10 ,3,4,6,7,8,10,22,2 s ’ bl > ) ’ ) ) .

3 3 ! 6 29,30,35,42,47 0.481
X, 6 1 1,8,22,23 0
X 8,9 2 1,3,4,5,8,22,28 6,10,17,18,23,26,29 0.500

1,3,4,5,6,8,10,16,18,20

W ,3,4,5,6,8,10,16,18,20,

Xs 1 ! 23,28,29,34,48 0
1,3,4,5,6,7,8,10,11,16,19,
X, 13 1 22,26,28,29,30,35,36,37, 0
43,44 45
X' 14 1 1,2,3,4,5,8,22,23,24,26,27,28,39 0

Notes: N, S, NS and SFD are four elements of SFV.
5 Conclusions

A new clustering algorithm CABOSFV was pro-
posed. Due to the definition of SFV and the additivity
theorem of SFV, CABOSFYV is very effective and effi-

cient for high dimensional sparse data clustering with
binary attributes. Both theoretical analysis and empiri-
cal tests showed CABOSFV clustering has following
salient features:
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(1) It is very effective for high dimensional sparse
data clustering. We have tested the algorithm by da-
taset of up to 200 dimensions and got the right result.

(2) The time complexity is O(nk), where n is the
number of objects, k& is the number of clusters.

(3) CABOSFV is very efficient to handle iarge da-
taset due to the low time complexity. We have listed in
last section that the average computation time is about
7 seconds for 100000 data objects of 100 and 200 di-
mensions to be grouped into 10 clusters.

(4) It is not sensitive to noise. CABOSFV can
identify outlier objects and thus they can be removed.
In the above example, customer 3, customer 6, cus-
tomer 11, customer 13 and customer 14 are all outliers
X,

1 1 1 . .
X, X;" and X," respectively, which are re-

. . . |
and are assigned into the outlier clusters X,",

moved from the final result.
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