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Abstract

The aim of this paper is to present a novel subspace clustering method named FINDIT. Clustering is
the process of finding interesting patterns residing in the dataset by grouping similar data objects from
dissimilar ones based on their dimensional values. Subspace clustering is anew area of clustering which
achieves the clustering goal in high dimension by allowing clusters to be formed with their own correlated
dimensions.

In subspace clustering, selecting correct dimensions is very important because the distance between
points is easily changed according to the selected dimensions. However, to select dimensions correctly
is difficult because data grouping and dimension selecting should be performed simultaneously. FINDIT
determines the correlated dimensions for each cluster based on two key ideas: dimension-oriented dis-
tance measure which fully utilizes dimensiona difference information, and dimension votingpolicy
which determines dimensionsin a probabilistic way based on V' nearest neighbors’ information. Through
various experiments on synthetic data, FINDIT is shown to be very successful in the high dimensional
clustering problem. FINDIT satisfies most of the requirements for good clustering methods such as
the accuracy of results, the robustness to noise and cluster density, and the scalability to dataset size
and dimensionality. Moreover, it is gracefully scalable to full dimension without any modification to

algorithm.



1 Introduction

Data Mining is the process of extracting unknown and potentially useful information from database.
It can be used in many application areas like insurance, health-care, database marketing, stock man-
agement, and scientific knowledge discovery. Clustering is one of the frequently used tools in Data
Mining, which refers to the process of partitioning data so that intra-group similarities are maximized
and inter-group similarities are minimized at the same time. It is especially useful in the condition when
there is little knowledge about the given dataset. Therefore, many data clustering techniques have been
proposed[3, 5, 6, 7, 8, 9, 15, 16, 22]. However conventional clustering methods do not scale well to high
dimension in terms of effectiveness and efficiency. There are some problems that prevent them from
perfoming well in high dimensional datasets. Firstly, it isdifficult to distinguish similar points from dis-
similar ones, since the distance between any two points becomes almost the same valug[17]. Secondly,
clusters tend to exist in different subspaces[10].

One possible extension of conventional clustering is the application of dimension reduction tech-
nigues. These approaches lower the dimensionality first, either by removing less important dimensions
or by transforming the original space to a low dimensional space. Then conventional clustering tech-
niques are applied to the dataset in reduced dimensions. But because clusters can be formed in different
subspaces, such kinds of dimension reduction can get rid of useful dimensional information from some
clusters. Asaresult of the lost information, it can generate clusters that may not fully reflect the original
clusters' properties. Moreover, the generated result is usualy not suitable for further analysis, which is
required by many data mining applications.

Subspace clustering is the answer to this challenge. It achieves the clustering goal by allowing clus-
ters to be formed with their own correlated dimensions. Since it was first proposed by [10], severa
different subspace clustering methods have been presented and had some success[13, 14, 18, 19, 20].
Recently suggested subspace clustering algorithms can be broadly classified into two categories. grid-
based approach[ 10, 14, 18] and partitioning approach[13, 19]. The grid-based approaches mainly focuses
on the detailed space segmentation to report the dense regions, and the partitioning approaches focus on
the digoint cluster generation.

CLIQUEJ10], thefirst subspace clustering algorithm, partitions the whol e data space into non-overl apping
rectangular units and then searches for dense units based on the assumption: “If a k-dimensional region

is dense, the (k-1) dimensional region containing it should also be dense”. After dense units are found,



several sets of connected dense units are reported as clusters. CLIQUE performs a heuristic pruning step
to reduce the number of candidate spaces which increases exponentially according to the dimensional-
ity. However, there is a tradeoff between accuracy and time. ENCLUS[14] uses the similar approach
suggested by CLIQUE. It suggests three requirements for good clusters and one measure, hamed en-
tropy measurethat satisfies those requirements. In the clustering process, the entropy measure is used
to prune away uninteresting subspaces efficiently. MAFIA[18] is another extension of CLIQUE. It pro-
poses so-called adaptive grid to enhance the effectiveness and efficiency of CLIQUE and adopts parallel
processing to deal with large datasets. These three subspace clustering methods are effective at find-
ing arbitrarily-shaped clusters. However, the scalability to high dimension is the common problem of
grid-based approaches.

PROCLUS[13] is a variation of k-medoid algorithm in subspace clustering. It starts by choosing a
random set of k£ medoids and iterates to improve the quality of result by exchanging bad medoids with
new ones. In each iteration, al data points are assigned to their nearest medoids, and each cluster’'s
dimensions are selected based on assigned points. When the quality of result does not change within a
certain number of medoid changes, the algorithm stops and reports the generated clusters as the result.
ORCLUSY[19] isthe extended version of PROCLUS, that deals with the correlation of the arbitrary axis.
As in PROCLUS, in each iteration, points are assigned to the nearest seeds to form clusters, but the
distance is measured in arbitrary dimensions of each cluster. To find out the hidden dimensions of
clusters, ORCLUS uses singular value decomposition which is afamous dimension reduction technique.
At the end of each iteration, the number of seeds and their dimension sizes are reduced according to the
given factor o and 3.(Note that the initial number of seeds are much larger than the number of clustersk.)
The agorithm stops when the remaining number of seeds are reduced to k. In general, both PROCLUS
and ORCLUS generate highly disjoint clusters compared to CLIQUE.

CLTree[20] is another interesting method which does not belong to any of the above two classes.
It modifies decision tree which is originaly a classification method, to make a subspace clustering
algorithm. Because decision tree algorithm requires every point to have a binary class label, CLTree
regards all pointsinthe given region aslabeled Y, and then scatters virtual pointslabeled NV into the given
region uniformly. For Y class points and IV class points in the given region, the best cut distinguishing
two classes is selected. Sequentially two partitioned regions become the child nodes of the original

region, and this process is repeated until the decision tree is completely constructed. After decision tree



construction, since too many regions are usually generated, pruning and merging steps are subsequently
performed to make appropriately-sized clusters.

Although these previous subspace clustering methods have been successful in some points, they have
problems relating the scalability to the dimensionality[10, 14, 18] and dataset size[13, 19]. Moreover,
none of them has reported the robustness result to the noise ratio and the volume of clusters. The ro-
bustness against them becomes important, because when the dimensionality of the dataset increases, the
noise(i.e. outliers) would probably increase, and a cluster can have some dimensions in which its points

are widely distributed.
1.1 Contributionsand Layout of the paper

We present an algorithm, named FINDIT(a Fast and INtelligent subspace clustering algorithm using
DImendion voTing), which ishighly accurate in various conditions and very fast in spite of theincreasing
dataset size and dimensionality. We aso suggest a new distance measure devised for subspace clustering
which could be usefully adopted by other high dimensional clustering methods.

The remainder of the paper is organized as follows. Our motivation and the algorithm overview are
written in Section 2. The detailed explanations of the algorithm are presented in Section 3. Section 4
explains about the datasets used in the experiments and the performance results. In Section 5, we discuss

the various properties of FINDIT. Section 6 contains conclusions of our research work.

2 Preliminaries

2.1 Motivation

A. Dimension-Oriented Distance

Dimension oriented distanéod) is our unique distance measure which utilizes dimensional difference
information and value difference information together, whilethe conventional distance measures use only
value difference information. We measure the similarity between two points by counting the number of
dimensions in which the two points value difference is smaller than the given ¢, because we think they
are “near enough” on that dimension. That is, if the Manhattan distance between two points is less than
e on that dimension, we think the two points are “equal” on that dimension. This distance measure is
based on the philosophy that in high dimension it is more meaningful to be close to each other in many

dimensions than to be very close to each other only in afew dimensions.



For apoint p in adataset, let D, be a subspace composed of the dimensions in which the dimensional
values of p are meaningful,!? and let p(d) be avalue of p in d-dimension. We define directed dod from

apoint ptoapoint g as:
dode(p — q) = |Dp| — [{ | [p(d) — q(d)| < €,d € D, N Dy}|,
and we define dod(p, q) as the maximun value of two directed dod values between p and ¢. That is, ;

dod(p, q) = mazx{dod.(p — q),dod.(q — p)}. (@)
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Figure 1. Conventional Distance vs. Dimension-Oriented Distance whene=5

To explain the meaning of dimension-oriented distancge present an example in Figure 1. For a
given e = 5, point B is closer to O than point A if we use conventional value difference distance mea-
sures such as Euclidean distance measure and Manhattan distance measure. On the other hand by our
distance measure(i.e. by dimension-oriented distance measiré is closer to O than B isbecause A is
within e-range of O on every dimension. Note that, if not specified differently, the distance in this paper

always means dod distance for the given e.

B. Estimating Correlated Dimensions based on Nearest Neighbors
In subspace clustering, since the similarity between two points is easily changed according to the se-
lected dimensions, finding the real correlated dimensions is the key to generate good clusters. However,

this dimension selection problem is very difficult because data grouping and dimension selecting should

'We use the notation D to denote the whole space of the given dataset.

2«Meaningful” means that the corresponding dimensional value is used to measure the distance to other points. For each
point p in the dataset, the initial D,, is D because we do not know the subspace in which the point p belongs at the beginning
of clustering.



be performed at the same time. FINDIT estimates the original correlated dimensions of a point p, uti-
lizing its nearest neighbors' information. Figure 2 explains the usefulness of using nearest neighbors

information.

Neighbors Neighbors
56| 7

Cluster| Size | Correlated Dimensipn

A 43 3,5,6,8,10

B 160 1,3,56,8,9 10

C 129 9,10

D 31 2,3,6,8,9, 10

E 337 2,4,6,7
Outlier| 300

(@) Sample DataSet (b) Point p ’s10 nearest neighbors (c) Point g ’s 10 nearest neighbors

Figure 2: Sample dataset and 10 nearest neighbors of point p and q

In this example, a dataset composed of 1,000 points in a 10-dimensional space is presented in (a).
There are five different clusters that have their own correlated dimensions, and for each correlated di-
mension of a cluster C, al pointsin C' have values generated according to the normal distribution with
a certain mean value and average variance of 9. For the non-correlated dimensions and outliers, the di-
mensional values are uniformly selected from the whole value range.(All dimensions' value ranges are
set to [0,100].) Finally, 30% of dataset are generated as noise(or outliers).

Two matrices (b) and (c) show the 10 nearest neighbors of points p and ¢ respectively, where e isgiven
as 15. In (b) and (c), agrey cell means that difference between the given point and the corresponding
neighbor is smaller than or equal to the given ¢(=15) vaue for the dimension identified by the row
number. For each dimension in (b), if we pick up the dimensions which has more than 7 grey cells, its
selected dimension set becomes {2,4,6,7} which is same as the correlated dimensions of Cluster E in
(8). We can obtain the dimension set {1,3,5,6,8,9,10} for the case of (b) by this method.(Note that, the
outlier points usually have empty or tiny dimension sets, it is not shown here due to the lack of space)

This example shows the possibility that we can estimate an original cluster’s correlated dimensions
by using neighbors’ information of a point which belong to the original cluster, although some problems
remain such as the decision threshold. We developed our unique dimension selection method, named
Dimension Voting, based on this possibility. When V' nearest neighbors are chosen for the dimension
selection process, we call them voters because the following process is similar to voting on D different

guestions related to whether or not a certain dimension d isacorrelated dimension of the original cluster
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where the given point belongs. To use dimension voting, we should find out the proper values for the
number of voters, the threshold for the decision, and the appropriate size of e. The method to determine

these values is written in Sec 3.
2.2 Algorithm Overview

A. User Parameters and Result

The input for FINDIT is the dataset and two user parameters Cpinsize aNd Dyyinaist- Severa digoint

clusters in their own subspaces and one outlier cluster are generated as a result of clustering. Because
our user parameters Cinsize aNd D,inaise @€ NOt usual parameters used in previous clustering methods,
we explain their meaning here. Thefirst parameter Cy,insi-e reflects the user’s wish about the minimum

size? of clusters, since the clusters containing relatively a small number of points compared to dataset
size do not interest the user in most cases. This minimum cluster size of interst usually increases accord-
ing to the dataset size. Hence, FINDIT does not report the clusters smaller than G,iy,si¢, and this size

constraint which is natural but has been neglected by many previous methods, becomes a useful infor-
mation for FINDIT. The second user parameter D,,,;nqis: 1S the requirement for the minimum difference
between two resultant clusters. If the dod distance between two clusters is smaller than D),,;,,q4is: fOr

the selected ¢, they are regarded as one cluster by FINDIT and are subsequently merged. FINDIT uses
D,indist 10 make a decision on whether two clusters should be merged or not, especially when they are
similarly distributed for some dimensions and differently for other dimensions. From a different point of
view, Dp,indist €8N be thought of asthe number of correlated dimensions that a cluster should neglect to

be merged with another.

B. Brief Summary of the Clustering Process
FINDIT is composed of three phases. sampling phase, cluster forming phase, and data assigning phase.
In sampling phase, two different samples are generated by a random sampling method. The first set S
is constructed from the dataset as a distribution sample representing the given dataset, and the second
set M is also made from the dataset but is smaler than S. The points in M are used as representa-
tives(=medoids) of original clusters.

The goal of the second phase, i.e. cluster forming phase, is to obtain the original clusters correlated

dimensions and locations using two samples S and M. To achieve the goal, firstly, we determine the

3Whenever we refer to the sizeof a cluster or a medoid, sizemeans the number of points assigned to it. For the range of
value distribution of a cluster’s pointsin a dimension, we use the term diameteror radiusinstead.



correlated dimensions of all medoids in M by our dimension voting method. Then the medoids which
are near from each other in dod measure are grouped together. This group of medoids, named medoid
cluster, is a sort of wireframe which simulates the origina cluster's size and correlated dimensions.
Because different medoid cluster sets are generated for each iteration on e, an evaluation criteriais used
to choose the best € and the corresponding medoid cluster set M ;. After cluster forming phase, the
selected medoid cluster set is given to the following phase as the best summary of the original clusters.
In data assignment phase, all points are assigned to their nearest medoid clusters, and the points not

assigned to any medoid cluster are regarded as outliers.

R B . g .
A -:!n.'. c Sampling ponset - Cluster Forming ™~ X Data Assigning % "“ ..
:_ﬁ ‘e b Phase . = Phase J ¥ Phase 'ﬁ - ke

Dataset o Best Medoid Cluster set MC Final Result
. .

Medoid set M

Figure 3: Overal Framework of FINDIT

3 FINDIT(aFast and INtelligent subspace clustering algorithm using DI -
mension voting)

3.1 Sampling Phase

In sampling phase, two different samples S and M are made from the dataset considering the dataset size
N and the user parameter C,,;nsize- 1N Order for the subsequent process to work properly, any origina

cluster larger than Ci,insi-e Should have more than a certain number of pointsin S and have at least one
pointin M. For S and M to satisfy the above property, we should answer to the question of “How many
points should be selected for S and M respectively?’. Asasolution of this question, Chernoff boundss
proposed in [22]. According to Chernoff boundghe minimum size of sample S, which assuresthat every
cluster in sample S will have more than £ points in the sample by the probability of 1-4, is computed by

the following equation:

Chernof f-bounds(S) = &kp + kplog(%) + kp\/(log(ﬁ))2 + 2{[09(%) . 2



Constant & is the number of clusters, and p is avalue satisfying minsize = kﬂ_p (p > 1), where N isthe
size of the dataset and minsize isthe size of the smallest cluster in the dataset.

To obtain Chernoff bound$or sample S, typically we use the setting ¢ = 30, 6 = 0.01, minsize =

Crinsizes kK = 5——, and p = 1.(p is computed following the equation p = —=~——.) Constant k

Chinsize minsize

is Set t0 - from the fact that there can be maximally -—~— clusters because the smallest cluster

ze

sizeisgiven as Cinsize DY the user. This setting meansthat when |.S| isgreater than Chernoff-bounds($)
even the smallest cluster in the dataset has a99% probability to contain more than 30 pointsin sample S.
When N is100, 000 and Cyinsize are given as b, 000, sample size | S| satisfying Eq. 2 is approximated to
1037. Especially since Constant &, which defines the minimum cluster sizein .S, corresponds to the role
of Chuinsize iNthe dataset, we use the notation s, to indicate the value used for . Hence spinsize IS
30 in the above example. The Chernoff bound$or medoid sample M is obtained within the same setting
used to estimate |.S|, except for . In thiscase, £ is set to 1 because at least one medoid is required for
the smallest cluster. Asaresult, the Chernoff bounds$or M is approximated to 224 for the same dataset.
To get sample S and M, we randomly select points from the dataset, because previous experiments
show that arandom sampleisat least better than the sample obtained by BIRCH clustering method[7, 11].
Note that any sampling method can be used instead of random sampling as long as it guarantees good
summary of the dataset. From the point of the time complexity, the time required in sampling phase is
negligible compared to the whole clustering process. When dataset size is N and the required random
sample size is | S|, the complexity of sampling is known to be (|S| + |S|log%)[l]. And the sample
process needs just one sequential scan of the dataset because M and S are generated simulaneously.

More detailed information about sampling can be found in [1, 11, 21, 22].
3.2 Cluster Forming Phase

Cluster forming phase is iterated severa times with increasing € value. Throughout the whole phases
of FINDIT, except sampling phase, ¢ is a key running parameter which determines dod distance. If
€ is too small, the distance between any two points becomes D, which is the maximum distance, and
as aresult the clustering cannot be performed. Hence to find appropriate e, we try 25 different values
in [Wlovaluerange : %valuerange]. At each end of iteration, 25 medoid cluster sets generated by
corresponding 25 different e values are evaluated by our soundness criteria. Finally, we determine the

best medoid cluster set and use it in the following data assignment phase.



procedure Cluster For ming(sminsizes Dmindist)

Il Spninsize: Size Threshold for the smallest cluster in S

Il Dypingise: Distance Threshold for any two medoid cluster pair

S Set of sampled points

M:: Set of sampled medoids

E: Set of 25 candidate epsilons = {ﬁvaluerange, Tg()valuerange, R %valuerange}
MC.: Set of medoid clusters for given e

begin
bestepsilon := 0; M Chestepsiton = 0;
for each e in E do begin
Step 1. Determine key dimension$or every medoid m in M;
Step 2.1. Assign every point p in S to the nearest medoid in M,
//Each assigned medoid should satisfy Eq. 4
Step 2.2. Merge similar medoids in M to make medoid cluster set M C;
//Any two medoid clusters with lessthan D,,;,q:: distance are merged together.
Step 2.3. Refine medoid clsutersin M Cy;
/Imedoid clusters which are too small are removed from M C..
/[After dimension tuning, afew medoid clusters are additionally merged together.
Step 3if Soundness(M C,) > SoundnesS(M Ciestepsiton) then bestepsilon := e;
end
return Mcbestepsilon
end

Figure 4: Cluster Forming Subroutine

Step 1. Dimension Voting

The purpose of this step is to determine the correlated dimensions for all points(=medoid$.) in M and
we will use the notation key dimensionso indicate these correlated dimensions. To get the information
required to decide key dimensiond/ nearest neighbors are sequentially searched from .S for each medoid
in M. (notethat sequential search isfast enough because | S|-|M | issmall enough) The distance between

apoint pin S and amedoid m in M is measured as follows:
dode(m,p) = |D| = [{ d | |m(d) — p(d)| < ¢,d € D}|.° 3)

Thisis the dod measure defined in Eq. 1 because D,, = D and D, = D. (Until now, p and m are all
meaningful in the whole data space D. That is, no correlated dimensions are selected for both points
yet.)

As mentioned in Sec. 2, we regard this V' nearest neighbors as voters, and the dimension selection

as the voting process for D questions. For the question “Is Dimension d a correlated dimensionf the

“From now on, we refer to apoint in M as amedoid to distinguish it from the point in S
®p(d) isthe d-dimensional value of a point p.
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cluster to which m belongs?’, if a neighbor’s d-dimensional value from m is less than or equal to the
given ¢, it is considered that the neighbor votes on “Yes’. Then the question is transformed into two
different questiones: “What is the threshold for a correct decision?’ and “What is the proper number of

voters?” We explain them in Property 1 and Property 2.

Property 1 The number of “Yes” votes on any non-correlated dimension follows binomial probability
. . . . _ 2 . . .
distribution B(n : V,p) wherep = ——=—— provided that all voters belongs to the same original

valuerang

cluster as the given medoid.

Proof.  When we assume that all V' voters belong to the same original cluster as m, the remaining
guestion is to categorize the dimensions polled “Yes’ votes into two classes: the dimensions supported
by a certain correlation and the dimensions supported by chance. Based on the meaning of correlation
and the assumption of V' voters, we can say that the values of voters for a non-correlated dimension d
are uniformly distributed throughout all value ranges of the dimension d. Then the random probability p
of [m(d) —v(d)| < ¢, which means the “ Yes” vote by chance, becomes o2 . Because there are V/

voters and each voter’s d-dimensional value is independent from each other, this voting process follows
binomial probability distributionB(n : V,Wfange) where n is the random variable between 0 and

V. Based on the above model, the threshold that makes the probability P(X > T') to 0% can be easily

obtained by referencing cumulative binomial distribution table. O
Property 2 The maximum number of reliable voterssig,size-

Proof. The assumption for Property 1 isthat all V' voters belong to the same original cluster as that of
the given medoid m belongs to. Because the distance measure used to find V' nearest neighbors is our
suggested dod measure, the probability for an irrelevant point to be close to m without any correlation
is very low, even with large € value. Moreover, when two points are near enough from each other in
many dimensions, we cannot say they are irrelevant. Then how many nearest neighbors can participate
in the voting? The reliable bound for this question is obtained from the setting for sample S. All original
clusters larger than C,,,;,.4i.e have more than s, insize points of their own in S. When e value increases,
the points which belong to the same original cluster eventually become nearest neighbors of m, and their
number amounts to s,,;nsi-e €ven for the smallest cluster. Hence, the maximum number of reliable voters
IS Sminsize- O
Any number less than s,,,:nsi-e 1S good for V.. However, we suggest a value between 10 and s,insize

because the disciminating power of binomial probability distribution is weakened when V' is less than

11



10. When a dimension d has polled more “Yes’ votes than the referenced threshold, we regard that a
certain correlation exists in d For example, when V' = 20, € = 10, and the normalized valuerange is
[0,100], the probability that a certain dimension d polls more than 11 votes without any correlation is

referenced as 0. So we use 12 as the decision threshold in this case.

Step 2. Cluster Simulating

Step 2.1. Member Assignmertbince the set of key dimensiondg( D,, is generated for each medoid m
in Step 1, each m is meaningful in its subspace composed of K D,,. To verify whether there is realy
a cluster in the subspace of K D,,, pointsin S are assigned medoids. For every point p in S and every

medoid m in M, p isassigned to the nearest m satisfying the member condition in Eq. 4.
member assignment condition :  dod.(m — p) = 0. 4

This means that p can be assigned to (m)s such that p iswithin e from m for al dimensionsin K I),, and

is assigned to the one of them which has the largest key dimensions.

Medoid KD, m’s position
n=(586.65,8) m | {134} (1,7,.3,2,8)
5=(329,9,7) m, {2,3} (3,5,7,1,4)

m, {3,5} (2,6,1,4,3)
D=5 |M|=5¢€ =2 m, {1,4,5} 9,9,8,1,2)
m {2,3,4,5} | (7,8,5,6,9)

(@) Pointsp, p, and All Medoidsin M

Medoid| dod (m= p)| dod (p= m)| dod (m,p ) Medoid| dod (m= p)| dod (p= m)| dod (m,p )
m 3 5 m 2 4 4
m, 0 3 3 m, 1 4 4
m, 2 5 5 m, 2 5 5
m, 3 5 5 m, 3 5 5
m 0 1 1 m 2 3 3

(b) directed dodand dod

Figure 5: directeddod, asthe membelassignment condition

Figure. 5 is an example of member assignment. In this example, the dataset dimensionality D is5,
the value range for all dataset is[0,10], the sample medoid set M has five medoids, and € is 2. When we
assign p; from S, there are two medoids my and ms which satisfy Eq. 4 which means directeddod, is

0. Then the point p; isfinaly assigned to m; between my and m;, because dod, (ms, p) is smaller than

We refer to the selected correlated dimension as key dimensiorand use the notation K D,, to indicate the set of m's key
dimensions

12



dods(ma, p). Inthe case of p,, because there are no medoid satisfying member assignment condition, the
point py isregarded as an outlier. Note that, if the member assignment condition is not satisfied between
amedoid m and a point p, p is not assigned to m no matter how small dod.(m, p) is.

We refer to the point assigned to m as memberof m. By the above assignment policy, medoids
with many key dimensionkave more chances to obtain many members. Moreover, the strict condition
dod.(m — p) = 0 forces the medoids with irrelevant key dimensions, which is chosen as false positive,

to have few points.

Step 2.2. Medoid ClusteringAfter Step 2.1, there are many medoids which have their own key dimen-
sionsand members We group similar medoids together until their dod distances are smaller than the
threshold D,,;nq:5¢, Which is given as the user parameter. We refer to this group of medoids as medoid
clusters, to distinguish them from the clusters that would be presented to the user as the final result.(A
medoid cluster can be thought to be awireframe of the original cluster, which reflects the corresponding
original cluster’s correlated dimensions and the location in the subspace made by those dimensions.)

To cluster medoids, we use the groupwise aveage clustering method(gac) which is a well-known
hierarchical clustering algorithm[2]. It starts clustering by regarding al medoids as different medoid
clusters, and repeatedly merges the closest pair into one until all medoid clusters are different from each
other morethan D,,,;n4is:- TO USE gac, wefirst make adistance matrix for every medoids, and the distance
is measured by dod,.. For the distance between two medoids m; and m;, which are meaningful in the

subspace made of K Dy,,; and K D, ; respectively, dod measure for them is rewritten as follows:
dode(mg, m;j) = maz{|Dm, |, |Dm;|} — [{ d | |mi(d) —m;(d)| < €,d € Dy, N Dy}, (5)

where m;(d) is the d-dimensional value of m; and m;(d) isthe d-dimensional value of ;. To improve
the effectiveness of gac, we make an exception to Eq. 5. That is, if |{ d | |mi(d) — m;(d)| < e,d €

Dpn; N D, }| < 2, the distance dod (m;, m;) is set to D as a penalty. Note that D is the maximum
distance in dod, measure. This penalty isimposed on the pair of medoids which are far from each other
S0 as to be overlapped in just one or no dimension. It improves hierarchical clustering’s effectiveness by
preventing the union of a pair of medoids which are initially very far from each other. Eventually, the
distance between any two medoid clusters are computed as the weighted average between the medoids
belonging to them.

E7711‘67!10,4,771]'67710)5‘(|7ni| ’ |m]| ’ dOd(m’hm]))

(Zimsemeqmil) - (Emj6m63|mj|)

dod¢(mecy, mep) =

(6)
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where |m,,| means the number of m,’s membersnd mcx means amedoid cluster X.

Gac clustering stops when the distance for every pair of medoid clusters is greater than D,inqis:-
The meaning of D,,,;,4:s: 1S the highest limit of the amount of key dimensiomnformation that should be
discarded for a medoid cluster to be merged. In Eq. 6, the weight of a medoid is the number of points

assigned toit. Therefore, amedoid containing many memberslso has moreimpact in clustering process.

Step 2.3. Medoid Cluster Tuning=ach resulting medoid clusters obtained in Step 2.2 has information
inherited from the medoids in it. That is, the size of a medoid cluster |mc| is defined as the sum of its
|m|s, and its key dimensiorset K D,,. is made from the key dimensiorsets (K D,,)s (for al m € mc).
Since each medoid m in mc can have dightly different K D, from each other, we make K D,,. by
averaging the information in (K D,;,)s. The average selection ratio for a dimension d is obtained as
follows:

Y, 0; - [

; ()

I TS mil

where m; is a medoid in the given medoid cluster, |m;| is the number of membersassigned to m;, and
¢; isabinary function which is set to 1 when dimension d is a key dimensiomf n; and is otherwise set
to 0. If avgg = 0.9, it means that 90% out of al membersare assigned to mc regarding d as the key
dimension Therefore we take a dimension d as the key dimensiorof the medoid cluster when avg; is
large enough, so to speak, over 95%. In fact, any value between 90% - 100% brings aimost the same
result. Once K D,,. isobtained, all medoids in mc are meaningful only in the subspace made by K ID,,...

When K D, is determined to every resultant medoid clusters, a few medoid cluster become closer
to each other than D,,,;,4s:- Because we want the final resultant clusters to be digjoint enough, those
similar medoid clusters are merged(K D,,,. for each merged medoid cluster is regenerated also.) In
addition, before going to the evaluation phase, some of the medoid clusters smaller than $,;y,si.c are
removed because their corresponding original clusters would be smaller than G,;psi... For the given
€, we use the notation M C, to denote the resultant medoid cluster set generated as the result of cluster
simulating step.

Step 3. Evaluation

Because the cluster forming phase isiterated 25 times variating epsilon froms$; valuerange to &xvaluerange

by the degree of Wlovaluemnge, we should determine a medoid cluster set M C. which has best prop-

erty, i.e. the one that would possibly extract clusters’ information best from |S| and | M.
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The soundness criteria M C; is measured by the following equation:
Soundness(MC.) = Z (|me| x | K Dpel), (8)
me€ MCe

where |mc| is the size of medoid cluster mc and | K D,,.| is the number of key dimensionsf mc.
Using this soundness criteria we represent the amount of the information contained in M (; by medoid
clusters' key dimensionand member§.e.points assigned to them). That is, when there are two medoid
clusters mc, and mc;, representing an identical original cluster (m¢, € MC¢,, mcy, € MCy,, €1 # €2),
we prefer the one which has more dimensional information if their sizes are equal. As a result of 25
evaluations, the best medoid cluster set M Gyestepsiton With the greatest soundness value is given to the
data assigning phase.

procedure DataAssigning(M Chestepsiton)
Il M Cyestepsiton: the medoid cluster set generated when e = bestepsilon

begin
min_dod := D; nearest_-mc := null;
for each point p in the given dataset do begin
for each medoid cluster mc in M Chesiepsiton do begin
for each medoid m in mc do begin
if dOdbestepsilon (m - p) =0and dOdbestepsilon (map) < min_dod then begln
mingod := dod_bestepsilon(m,p); nearest_mc := mc;
end
end
end
if nearest_mec <> null then assign p into nearest_mc;
else assign p into Outlier_Cluster,
end
end

Figure 6: Data Assigning Subroutine

3.3 DataAssigning phase

In this phase, all pointsin original dataset are assigned either to amedoid cluster inthe M Gesiepsiton OF
to an outlier cluster. The principle of point assignment in this phase is exactly the same as that used in
the member assignment step in the cluster forming phase. If a point is assigned to a medoid m, which
belongs to a medoid cluster mc, it has the same meaning that the point is assigned to me. The only
difference hereisthat the key dimension set K D,,,. of amedoid cluster is used as the key dimension set

of each medoid m(m € mc) because each m in mcis meaningful in K D,..
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Because the bestepsilon is sometimes selected as large as %valuemnge, we should think about
the risk for a cluster to have outliers. However, when the correlated dimensions of a cluster is more than
3, the probability of the risk is very low even for the largest €. In addition, the relatively high risk in low
dimension such as 2 and 3 cannot degrade the value of our approach because subspace clustering is for

high dimensional clustering where the data space is composed of decades of dimensions.

4 Experimentations

We conducted a series of experiments designed to measure the performance of FINDIT in terms of
accuracy, robustness, and scalability. For this purpose we generated various synthetic datasets based on
the method described in [13], variating the range of parameters. All of the experiments were run on a

Pentium-3 500M Hz Linux machine with 1 GB Memory and 15 GB SCSI type disk drive.
4.1 Dataset Generation Method

We implemented the data generation method suggested by Aggarwal[13], which is an extension of the
Zhang[7]'s method to subspace clustering. In Aggarwal’s method, there are six different parameters
which determine the properties of the generated datasets: the size of dataset N, the number of clusters
K, the dimensionality of dataset D, the number of average correlated dimensions AD, the percentage
of outliers PO, and the standard deviation value range [SRin,S Rimaz] Which is related to the cluster
point distribution in each cluster. The number of correlated dimensions for each cluster is obtained from
Poisson distribution using AD as its mean value. The first cluster’s correlated dimensions are selected
randomly and the successive cluster takes half of its predecessor’s correlated dimensions asits correlated
dimensions and randomly choose other correlated dimensions. In each dataset, NV - (1 — PO) points are
generated as cluster points and the remaining points are uniformly distributed in the whole data space.
The cluster size of each cluster is obtained based exponential distribution. The assigned cluster points
are distributed around the cluster's center point in correlated dimensions and uniformly distributed in
non-correlated dimensions. For every correlated dimension, cluster points are distributed according to a
normal distribution with the cluster’s center point value as its mean and with a certain standard variation
value from [SRin, S Rmax]-

If astandard deviation sr is selected for a certain dimension d, from the property of normal distribu-

tion, 95% of cluster points would be within 2 - sr distance from the cluster’s center point in dimension
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d. Therefore, we approximate the cluster’s d-dimensional diameter is 4 - s’ Eventually, we refer to
the value 4 - SR, asthe maximum cluster diametaf the dataset generated, utilizing SR,,., asits
maximum standard deviation. Note that S R, correspondsto - s in[13]. A more detailed description

about data generation method can be found in [13].
4.2 Generated Datasets

To study FINDIT’s performance with awide range of dataset characteristics we have generated different

datasets, variating a set of parameters summarized in Table 1.

| Parameter | Value(s) | Interpretation
N 100,000 Dataset Size
K 5, 10 Number of Generated Clusters
D 20, 30, 40, 50 Dimensionality of the Dataset
AD :D, 2D, 2D Average Number of Correlated Dimensions for Each Cluster
[SRmin, SRmaz] [2/4], [3,6], [4,8] Standard Deviation Range for Cluster Point Distribution
PO 10%, 20%, 30%, 40%, 50% | Percentage of the Outliersin the Dataset

Table 1: Prameter Settings for the Generated Datasets

A total of 360 different datasets were generated based on the parameter values in Table 1, and all
datasets have K clusters with size larger than 5,000 which is% of each dataset size. We primarily
explain FINDIT’s performance using the results of datasets containing 5 clusters.(In what follows, the
number of clustersisb, if not specified differently.) We named all datasets after the parameter val ues used
in dataset generation. First of al, weuse S;, So, and S5 to indicate the cases when [SR,in, S Rimaz] @€
[2,4], [3,6], [4,8] respectively. For example, the dataset S; Doy A D7 POy 1 refersto the dataset generated
when [SRyin,SRmez]=[2,4], D = 20, AD = % and PO = 10%. We grouped 60 datasets having the
same standard deviation ranges and refer to them as atest suite. Therefore, suite § means the collection
of 60 datasets which have names starting with S;. In terms of cluster diameter, each dataset in 51, Ss,
and S3 have maximum cluster diameters of 16, 24, 32 respectively. Note that the dataset represented as
Case (2) in [13] corresponds to dataset .S; Doy AD 4 POy o5 in our notaion, which has low cluster diameter

and alow percentage of outliers compared to our average datasets.

"In astrict sense, we cannot say the diameter of acluster but we use it for the explanation purpose.
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4.3 Parametersand Default Setting for Algorithms

For the purpose of comparison, we implemented the code of PROCLUS[13]. We compared the perfor-
mance of FINDIT to that of PROCLUS for robustness tests and scalability tests. Although the version
of PROCLUS we used might not be an optimized version of PROCLUS, we can see the tendancy of
its performance. We selected PROCLUS between previous subspace clustering a gorithms from several
reasons. First of all, grid-based methods such as CLIQUE are not suitable to compare the accuracy of
digoint clusters which is one of the virtues of FINDIT(it is experimentally shown that CLIQUE is not
as good as PROCLUS for digoint cluster generation[13]). ORCLUS, which is an extended version of
PROCLUS focuses on arbitrary axis subspace clustering, which we do not consider in this paper. Fi-
nally, CLTreeis also not suitable for the comparison study because it needs the user’s intervention in its
pruning steps so that the clustering results are dependent on the user.

Now we describe the settings for sampling parameters and user parameters for FINDIT and PRO-
CLUS. For FINDIT, the user parameter S,insize 1S et 10 5,000, and D,;nqist 1S Set tO 120 in all tests.
Note that the user does not have to input correct minimum cluster size in the dataset; the users can use
any number for S,,insi-e 8Sthey want for the final clusters minimum size. There is certainly a tradeoff
between clustering speed and the size of clusters reported when S,,;,.5i-¢ iS t00 small compared to the
dataset size. However, without loss of generality, we can expect that S,insize iNCreases according to
dataset size N. We used sample S with size of 1037, and sample M with size of 224 for all cases based
on the user parameter Sy, insize and N(§ = 0.01, spinsize = 30). Because s;insize 1S Selected as 30,
the number of voters V' is set to 20, which is a value between 10 and s, (Performance results from
different values for V' are also presented in Sec. 5.)

For PROCLUS, it iswell known that the performance of PROCLUS depends on user parameters. So
for PROCLUS, we set the user parameters k and [ asthe optimal values for each dataset. That is, the user
parameter k, which is the number of clusters, is set to K that used to generate the dataset, the other user
parameter [, which is the number of average correlated dimensions of clusters, is set to the the number

of average correlated dimensions of all generated clusters in the given dataset.

18



4.4 Performance Measures

We measured the performance of FINDIT using three different measures. Confusion Matrix, K -value,
and DF;-pair. The first measure Confusion matrix[13], is used to revea the composition of results
compared to original clusters, and Figure 7 shows the shape of this matrix. The meaning of element ¢ ;

is the number of points which belong to original cluster j and are assigned to result cluster ;.

| Lt - [ [ [ K[K+1] k- thenumber of origina clusters.

St e, original cluster j's size.
; o Column(K + 1) : Outliersin the original dataset.

L : the number of result clusters.
nE+le; ; : result cluster i's size.
T+1 Row(L + 1) : Outlier cluster in the result.

(a) Confusion Matrix (b) Rows and Columns of Confusion Matrix

Figure 7: Confusion Matrix and its meaning

Because Confusion Matrix is not suitable to compare many results at once, we use K-value asthe
second measure. Fi-value is the harmonic mean of precision and recall which are two famous per-
formance measures in Information Retrieval. For every K original clusters in the dataset, the best result
cluster is determined so that ¢; ; is the maximum value between ¢; ; and cr, ;. Then recall, precision

and F'-value for cluster j are computed as the following:

.. Ci i Ci i 2 - precision; - recall;
precision; = % recall; = L+z771] Fi-valuej = — J L. (9)
Y cig X e precision; + recall

Themeaning of recall; istheratio of cluster j represented by its best matching cluster 4, and the meaning
of precision; is the posession rate of cluster j within cluster i. The best F-value; is1, and it can be
obtained when both recall; and precision; are al 1. That is, when the matching result cluster 7 has
al points of cluster 5 and has no point from any other original cluster. We use the averaged form
of Fy-value in the form of %E]K:l(Fl-valuej). In this averaged F-value, al origina clusters have
identical importance irrespective of their sizes.

We use Confusion Matrix and Fi -value to show how well the points are clustered compared to origi-
nal clusters. However, since Confusion matrix and F -value have no dimension information, we cannot
see how well the original clusters’ correlations are discovered. Therefore, we introduce a new measure,

named D F' -pair, which can be thought to be aform of (precision, recall) trandated according to the
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dimensional information’s view. For every cluster j in the dataset, the third measure D K -pair is defined

as follows:

_|KD; = CDy| | _|CD; — KDj|

DFy-pair; = (dprecision;,drecall;) = (1 , )
’ ’ ’ |C D] |C D]

(10)

where i is the best matching result cluster for j, C'D; isthe set of real correlated dimensions for original
cluster j, and K D; isthe set of key dimensionsf result cluster s.
Asin Fi-value, we mainly use the averaged D F} -pair to compare many results at once. The optimal

DFy-pair is (1,1), which means that all clusters dimensioal information is correctly discovered by

results clusters.
45 Quality of Result

For three test suites S;, So, and S3, containing 60 datasets respectively, the overall performances mea
sured by average Fi-value are 99.49%, 99.59% and 98.59%. To illustrate the accuracy of those results
in detail, we picked up two clustering results on Sy Dog AD7 POy 3 and S3 D29 AD7 POy 3 because their
quality was similar to the average. The F;-value for Case 1 was 99.3% and for Case 2, it was 98.96%.
In both cases the dimensionality D was set to 20, the average correlated dimensions of the dataset was
set to 7, and the percentage of outliers was set to 30%, as we can guess from the dataset names. The only
difference between the two cases is the maximal cluster diameter, which was set to 16(S R, = 4) for

Case 1 and 32(S R4, = 8) for Case 2.

| Cluster || Dim. Size [ Correlated Dimensions | Size | | = [ 33?26 | Eo} | i | lg | g | Ogt' |
A 9 2357910151618 | 33626 > 5 13 o e T o 5
B 8 0491014151618 | 8558
3 0 8445 [ 0 0 15
[ 6 037121418 7293 a 5 5 3 5 =110
D 8 0671213151718 | 12807 = 5 0T 703 5 5 CET,
E 7 02612151617 7714
out 30000 6 0 0 0 0 0 5822
: Out. 0 0 0 0 0 | 23813
(a) Dataset Description (b) Confusion Matrix Result

Table 2: (Case 1). Accuracy Result of dataset S; Dag AD7 POy 3

For the Case 1, the selected bestepsilon was 17, and 6 different clusters with additional outlier cluster
were generated as a result of the dataset S; Dog AD7 POy 3. Except for the 6th cluster, al five clusters
were well matched to original clusters. Although FINDIT adopts a strict assignment policy(Eg. 4),

no point from original clusters is regarded as an outlier. This result can be explained by the fact that
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| Cluster || Dim. Size | Correlated Dimensions | Size | | | A ] B [ C ] D | E [ Out.

A 6 31011131719 6011 1 0 0 0 [13576| O 5
B 7 281113151619 18132 2 0 0 | 5455 1 0 16
C 9 029111314151619 | 5551 3 77 118015 | O 36 36
D 9 016131416171819 | 13656 4 || 5888 2 0 0 65 9
E 5 0161418 26648 5 0 4 0 0 | 26523 | 290
Out. 30002 out. || 46 111 | 9% 24 0 | 29561
(a) Dataset Description (b) Confusion Matrix Result

Table 3: (Case 2). Accuracy Result of dataset S5 D20 AD7 POy 3

D Fy-pair was (1,1) which means the effectiveness of dimension voting policy in finding correlated
dimensions. In Confusion Matrix of Case 1, 113 points were assigned to Result Cluster 2 from Original
Cluster B. This kind of assignment occurrs from a coincidental conjunction of two events ; a certain
medoid in Cluster 2 satisfied the member assignment condition, and dod distance between those medoids
and 114 points was equal to the distance of Cluster 3. When there is more than one cluster which satisfy
member assignment condition, apoint is assigned to the cluster with more key dimensions. Inthiscase, it
isnot necessariliy thought to be wrong assignment because the correlated dimension sets of Cluster 2 and
Cluster 3, which have the same sizes, were correctly found, and those 114 points really had correlation
to Cluster 2 aswell as Cluster 3.

Cluster 6, which is not matched to any original cluster, was made from outliers, and its key dimension
set was {5, 15}. The user can use the information of low dimensional clusters or can just throw them
from correlation which istoo low. It istotally up to the user’s decision. Since the kind of clusters made
by chance have few key dimensions, they usualy have a large dod distance to points in the dataset.
Therefore, even if they can meet the member assignment condition easily, they do not prevent points
from being assigned to the correct result clusters. FINDIT does not require the number of clusters as a
parameter, however it generated almost as many as or dightly more clusters than the number of origina
clusters. Moreover, even when there were additional clusters, from the reason described above, the
overall performance was not affected by those additional clusters.

For Case 2 in Table 3, the best epsilon selected was 24. Compared to Case 1, some points belonging
to original clusters were regarded as outliers because a few exceptiona points can be generated from
the increased cluster diameter in Case 2: a point can have a value which is more than bestepsilon
distance from the any medoid in the corresponding result cluster for one or two dimensions from the

increased cluster diameter. However, compared to the whole cluster sizes, those exceptiona points are
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very small, and the total accuracy was also very high: asmuch as 98.96% of F-value and (100%,100%)
of D Fi-pair. The whole accuracy results on 60 datasets in Suite S, (N =100,000, K=5) can be found in

Appendix.
4.6 Robustness and Scalability

Robustnessto the Dimensionality D and AD : Asarobustness result with respect to dimensionality,
we compared the performance of FINDIT and PROCLUS in Fig. 8. Each Fi-value plotted in Fig 8 is

the result on the datasets S, D, AD, POqy .1 where x means the entire parameter range.

C_JAD=(1/3)D C_JAD=(1/3)'D
[IAD=(23)D [ AD=(2/3)'D
[ AD=(3/3)D I AD=(3/3)'D
100 4 — — — — 100
80 R | 1
60 _ &0
g 8
g g
£ ¢
w404 w0
20 20
o T T T T 0 T T T T
20 30 40 50 20 30 40 50
D D
(A) FINDIT (B) PROCLUS

Figure 8: Robustness to the Dimensionality D and AD : F -value result

As we can see from the results, FINDIT’s high accuracy is aways stable and is amost not affected
by the changes in D and AD. Both D and AD have changed the performance of PROCLUS. Espe-
cially for PROCLUS, the performance improves when the cluster dimensionality increases. In all cases,
FINDIT has shown higher quality than PROCLUS. Moreover, 10 cases out of 12 had the best D F -pair
of (100%,100%), and the remaining two had a D F; -pair of (99.50%,100%) and (99.13%,100%) respec-
tively. When acluster’s dprecision islessthan 100%, i.e. one or two correlated dimensions are wrongly
added, there isarisk of wrong decisions such that some cluster points are regarded as outliers. However,
since there are usualy many medoids in a medoid cluster, points are usually assigned to one of them
when dprecision isnot significantly low.

Robustnessto the Percentage of Outliers PO : Fig. 9 showsthe Fj -values for dataset So Dog AD, PO,
where x means the entire parameter range.

While FINDIT maintains very high accuracy in spite of the increase of outliers, the performance of

PROCLUS drastically decreases when the percentage of outliers increases. It is from the fact that in
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Figure 9: Robustness to the Percentage of Outliers PO : F-value result

k-means style algorithms such as PROCLUS, incorrect information from outliers is inevitable from its
generic properties. k-means agorithms believe that the moving center isthe natural way to find existing
cluster centers, because the center is moving based on newly assigned points, it is hard to determine
whether apoint isan outlier in itsiteration steps. Asaresult, when the number of outliers becomes large,
the moving center would not converge to areal cluster center. However, FINDIT does not use all points
information to determine the correlated dimensions; it uses only the guaranteed nearest neighbors’ in-
formation, and since an outlier point hardly becomes a nearest neighbor in dod measure, the correct

dimension selection process is not affected by noisy condition.

Robustness to the Number of Clusters and the Maximum Cluster Diameters: Now we descibe
the performance of FINDIT on different numbers of clusters and different cluster diameters. In Table 4,
each has the average performance value of 60 datasets of D, AD, PO,(the* means the entire parameter
range.) with corresponding row options and column options.

We observe that the quality of results are very robust to the number of clusters or to the size of cluster
diameters. When the maximum cluster diameter is 32(note that in this case, the corresponding minimum
cluster diameter is as large as 16.), the performance of quality sightly decreases. But considering the
large cluster diameter of 32, thisis arather impressive result.

Time Scalability to the dimensionality and dataset size: To test the time scalability to the dimen-
sionality, we plotted the execution time of FINDIT and PROCLUS for the datasets S, D, AD,PQOq 1 in
Figure 10(a). In the graph, we observe that FINDIT’s execution time increases linearly in a low rate

according to the increase of the dataset dimensionality D, and the cluster dimensionality AD, while the
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max cluster diameter
16(S1) 24 (52) 32 (53)
No.ofclusters || precision recall precision recall precision recall
K=5 99.88 99.26 99.76 99.44 99.23 98.15
K =10 99.83 99.66 99.38 99.22 97.88 97.81
(@) Avg(precision) and Avg(recall) of each 60 datasets
max cluster diameter
16(S1) 24 (52) 32 (S3)
No.ofclusters || dprecision | drecall || dprecision | drecall || dprecision | drecall
K=5 99.61 99.71 99.74 99.63 99.76 99.39
K =10 99.63 99.21 99.34 99.72 99.23 99.19

(b) Avg(dprecision) and Avg(drecall) of each 60 datasets

Table 4: (FINDIT) Quality Results on different number of clusters and different maximum cluster diameters

execution time of PROCLUS is largely dependent on D and AD. Although the efficiency of the two

methods are similar with small D and AD, the difference between them increases up to several times

accordingto D and AD.

—m— FINDIT AD=(1/3)D
130 - |--@-- FINDIT AD=(2/3)D
A FINDIT AD=(3/3)D

120 - |—o— PROCLUS AD=(1/3)D

(1/3
---O-~ PROCLUS AD=(2/3)D
(313

1109 |-~ PROCLUS AD=(3/3)D

Running Time in seconds
5
3

T
20

(A) Time Scalability with respect to the Dimensionality D and AD

T T
40 50

1000 -{ |—m— findit
O~ proclus
800 4

600 o

400

Running time in seconds

200 4

=
-—

T T T T T T T T T T T
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

N( x 1000)

(B) Time Scalability with respect to Dataset Size N

Figure 10: Time Scalability to Dimensionality and Dataset Size

To test the time scalability to dataset size, we created a series of datasets with different dataset sizes

based on S1D30AD10p0y1 (K is set to 5.). Each generated dataset has a size between 100,000 -

5,000,000. The results of the generated 6 datasets with different sizes are plotted in Figure 10(b). When

the dataset size is as small as 100,000, the performance of PROCLUS is better than FINDIT. How-

ever, FINDIT outperforms PROCLUS by more than 5 times when dataset size is as large as 5,000,000,

even though we had chosen a small number for the iteration threshold of PROCLUS for the scalability

tests.(note that the S,,,i,5i. Of FINDIT was set to % for al datasets.)
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With FINDIT, an average of 15 seconds were consumed in cluster forming phase to find the best
medoid cluster set M Chestepsiton- 1he time consumed for cluster forming phase is almost same in all
results because the cluster forming phase worked with the same size of S and M for all datasets (note
that minimum cluster size was fixed to % for al datasets). In oneiteration of cluster forming phase, the
medoid clustering step, which uses gac clustering algorithm took most of time. We expect the adoption
of a more optimized implementatioin of gac clustering can make FINDIT even faster, although the cur-
rent version of FINDIT is fast enough compared to previous methods(Grid-based clustering algorithms
and CLTree are even slower than PROCLUS.) The time consumed for the nearest neighbor search in
dimension voting and the nearest medoid search in data assigning was not so much because | M| is so
small that using sequential search is enough. FINDIT’s efficiency is due to fast dimension voting pro-
cess based on sampling. Because FINDIT’s dimension selection requires no iteration and no dimension

partitioning, it does not suffer significantly from the increased dimensionality or dataset size.

5 Discussion

—m—F1-value(%) —m—F1-value(%

o)
—O— Soundness/100

—0— Soundness/100

F1-value

(a) F,~value and Soundness for S,D, AD,PO, , (b) F -value and Soundness for $,D, AD,PO_,

Figure 11: The relationship between Epsilon, Soundness, and Quality of Results

Epsilon and the Soundness Criteria: To select the bestepsilon is very important in our method since
the running parameter ¢ plays a key role in shaping clusters. For each dataset § D2y AD7; PO, 4 and
S3 D20 AD7 POy 4, We obtained 25 different medoid cluster sets variating € from 1 to 25(note that all
dimension have the normalized value range of [1,100]), and assigned data to each medoid cluster set.
Figure 11(a) and (b) show the variation of F-value and Soundness according to e values.

There are two things that are worth to be mentioned. For the first, we can see that the performance

Fi-value is highly correlated with the soundness value in Figure 11(a) and (b). In most cases, our
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soundness criteria selected the e that gives the best performance between 25 different € values. This
simple but effective soundness criteria makes FINDIT intelligent enough to automatically select the e
values which guarantee a good performance. We expect this soundness criteria can be useful to other
subspace clustering which try to generate digoint clusters.

For the second, the F-value saturates near to optimal(100%) when 2 x e becomes larger than the
maximum cluster diameter of each dataset. In Figure 11(a), the Fi-value and Soundness value start to
saturate when e value becomes 8, and in the case of Figure 11(b), they start to saturate when e becomes
16.(note that the maximum cluster diameter is 16 for S; Doy AD7 POy .4, and 32 for S3DygAD7 POy 4)
It is from the fact that when 2 x ¢ is relatively small compared to the maximum cluster diameter, some
points can have a few dimensional values which do not lie within e distance from the medoids, and
eventually are not assigned to the appropriate medoid cluster owing to the strict member assignment
policy. But after the saturation point, the accuracy remains stable even for relatively large e values.

The number of voters V. We run experiments on test suites S;, Ss, and S3 with various V' as 10, 15,
and 20 to see the differences in performance with varying number of voters V'; the results are shown in
Table 5. When the maximum cluster diameter increased, the cases which used larger V' values usually
showed higher performance. However, the difference is not so significant, and the quality of clustering

isstable for various V' between 10 and s,,;nsi-e(N0te that it is set to 30 in our settings).

max cluster diameter
16(SRmac = 4) 24 (SRmaz = 6) 32 (SRmaz = 8))
voters || precision | recall | Fi-value || precision | recall | Fi-value || precision | recall | Fi-value
V=10 99.83 99.39 99.54 96.28 97.59 96.70 97.10 97.45 97.10
V=15 99.57 99.30 99.38 98.90 98.25 98.49 96.90 96.25 96.35
V=20 99.88 99.26 99.49 99.76 99.44 99.59 99.23 98.15 98.58

Table 5: Quality resultsfor different number of voters

Parameters : In the clustering problem, there is aways a tradeoff between controllability and ease of
application. If a clustering algorithm accepts more parameters from the user, the result could be more
accurate, i.e.,, more similar to what the user expected. On the other hand, if the algorithm requires few
parameters, it is easy to apply, but the result can be somewhat different from the expectation. The main
reason for this is that the user parameters define the meaning of the similarity regardless of their dif-
ferent forms. Therefore, a good clustering agorithm should not only find out the parameters that need
little expert knowledge but also are effective enough to deliver the user’s definition about similarity si-

multaneouly. In this point of view, we can say that FINDIT’s parameters are well balanced between
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controllability and ease of application, because the two control parameters, Ginsize aNd Dyyindist, de-

scribes the final shape of clusters which are familiar to the user.
6 Conclusions

In this paper, we have suggested a new subspace clustering algorithm named FINDIT. We have ex-
perimentally shown that the proposed agorithm significantly improves the quality of clustering, the
robustness to a large scale of noise and cluster diameters, and the time scalability to dataset size and
dimensionality. It generates digoint clusters accurately with their subspace information, and this high
accuracy does not degrade at all, even when 50% of the dataset are outliers. The accuracy and the ro-
bustness achieved by FINDIT can be explained as the result of its novel correlated dimension finding
approach which is based on dimension-oriented distanaeeasure and dimension votingolicy. More-
over, FINDIT can be used in full-space clustering as well as subspace clustering. This scalability, in
conjunction with its robustness and easy parameters to control, makes FINDIT a viable solution to the

general high dimensional clustering problem which is a new challenge in data mining area.
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7 Appendix

Dataset Name | Precision | Recall | Fi-value || Dataset Name | Precision | Recall | Fy-value |

D2y AD70g 1 99.62 99.92 99.77 D 40AD1300.1 99.98 99.95 99.97
D2gAD70q 2 99.92 99.29 99.6 D 4oAD;30¢ .2 99.75 99.96 99.86
DyyAD70p 3 99.34 99.17 99.25 D 40AD1300.3 99.98 99.96 99.97
D2gAD70q 4 96.67 99.03 97.77 D 49AD130¢ 4 99.78 94.24 96.9

DyyAD70p 5 99.23 96.73 97.94 D 40AD1300 5 99.98 99.6 99.79
DogAD1300 1 99.98 99.84 99.91 D 40AD2700.1 100 99.95 99.98
D3y AD1300 .2 100 99.98 99.99 D 40AD27 0.2 100 99.98 99.99
DsyAD1300 3 99.92 99.99 99.96 D 40AD270q 3 100 99.92 99.96
DygAD1300 4 100 99.3 99.64 D 40AD2700.4 100 100 100

D2gAD1300 5 95.51 97.92 96.57 D 49AD270q 5 100 99.97 99.99
D2qAD200g 1 99.99 99.68 99.83 D 40AD40p.1 100 99.84 99.92
Doy AD2Op 2 100 98.55 99.26 D 40 AD4oOg.2 100 98.95 99.47
D3y AD200p 3 100 98.31 99.12 D 40AD4o0p 3 100 99.2 99.6

D2y AD2gOp 4 99.99 99.81 99.9 D 40AD4pOp.4 100 100 100

D3y AD200p 5 100 99.89 99.95 D 40 AD4o0p 5 100 100 100

D30AD190g 1 100 99.65 99.82 D50AD1700.1 100 99.94 99.97
D30 AD100g 2 99.95 99.84 99.89 D50AD1709.2 100 99.82 99.91
D30 AD190g 3 99.14 95.69 97.34 D50AD;170¢ 3 99.97 99.94 99.96
D30AD1000_4 9963 9991 9977 D50AD1700_4 100 100 100

D30 AD100g 5 99.83 99.73 99.78 D50AD1709 5 99.92 100 99.96
D30 AD20 00_1 100 9922 996 D50AD33 00.1 100 9977 9988
D30 AD200p 2 100 98.57 99.28 Ds50AD3300.2 100 99.63 99.81
D30 AD5y0g 3 100 99.93 99.97 D50AD3300 3 100 99.99 100

D30 AD200g .4 100 100 100 Ds50AD3300.4 100 100 100

D30 AD5y0g 5 100 100 100 D50AD3300 5 100 99.86 99.93
D30AD3000.1 99.98 99.9 99.94 D50AD5000.1 100 99.7 99.85
D30 AD3000 2 100 97.93 98.92 D50AD500g.2 100 99.74 99.87
D30 AD3000 3 97.56 99.22 98.3 D50AD5000.3 100 99.95 99.97
D30AD3000 4 100 99.98 99.99 D50AD5000.4 100 100 100

D30 AD3000 5 100 99.59 99.79 D50AD5000 5 100 99.89 99.94

Table 6: Entire Quality Results on 60 datasetsin Suite S, (N = 100, 000, K = 5)
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