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Abstract CHICKEN | BEEF PoORK

] _ ) 1] [2.3,3.6]| [4.8,6.9]]| [3.2,5.7]
Interval data is described by a group of variables, [3.8,5.7]| [5.1,6.5]| 2.8, 5.2]

each of which contains a range of continuous 31 [2.6,3.9]| [5.3,7.8] | [4.2, 4.5]
values instead of the traditional single continu-
ous or discrete value. Traditional data analysis
simply replaces each interval by its representa-

tive (e.g., center or mean) and ignores the struc- . ] ] ]
ture information of intervals. In this paper, we interval data types by replacing each interval with a rep-

study the problem of clustering interval data us- resentative (e.g, the median of the points in the interval).

ing the modified or extended interval data dissim- However, this approach ignores the structure information
ilarity measures. Our contributions are two-fold. of the interval. As shown in Figure 1, if we use the cen-

First, we discuss various approaches for mea- troids to represent the intervals, we can not distinguish be
suring the dissimilarities/distances between in-  tweenA and B. Very limited work has been reported on

terval data, investigate the relations among them, ~ clustering interval data.
and present a comprehensive experimental study
on clustering interval data. We show that the
extended interval data clustering achieves better
performance than traditional ones and produces
more meaningful and explanatory results. Sec-
ond, we propose a two-stage approach for clus-
tering interval data by exploiting the relations be-
tween the traditional distances and the modified
distances. Experimental results show the effec-
tiveness of our approach.

N

Table 1.An example of interval data table

B
(2,31[1.5)
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(16,71.12.4)
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1. Introduction

Figure 1.Limitations of using representative centroids to replace
Much of previous clustering work has been based on thentervals. A, B, C' are three data objects with two interval at-
two-dimensional tabular data presentation where each datgbutes. A and B have the same centroids. The representative
sample is represented as a vector of quantitative/nuntericaentroid ofC' has the same Euclidean distance to the representa-
measurements. In real world applications, however, manyjive centroids of botr and B.
complex data types such as intervals and histograms hayg this paper, we study the problem of clustering interval
been widely used [1, 19, 24]. Table 1 shows an examplgjata, an important yet largely under-addressed problem.
of interval data table where each cell element contains thﬁirst, we discuss various approaches for measuring the dis-
range of meat prices in a certain supermarket. Note thagimilarities/distances between interval data and ingesi
each element is an interval of real numbers rather than the relations among them. We also present a Comparative
single value. Interval data appear naturally in many apstudy on various datasets. We show that the extended inter-
plications. In addition, interval data can be generated tq/a| data clustering achieves better performance than-tradi
represent the variations/distributions of attributes bms tional ones and produces more meaningfu| and exp|anatory
marizing large datasets [8, 17]. results. Second, observe that there exists a natural two-
Traditional clustering techniques can be easily applied td€Ve! hierarchical representation for interval data: & th

first level, the representative (e.g., the median of thetpoin

in the interval) can be used to generate a coarse represen-
Preliminary work. Under review by the International Coefete  tation of the interval data; at the second level, a fine repre-
on Machine Learning (ICML). Do not distribute. sentation is given by the interval to show its structureinfo



mation. The relationship between the coarse and fine reghree types of dissimilarity measures(normalized to [}, 1]
resentations motivates a two-stage approach for clugterin D,. (A, BY), D,(A%, B%), and D.(A?, BY). D, indicates
at the first stage, the coarse representation is used taobtathe relative positions of two attribute values on the rewsd i

a rough partition of the data; at the second stage, the finehere|Y?| is the maximum interval length along variable
representation is employed to refine the partition and gen®), computes the span of interval data wheté = b* —a’,
erate fine clusterings. Experimental results show that théB?| = d' — ¢!, andmaz(b?, d*) — min(a’, ) (also de-
two-stage approach reduces the computation costs whileoted by A’ U B?) is the span length oft’ and Bi. D,
maintaining the clustering quality. The rest of the paperconsiders the non-common parts4f and B?, wherein-

is organized as follows: Section 2 presents various distancter is the length of A’ N B?|. Actually D, is the normal-
measures for interval data and investigates the connectionized length of non-common part oft and B*. When A?
among them. Section 3 describes the K-mean type algcand B intersect each otheinter can be represented by
rithm for clustering interval data. In particular, it disaes  min(b?, d*) — max(a’, ¢*), otherwise it is zero.

the objective criterion and illustrates the optimizatianp
cedure. Section 4 introduces the two-stage approach for
clustering interval data, Section 5 shows the comparative
clustering results on real data sets, Section 6 provides t
conclusion and discusses future work.

Note that A’UB?|—| AN B?¢| computes the outer-side near-

ness betweerd® andB. and2|A‘N B?|—|A¢| - | B¢| com-

utes the inner-side nearness betwedérand B‘. Hence,

2 dissimilarity measure computes the length of non-
common parts of interval values with a parametethat
controls the effect of the inner-side nearness and the-outer

2. Interval Distance Measures and Their side nearness and it can be thought as an approximation

Relationships to D, in U1. In traditional L; and Lo, % and#
are centroids ofd’ and B? respectively. Modified.; and
o distances are the natural generalization of traditidnal

d[, distances by taking into account the interval bound-

In this section, we discuss various distance measures f
interval data and investigate the connections among therrgjIn

It should be pointed out that: aithough the following dis- aries. The last dissimilarity measure in Table 2 is the Haus-

cussion is based on datasets having only interval type datg « istance which was initially defined to compare two
it can be easily generalized to datasets having interval dat Sets [5].

type as well as traditional single-value data type.
. 2.2. Relations Among Various Measures
2.1. Interval Distance Measures 9
In this section, we investigate the non-trivial relation-

Interval data can be represented by a vector of inter sh|ps among various distance measures. The relationships

val values. LetAd = (A' A% ... AP) and B =

o : among various measures are summarized in Figure 2.
(B, B?,---,BP) be two interval objects withp at- 9 9
tributes(variables) wherd’ = [a?,b'] and B* = [c!,d’]  First, theU2 dissimilarity measure can be viewed as an
indicate the values of the interval for ti& variable. approximation toD. in U1 as it computes the length of

non-common parts of interval values with a parameter

ch|rstd af mentllaor:ed In Stﬁctlor: 1 alnalwte way for r:[ne;surénghat controls the effect of the inner-side nearness and the
e distance between the intervals is to compute the dis; . <.ie nearness.

tances between their representatives. We refer to the naive
approach asraditional method Hence based on differ- Second, different choices gfyield different distance mea-
ent choices of distance, we obtamditional L1 distance sures. When = 0, ¢,.» becomesA’ U B?| — |A* N BY|. It
andtraditional L2 distancdor interval data. Second, there can be easily shown that in this case, wita 1, the object-
are other distance measures which explicitly consider thavise dissimilarity measuré&’2 is equivalent to the city-
boundary or the structure of the intervals. Typical example block distance (i.e., modifiefl; distance). Wher = 0.5,
include Hausdorff distance [5], city-block distance [24], component-wise dissimilarity,»(A’, B) can be denoted
and Minkowski(or Euclidean) distance [4]. We refer to as
these type of measures as extended/modified dissimilarity P P ; ;
measures for interval data. n = pua(A, BY) = b-a* d-c _|A-|B |'

2 2 2
Table 2 lists various distance measures for interval data. (1)
The first row in Table 2[71, is one of most common dis- WhereA” C B* or B* C A’ (one component contains the
similarity measures for interval data [9]. It computes theother component). Similarly, wheA® and B* intersect,
distance between symbolic data by comparing their posi¢.2(A*, B*) becomes
tions, spans, and contents. Specifically, the distdite . ‘ . .
between these two interval objects A and B consists of m = pus(Al, BY) = a'+b" ' +d )

2 2




Name Object-wise dissimilarity measure Component-wise dissimilarity measure

ul dui(A,B) =>" | D(A", B") D1 (A", B') = D (A", B') + Ds(A", B*)
D.(A*, B"),whereD, (A?, BY) = ‘a‘y_ﬁl‘,
i i A'|-|B
DS(A 7B ) = maz(bJ,digf"m’i’(L(ai,Ci)'

andDe(A', BY) = oot e e

U2 w2 (A, B) = /57 [hua (AT, B)]1 buz(AT, BY) = [ATU B'| - |A' N B|
+1(2[4° N B'| — |A" - [B']).

TraditionaIL1 dTraLl(Aa B) = le DTTaLl(Ai, BZ) DTTaLl(Ai, Bl) |a 40 ¢ +d1 |

Modified Ly dMOdLl(Aa B) = Z?:l DMOdLl(Al, Bl) DMOdLl(Al, B? ) (|a —C | + |bZ dz|)
TraditionalLy | drrar2(A4, B) = 3% | Drrar2(AY, BY) | Dryara(Af, BY) = (&35 — <3d)2,
Modified Lo dModLQ(A, B) = Zzi):l DMOdLg(Al, Bl) DMOdLg(Al, BZ) = ((CLZ — 01)2 + (bZ — dZ)Q).
Hausdorf | dieu(A B) = 57, Ditau(A', B Diton (A%, BY) = maz(|a® — @], b — d)).

Table 2.Dissimilarity measures for interval datél.1 denotes Gowda and Diday’s dissimilarity measure [9] &2ddenotes Ichino and
Yaguchi’s first formulation of a dissimilarity measure [18}odified L, is also known as city-block distanceX | denotes the length of
the intervalX.

In this case, the object dissimilarity measutg is thus  Note that the following discussion can be easily general-
equal to traditional Minkowski dissimilarity measures for ized to datasets having interval data type as well as tradi-
interval data. In particular, wheipp = 1, d,» is equiva- tional single-value data type.

lent to traditionalL; distancedr,.r1; wheng = 2, dy»

is equivalent to traditional., distancedr,.r2. Hausdorff  3.1. Introduction

distance synthesizes two possible situations of U2 in the

case ofy = 0.5 at the same time. It can be represented as Interval data can be represented by a vector of interval

values. LetA = {A;, As,---, A,} be a set of interval
objects. Each objecti; can be represented by a vector
drau(A, B) = Zmamm =l fmnl) =lml+nl 40— a1 42 -, A?), where there are interval val-
=t (3) uesthatd] = [a 707 anda; < bj. Suppose we want
‘ . assign the symbolic objects in A int&" clustersC =
Observe that whenl’ and B* intersect, the numerator of (¢, C,,... Cx), whereCj,, 1 < k < K denotes thé-th
D, can be replaced by’ — c¢'| + |b* — d'[. So in this  clyster. We also usec C}, to denote that thé-object is in
situation D.. is a normalized version of the modified,  clusterCy,. The clusters have their corresponding represen-
distance. Whem!® C B or B* C A", D, is also the  tations or prototype&! = (G1,Gs, - --,Gx), whereGj,
normalized version of modifiefl; distance D~ isthe nor-  can be also represented as vectors of interval values such
: . i PR . orir
malized Hausdorff distance whewt — c'| > [b* —d'|. In  thatG), = (¢, ¢2,- -, g7), andg], = [, v ].
addition, from formulas oDr,.4 1.1, Daroarts Drrar2, and ) . . . .
Ditoars, itis easy to deduce thdysoar1 > 2 X Drrart As discussed in Section 1, the clustering problem is deter-

andDsodr2 > 2 X Drrara. - mined by four basic components: the (physical) data repre-

Modified L Modified L, sentation, the distance/dissimilarity measures, thectitage
criterion, and the optimization procedure. The data repre-
sentation for interval data is a vector of interval valued an
the distance measures are studied in Section 2. We now
present the objective criterion and describe the optimiza-
tion procedure.

NIV

times

r=0.5

v 3.2. Objective Criterion
Traditional L; Hausdorff Traditional L,
The goal of clustering is to find the representation for each

Figure 2The Relations Among Various Dissimilarity Measures cluster such that a corresponding criteridk), defined as
for Interval Data the sum of distances between the representation and all ob-

: jects in that cluster, is minimized. Let the representatibn
3. C|USterlng Interval Data clusterCy, be gx, and interval objects in clusté&ry be A;
In this section, we present an alternative optimization pro (i € C). Based on different distance measurgg,) has
cedure for clustering interval data. This procedure is a

natural extension of the popular K-means type algorithm.



different representations as follows Proposition 2 An interval objectA; is assigned to the
clusterm with the prototype which is nearest to that ob-

. O(k) = Zieck drrari(Ai, gk); ject:
k) =3 icco, dmoart(Ai, gr); 1

1. 6(k)

2. (k) .M = argmitm=1,... kdrrari(4;, gm);
3. 5(/€) = Zieck dTraLQ(Aiagk);

4. 6(k)

5. 6(k)

2. m = argminm=1,.... k Amodr1(A;, gm);
3. m = argminm=1,... kdrrar2(4;, gm);
4

.M = argmitm=1,.... k Arvodr2(Aj, gm);

3.3. Clustering Procedure
g 5. m = argminm=1,... kK dHau(4;, gm)-

The optimization procedure is a variant of K-means type
algorithm. The clustering is carried out by an iterative-pro prgposition 2 establishes tidlocation Step of the clus-

ter representations to minimizeand allocation of interval e clusterm with the prototype which is nearest to that
data to the closest cluster. object.

Proposition 1 The prototypeG, = (g, 93, gkP) of
clusterC}, that minimize®, defined in Section 3.2, is given
as follows: Based on the above Proposition 1 and Proposition 2, the
_ _ _ clustering procedure can be described as follows: An initia
1. For traditional L, distanceg; = z7, wherezj is the  cluster configuration is first generated. This can be done by
al+b] i CL): randomly assigning interval objects info clusters or by
2 ' choosingK interval objects as the initial representations of
2. For modifiedl, distanceg-,i = [;Ci, yi], Wherex',i is the (_:Iuste_zr_s. Then the clustering procedure ite_zr_ates leetwe
the median of{af|z‘ € ¢y} and yi is the median of the |dent|f|cat|(_)n ste_p a_nd gllocatlon step until it conesrg
(V)i € Cy); or some stopping criterion is met.
1 )

3.4. Clustering Procedure

median of the seft

3. For traditional L, distanceg] = «}, wherez] isthe 4. A Two-stage Approach
az+bz . .
mean of the sef==[i € Ci}; 4.1. Motivation

4. .For modified L d_istance,gi = [If_w_yi]- wherez;,  There exists a natural two-level hierarchical representat
is the mean ofa/|i € Cy} andyj is the mean of for interval data: at the first level, the representativg.(e.
{blli € Ci}; the median of the points in the interval) can be used to

generate a coarse representation of the interval data; at
_ e _ P the second level, a fine representation is given by the in-
. jo g j . a’l+b7 . . . . . .
dataisg; = [z, y;], wherer; = median{=5=|i €  terval to show its structure information. Since the tradi-
Cr} — median{ a?;bi i € Cy}, and y,i _ tional distance is obta?ned by computing the dista_nce be-
o adgw . b tween the representatives of two intervals, sometimes we
median{=5=+[i € Cy} + median{~=5=+|i € Cy}. also refer the coarse representation as traditional distan
and the fine representation as modified distance. The rela-
tionship between the coarse and fine representations moti-
. e vates a two-stage approach for clustering: at the first stage
The representation prototypes for modifieddistance and the coarse representation is used to obtain a rough parti-

Lo d'St"fll_r;]C(a ;wg n?tural ?fhnerallzatmnf ?f the trtauf[htlon?l tion of the data; at the second stage, the fine representation
Ones. € derivalion of n€ representation prototype 1of, employed to refine the partition and generate fine clus-
Hausdorff distance follows from Equation 3.

terings. The two-stage approach reduces the computation
costs while maintaining the clustering quality.

5. For Hausdorff distance, the representation interval

Remark 1 Note that the representation prototypes for tra-
ditional L, distance and., distance are shown in [11].

Proposition 1 provides the basis of tlikentification Step

for the clustering procedure, i.e., to identify the reprgae
tions of clusters to minimizé. 4.2. The Two-Stage Approach

1We don't includeU1 and U2 distance measures here as, in Note that the tl’aditional distance ignores the structure Of
practice, they are usually reduced to other measures [3]. the interval. However, it is simple and easy to compute. On



the other hand, the modified distance considers the inte23]. The scale-space theory models the blurring effect of
val structure and needs more computations. Let traditiondhteral retinal interconnection by applying Gaussianrflte
interval distance such as traditionl,,;,; anddr,.r2 be-  to adigital image [16]. In a nutshell, scale-space clustgri
tween objectr andy bedr,..(z,y), and the corresponding performs a blurring process in which smaller blobs merge
modified interval distance bé,4(x, y). From Section 2, into larger ones until the whole image contains only one
we know thatdysoq(x,y) > drro(z,y). This relationship light blow at a low enough level of resolution. This blurring
plays an important role in the two-stage approach for clusprocess is thus leading to a hierarchical clustering psces

tering interval data. Clustering via annealing provides clustering solutions at

Assume we want to cluster the interval data such thatifferent scales where the scale is directly related to the

when two objectst and y are in the same cluster then temperature parameter which models the rate of distortion.
dyoda(z,y) < § (Note that the clustering objective here The phase transition in the annealing process indicates the
is a little bit different from the objective criterion disssed  effective number of clusters in the solution which grows as

in Section 3. The relations of the two objective criteria arethe temperature is lowered.

discussed in [14].). Let's denote the final clustering a

CM — {CM CM ... oM}, The multi-resolution approach includes Wavecluster [23]

and Multi-resolution instance-learning [6, 21]. Waveelus

Proposition 3 Suppose we first use traditional dissimilar- ter applies wavelet transform on the spatial data feature
ity measuresis,, to partition the data into a number of Space for det.ectlng arbitrary shape clusters at different
partitions such that: ifa and b are in the same partition, Scales. The high frequency parts correspond to the cluster
drra(a,b) < 5, otherwisedy,q(a, b) > 6. Then, iftwo ob- ~Poundary while the low frequency parts correspond to the

jectsz andy are in the same cluster &, z andy must ~ clusters. Finding dense (connected) regions in the trans-
be in the same partition obtained usitig.. ‘ formed space is equivalent to finding the clusters. The

multi-resolution instance-learning tries to utilize th®K
Remark 2 Proposition 3 follows from the fact that tree structure to improve the learning efficiency.

dnro drro(x,y) as described in Section 2. . . .
Mod(2,Y) > drva(2,Y) Most of these work aims for spatial clustering where the

Proposition 3 serves as the foundation for the two-stage ajflata sets are images. For the spatial data, clustering at
proach for clustering interval data. Its key idea is to makedifferentresolutions/scales usually corresponds teckffit
clustering both efficient and exact. In the first stage, we uti number of clusters and there is an induced hierarchical pro-
lize traditional dissimilarity measures (as rough and phea cedure associated with the clustering. In our work, we do
distance measures) to partition the data into a certain nunflot assume a nested hierarchical clustering across differ-
ber of overlapping partitions (similar to that of [18]). The €nt resolutions. In fact, there is a natural hierarchy repre
modified interval dissimilarity measures(rigorous and ex-Sentation for the interval dataset and it is not obtained by
pensive) are used to perform clustering with the constrainfaussian filtering or annealing process. Second, we have
that the interval objects in the same final cluster should als & novel clustering procedure which utilizes the relatigpsh

in the same partition obtained in the first stage. This couldetween the coarse and fine representations. The two-stage
reduce the computation of distances between the objec@PpProach reduces the computation costs while maintaining
not in the same partitions [18]. Formally, assume after thdhe clustering quality.

first stage, if two objects andy are not in the same parti-

tion, thendrq (2, y) > 0. Sincednroa(z, y) > drra(z,y), 5. Experiments

we havedys,q(z,y) > 6. On the other hand, It andy

are located in the same partitiody, (z,y) < 0. Then Inthis section, we conduct three sets of experiments: i) we
droq(,y) may be less than or equal éo or greater than present a comprehensive experimental study to compare in-
8. So whendyoq(z, y) < 8, they will be assigned into the terval clustering with traditional clustering on real ds#ts;
same cluster. Otherwise, new cluster will be derived fromii) we apply the interval data clustering to cluster repiech

the current partition. In a word, objects in the same finalMmicroarray data; iii) we evaluate the two-stage approach.

cluster must be in the same partition. The toolkits developed for interval data clustering can be
downloaded from the author’'s homepage. The software is
4.3. Related Work on Multi-level Clustering written in J# in Microsoft .NET framework. It has been

tested on Windows XP operating systems.
The two-stage approach can be thought of as a simple

multi-level clustering approach. The work that are closely
related to multi-level clustering can be characterized as
scale-space clustering [16, 26, 22], annealing for cluster
ing [20, 2, 7, 12] and multi-resolution approaches [6, 21,



5.1. Comparing Interval Clustering With Traditional Entropy
Clustering on Interval Data

in

5.1.1. DATASETS DESCRIPTION

We use two datasets in our experiments: fish dataset and o7
waveform dataset. The fish dataset is based on a sam- . — —
ple of 67 fishes whose species and mercury concentra- )
tions in 6 organs have been recorded. It is collected by
researchers from LEESA and can be downloaded from
http://www-rocg.inria.fr/sodas/WP6/data/data.htmIThe
dataset is classified into 4 groups. The waveform dataset is
taken from [15]. The problem is based on the three differ-
ent waveforms h1, h2 and h3 that are the shifted triangular
distributions. The interval data representation of thaskett
contains 30 individuals where each individual is described 2 3
by 21 interval attributes. The interval objects 1 to 10 fa th &
wave-1 group, the interval objects 11 to 20 for the wave-2 “F K'
group, the interval objects 21 to 30 for the wave-3 group.

i

.
]
|

=] (5]
[ |

[&]

- Figure 4.Entropy Comparisons of the Clustering Results for
Entragy Waveform Dataset
0.48 tal replicates are usually performed in microarray measure
0T ments. However, the majority of current clustering tech-
g'j; T1 — nigues are not able to accommodate appropriately repli-
] cated microarray data [28]. In the section, we investigate
0.45 '
0,44 the use of interval data clustering for replicated micragrr
0.43 data.
0.42
3'3‘1 ] 5.2.1. IATASETS DESCRIPTION
o A ! 2 Yeast galactose data of Ideker et al. [25] which is ex-
& 2 i 2, s . .
oF 5P 2 &5 & pression gene data with repeated measurements was used
%;;*“ & Qf = & in our experiments. 205 genes galactose data are dec-
sribed by 20 experiments or expression levels (nine dele-

tions and one wild-type without galactose and raffi-
Figure 3.Entropy Comparisons of the Clustering Results for Fishnose, nine single-gene deletions and one wild-type ex-
Dataset periment with galactose and raffinose). Each experi-
ment contains four replicate hybridization expression val
ues based on four different measurements. The expres
We use entropy which measures how classes distributed asion patterns of these genes reflect four functional cat-
various clusters to evaluate clustering quality of theae tr egories which is used to calculate our clustering qual-
ditional and extended interval methods [29]. Generally, th ities. The missing data values are preprocessed by
smaller the entropy value, the better the clustering qualKNN impute [28]. This dataset can be downloaded
ity is. The entropy results for fish and waveform datasetsrom http://expression.microslu.washington.edu/expressi-
based on different dissimilarity measures are shown in Figon/kayee/medvedovic2003/medvedovicbioinf2003.html
ure 3 and Figure 4, respectively. It can be observed that, in
general, modified interval approaches are better than-tradg.2.2. NTERVAL DATA REPRESENTATION
tional approaches.

5.1.2. XPERIMENTAL RESULTS

Let A; = (a},a3,---,a’) be the value set of-th at-
tribute with ¢ repeated values inside;ean; be the aver-
age/mean of setl;, andé be the standard deviation. Let
Clustering techniques has been widely applied in microarmin;, maz;, min;, andmaz} be the minimum value,
ray to identify patterns of gene co-expression. To improvehe maximum value, the second minimum value, and the
the precision of inherently noisy microarray data and to assecond maximum value aofi;, respectively. There are

sess the reproducibility of observed patterns, experimenfour ways to transform sets of repeated values to inter-

5.2. Clustering Replicated Microarray Data



vals. They are: (i) MinMax:4; = [min;, max;]; (i) erally all interval approaches yield better results than

MinMax": A; = [min}, max’]; (i) MeanVarl: A; =  traditional approaches. To get a better understanding of
[mean; — 6, mean; + §]; and (iv) MeanVar2: A; =  the advantages of interval approaches, we take a a closer
[mean; — 2 x §, mean; + 2 x ¢]. look at some examples from experimental results. For
instance, Gen®&PS8Aand GenBPL23Aare supposed to
5.2.3. EXPERIMENTAL RESULTS be categorized into the same class while G¥P86Bstays

in different class according to external knowledge. Using

By summarizing and computing on the raw yeastgalactos%e modified interval approach on MinMax, GeR@S8A

dataset, we got nine alternative datasets of raw data. Fo%lrn GenRPL23A are perfectly assigned to the same

datasets, denoted as Measure 1, Measure 2, Measure 3 afg ster. However, using the traditional approach based

Measure 4, are derived byextractmgapartmularvaluefromon Mean, GerRPL23Aand GenRPS6Bare grouped

the four experiment, respectively. One is composed by Sefogether and GelRPS3As separated from GeRPL23A
lecting means of repeated values as representative expgf

iment values, one by selecting MeanVarl, one by Mean—n- other word, Dinier(RPS84, RPL23A) -
’ . . ! . nter ) = 1. ’
Var2, one by MinMax, and one by MinMax’. 18.7492 < Dinier(RPL234, RPS6B) 21.5498

whereas Dr,,(RPL23A, RPS6B) = 9.47405 <
To measure the clustering performance, we use entropy)r,.(RPS8A, RPL23A) = 20.3835.
purity and adjusted Rand Index as they are widely use

in microarray data analysis. The larger the Purity value’itIy consider the structure of interval data and yield hette

gheit;set;egtgfsgl:uts;e;?sgegs"#:teyé?ugztz]r'inAdjfgﬁtd lzgrrr']d ;r;écdustering results. Moreover, another advantage of mod-
949 y Par€led interval approaches over traditional ones is that the

. . . -
against assigned known classes. The Rand Index is defin tput cluster prototypes are represented by intervalsiwhi

as the number of pairs of objects which are both locate re more descritive than simple quantitative values
in the same cluster and the same class, or both in differer% P pieq ’

clusters and different classes, divided by the total numbe{3
of objects [27]. Adjusted Rand Index which adjusts Rand
Index is set betweef0, 1] [10]. The higher the Adjusted In this section, we illustrate the two-stage approach for
Rand Index, the better the clustering quality is. clustering interval data. Figure 6 illustrate a small exmp

The Adjusted Rand Index, Entropy, Purity of clustering re_of the two-stagg approach on the fish datasgt_. In t_he first
sults are shown in Figure 5. MeanVarl, MeanVar2, Min-St2g€., we partition the dataset based on traditidalis-

Max, and MinMax’ represent raw yeast galactose data b)}ancg‘(rough and chea}p distance metric) intQ three clusters
interval data. Mean is the mean value of four repeated ex(Partitions) as shown in the second bar of Figure 6. In the

periments. Measure 1, Measure 2, Measure 3, and Meé—econd stage, B is further divided into into two clusters us-

sure 4 represent a single experimental value based on fomg modifiedL1 distance(r_igorous an_d expensive distance
measurements, respectively. We use modified interval k[netrlc) as shown in the third bar of Figure 6.

means to cluster the former four representatives by modi- Ecusera  [Hcusers  [Touserc [ Jcustero

fied Ly dissimilarity, and traditional k-meansto clusterthe 1 2 s 4 s 6 7 8 9 10 11 12

rest ones by traditiondl,. I T T ]

The correct categorization of fish data

(iln general, modified interval dissimilarity measures es¢li

.3. Two-Stage Approach

\+Adjusted rand index = Entropy Purity\

09 BN [ [ [T T O[]

Traditional clustering with 3 partitions

0-7’»*//\\
06 » [ | I I I I

Split cluster B by modified interval distance

Performance Value
o
[,

03 1 Figure 6.An Example of the Two-stage Approach.
l/.\.\
gf ] - We also apply the two-stage approach on Yeast Galactose
o ‘ ‘ ‘ Data. We compare the direct clustering approach and two-
L S N N, A SN stage approach to cluster yeast galactose data. Direet clus
S I N teri h partitions MinMax’ interval objects based
& @ N RGN ering approach partitions MinMax’ interval objects base

on modified L, until the desired number of clusters is
formed. In this experiment, as the number of known classes
: 'S Ofs four, we then cluster data into four clusters by direct
Y?aﬁ‘:t galactose Dataset. Results are obtained by avera§ing . stering. Two-stage clustering combines the traditiona
rom performance comparisons, we observe that gerdistance and the modified interval distance to make clus-

Figure 5.Performance Comparisons of the Clustering Results o



tering both effective and efficient. In our experiment, we 4
firstly partition the dataset into three groups based on tra-
ditional Lo, and then modified interval distance is used to 5
divide the cluster with the largest diameter further into tw
clusters. Table 3 compares the clustering quality of direct
clustering and two-stage clustering Furthermore, the-aver
age running time of these two clustering approaches are
also compared. As you can see from the Table 3, the clus!”
tering performance of the two-stage approach is very closesi
to that of the direct clustering. The performance diffeeenc
is very small: the entropy of two-stage clustering)i204
and the entropy of direct clustering(s182; the purity of
two-stage clustering i.763 and the entropy of direct clus- ;4
tering is0.754; the ARI of two-stage clustering i8.900

and the entropy of direct clusteringi€915. However, the [y
time saving is significant: the running time for two-stage ,,,
is 74.8ms while the running time for direct clustering is
255.1ms. In summary, the two-stage clustering saves com-

[9]

putation time without losing clustering quality. (23]
Methods Entropy | ARI Purity | Time (4]
Two-Stage 0.204 0.763| 0.900 | 74.8 s
Direct Clustering| 0.182 0.754| 0.915 | 255.1

Table 3.Comparisons of Direct Clustering with Two-Stage Ap- (6]

proach. ARI stands for Adjusted Rand Index. Time is repoitted

millisecond. [17]

18]

6. Conclusion

In this paper, we study the problem of clustering inter-
val data. We discuss various interval data distance meat
sures and present a comparative study on clustering inter-
val data. Our experimental results show that extended inz,
terval data clustering achieves better performance than tr
ditional ones, and extended interval approaches excel thgy;
traditional ones by taking fully advantages of repeated val
ues. In addition, two-stage approach makes clustering botie
efficient and exact. Interval data analysis can be extended
to summarize standard objects to a single interval object??!
For example, objects in the same cluster, or the same class,
can be combined to form one object. The values which dep,,
scribe the same attribute of these objects can be dealt with
as repeated values as in 5.2. The methods for extractings
interval objects from classical data include clustering; d
crimination, factorial analysis, or decision tree.

[26]
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