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Clustering is a task of grouping data based on similarity. A standard k-means algorithm
groups data by firstly assigning all data points to the closest clusters, then determining the new
cluster mean based on the average values of its members. The algorithin repeats these two steps
until it converges; that is until there is no change in cluster assignment among data points. We
propose a variation catled incremental density-biased clustering to improve the scalability of the
clustering process. To speed up the clustering process, we develop the density-biased clustering
algorithm as an efficient data clustering technique. Efficiency is due to the reduced data set. Density
of each data point is calculated based on its surrounding neighbors. Only dense data are selected for
further clustering. We also implement the incremental clustering algorithm to get the benefit from
its advantage of efficient memory usage and extend it to deal with clustering large data of varying
cluster sizes. Qur experimental results reveal the effectiveness of drawing samples of high density
from large data sets of moderate dimensions (approximately 8-23 attributes), then incrementally
grouping these data into clusters. The clustering results produce almost the same results as the

standard k-means, but our incremental algorithm takes less computational time.
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Algorithm 1 Density-biased clustering

Input: a data file,
minimum number of matched attributes M,

minimum density D

Output: a set of clusters with cluster means information

Phase 1 Selecting samples from dense data

(1) Show the GUI of density-biased clustering component
(2) (et the user’s response to obtain the data file name,
minimum number of matched attributes M, density threshold D, and

number of cluster K

/* Compute similar instances and their density values */
{3) Open data file and read data instance

{4} For each data instance do

(4.1) Gean data file to collect instances, Ins, with matched attributes = M
(4.2) Compute density, Den, as proportion of Ins to total instances in data file
4.3) If Den = D, then record this instance in temporary file F

Phase 2 Grouping data from the dense area

(5) Taking the first K data instances in F as temporary cluster means

(6) Repeat
(6.1 Assign each data instance in F into closest cluster, based on similarity
(6.2) Compute new cluster means

(6.8) Until each data instance does not change its cluster

(7)  Return the cluster means and cluster members
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1 _ fsunny, overcast, rainy] ).
perature {hot, mild, cool] ).
[high, normal] ).

[true, false] ).
)

[ves, no]

(1, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=false]).
2, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=true]).
ce(3 class—yes [outlook=overcast, temperature=hot, humidity=high, windy=false]).
"(4 class"’“yes loutlook=rainy, temperature=mild, humidity=high, windy=false]).
ce(5; class=yes, [outlook=rainy, temperature=cool, humidity=normal, windy=false}).
(6, class=no, [outlook=rainy, temperature=cool, humidity=normal, windy=true]).
ce(7, class=yes, [outlook=overcast, temperature=cool, humidity=normal, windy=true]).
3, class=no, [outlook=sunny, temperature=mild, humidity=high, windy=false]).
ce(, class=yes, [outlook=sunny, temperature=cool, humidity=normal, windy=false]).
ance(10; class=yes, [outlook=rainy, temperature=mild, humidity=normal, windy=false]).
'(11 class=yes, [outlook=sunny, temperature=mild, humidity=normal, windy=true]).
ce(12, class=yes, [outlook=overcast, temperature=mild, humidity=high, windy=true]).
ce(13, class=yes, [outlock=overcast, temperature=hot, humidity=normal, windy=false}).
ce(14'_class =no, [outloock=rainy, temperature=mild, humidity=high, windy=true}).
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Input datafile: lweather

Density parameter: f{ﬁﬁ}

Humber cluster: 2_& =

Cutput file: ]all_cluster?.pi

Gancel | | Enter ]

TN

ot Y] a 3 gt '
sin 2.6 senmiTuaues lusunsuinngudayaniua Ny

File Edit View Inert Frma Ip
NEE S A § “@o B

¥--file:all clusterl.pl

% output of clustering resultidensity parameter=[0,0] ,No of cluster= 2
attribute {outlook, {sunny, overcast, rainvl).
attribute{tempesrature, [hot, mild, cocli]}.

attribute{humidicy, [high, normall).

attriburefwindy, [true, false]).

attribute fclass, [ves, nol).

allPoinc{[i-4~}t, 2-3-1, 3-3-1, 4-2~1, §5-2-2, 6-3-2, 7-2-2,
8~3~1, 9-2-1, 10-3-2, 11~3~2, 12-2-2, 13-2-1, 14-3-2]1}.

cluster (1, foutlook=sunny, temperature=hot, humidity=high, windy=false]}.
clugter{2, foutlook=rainy, temperature=mild, humidity=normal, windy=true]).
cluster member(1, {1, 2, 3, 4, 8, 9, 13]}).

cluster mewber (2, (5, &, 7, 10, 11, 12, 14]}.

allCluscer ({1*[putlook=sunny, temperature=hot, humidity=high, windy=false],
2*[outlook=rainy, temperaturs=mild, humidity=normal, wiady=true]]}.
description('atl clustert.pl',2}.

fForHelp, pressF1. . .

= v o ar . ] ' 1o o
zﬂ‘ﬂ 2.9 Hﬁﬁwﬁ‘Hﬁ]\?ﬂ'ﬁﬂﬂﬂqu%@%ﬁiﬁﬂiguﬂ}ﬂ?]uﬂ un!uulﬂuﬁuﬂ

w o o T d' o = o o a Yar ¥ o
HoawsvasnTIanguledmuamnimefity [0,0] uasimualidadoyaiy

T & o v
avangu Tadnyuzvenguiiu

cluster(l, {outlook=sunny, temperature=hot, humidity=high,windy=falise]}.

¢luster (2, [outlook=rainy, temperature=mild, humidity=normal, windy=true]) .
Qr o 3 o 34 1 8 ar dy
UDSIAVBURITN 14 Liﬂﬂﬁﬁﬂl“tf?ﬂfjullﬂﬂﬂu

cluster_member (i, [1, 2, 3, 4, 8, 9, 13}}.

cluster member (2, [5, 6, 7, 10, 11, 12, 14}}.
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e'all clusteriB.pl
utput of clustering resultidensity parameter=[3,0.143] ,No of cluster= 2
ttfzbute(outlook [sunny, overcast, rainy]).
ttribute (temperature, [hot, mild, cool]).
ribute (humidity, [high, normal]l).
ribiute (wirdy, [true, false}).
ribute (class, fyes, nol).

11Point ([1-4-2, 2-3-2, 3-4-1, &-2-1, 5-1-1, $-3-1, 7-3-1, 8-3-11}.

Iuster (1, [outlook=rainy, temperature=mild, humidity=high, windy=falsel).
_:c'li_;ster:[z,{outlaokmsunny, vemperature=hot, hunidity=high, wvindy=false]).
cluster member(1,[3, 4, 5, 6, 7, BI).

Luster menber (2,[1, 21).

FICluster ({1*[outlook=rainy, temperature=mild, humidity=high, windy=talse},
s 2*[outloock=sunny, temperature=hot, humidity=high, windy=false]l}.
esgription{'all clusterlB.pl',2}.

Li'mr He!p, pressFi

S‘I_h'} 2.8 WﬂﬂW‘ﬁ“i}’O\‘iﬂ"liﬂﬂﬂﬂuﬂiﬂijﬁmﬂiwﬂﬂ?ﬂ’ﬂl}ﬂ‘LE']LLH‘L!L'IJ‘L! {2 0. 143}

4 = qar 3 ' c; Bl oo .

aﬁawmsmmﬂymmm%’aqﬂumﬁmﬂqaj LU IAIUDULDNAITUIR  humidity
G ; " n’/’ ¥ ar . 4 ' a v s o
.;F?S'JWmdy %ﬂﬁﬂﬂﬂﬂﬂﬂf}ﬁ%mﬂﬁﬂuﬂu ﬂ'?ﬂ‘ﬁlWIﬂﬂ']ﬂﬂu"llz‘ﬁiﬁUQﬂT%BGEL@WWﬁ‘}J’JW outlook
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Input datafile: Iweather

Density parameter: |[3.U.143I

Humber cluster: (3 3:

Quiput file: lali_cluster?.pl‘

Cancel | Enter ;l

i3

File Edit VYiew Insert Format Help
el Sk & 4

3--file:all cluster2.pl

% putput of clustering resultidensity parameter={3,0.143] ,No of cluster= 3
attribute (outlook, {sunny, overcast, rainvl} .-

attribute (temperature, (hot, mild, cooil}.

attribute (humidicy, [high, normal]] .

atcribute {wvindy, [true, falsel).

actribuce {class, [ves, nol}.

Be B

allPoinc{{1-4-1, 2-4-2, 3-3-3, 4-3-3, 5-2-3, 6-3-1, 7-4-3, 5-2-3]1}.

cluster {1, [outloock=sunny, temperature=hot, hwnidity=high, windy=false]).
cluster {2, [out look=overcast, temperature=hot, humidity=high, windy=£false]).
cluster {3, [outlook=rainy, temperature=mild, humidity=normal, windy=false]).
cluster member (1,[1, 6]}.

cluster mewber {2, [2]}}.

cluster mewber {3,[3, 4, 5, 7, 81}.

allCluster ([1¥[outlook=sunny, temperature=hot, humidicy=high, windy=false],
Z*[outlook=overcast, temperature=hot, humidity=high, windy=false],
3*[outlook=rainy, temperature=mild, humidity=normal, windy=falsel]].
Idescription (tall cluster2.pi’,3).

e o o ar 9 =1 1 i v =
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< a 1 % o A & ¥ &
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Alg nthm 2 Incremental clustering

:;._Inpuf “cluster means from density-biased clustering
Output a new set of merged cluster means

h'bv:r' GUI to obtain file names, F1 and F2, which are outputs from density-biased
lustemng
(2 Read number of desired clusters, K

(3 Reé.d cluster descriptions from F1 and F2
reat cluster descriptions as data points and call the clustering process

tp'ut cluster means

o kY o 2 - = ot
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3’ 3 1] 2~ o o g o
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unaaetddmenisiSon g l1lsunsy incremental clustering vzal5Ingueanmasgin 2.10 We

5 ar o al o =1 1 s o 1 ar =t
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%--file'cluster-weather-1.pl

% output of clustering result

%density parameter=[0,01 ,No of cluster= 2
attribute(outlook, [sunny, overcast, rainyl).
attribute(temperature, lhot, mild, cooll).
attribute(humidity, {kigh, normall).
attribute{windy, [true, falsel).
attributelclass, [yes, nob).

cluster(1,[outlook=sunny, temperature=hot,
humidity=high, windy=Ffalse]}.
cluster(2 [outlock=rainy, temperature=cool,
humidity=normal, windy=truel}.
cluster_member(1,[1, 2, 3, 4].
cluster_member(2,[5, §, 71.

allCluster([1*[outlook=sunny, temperature=hot,
humidity=high, windy=false}, 2*[outlock=ramy,
temperature=cool, humidity=normal, windy=truell).
description{cluster-weather-1.p}',2).

allPoint([1-4-1, 2-3-1, 3-3-1, 4-2-1, 5-3-2, 6-4-2, T-3-2}).

%--file:cluster-weather-2,pl

% output of clustering result

%density parameter=10,0} ,No of cluster= 2
attributeloutlook, [sunny, overcast, rainyl).
attribute{temperature,[hot, mild, cooll).
attribute(humidity,[high, normalb.
attribute(windy,[true, falsel).
attributefclass, lyes, nol).

allPoint([1-3-1, 2-4-2, 3-2-2, 4-3-1, 5-3-1, 6-2-2, 7-3-1D).

cluster{l,loutlook=sunny, temperature=mild,
humidity=high, windy=truel).

cluster(2, [outlook=sunny, temperature=cool,
humidity=normal, windy=Ffalsel}.

cluster_member(1,[1, 4, 5, 71).

cluster member(2,[2, 3, 6]).

aliCluster{[1*[outlook=sunny, temperature=mild,
humidity=high, windy=truel, 2*loutlook=sunny,
temperature=cool, humidity=normal, windy="false]l).
description{cluster-weather-2.pl',2).

() nadninnnstanaudoya lulild weather 1

() wadnsanmaianaudoyalulud weather2

%file tmp.pl

dynamic attribute/2, instance/3.
attribute(outlook, [sunny, overcast, rainyl).
attribute(temperature, [hot, mild, cooll).
attribute(humidity, [high, normall).
attribute(windy, [true, falsel).
attribute(class,[yes, nol).

instance(l,class=yes,[outlook=sunny, temperature=hot, humidity=high, windy=falsel}.
instance(2 class=yes,loutlook=rainy, temperature=cool, humidity=normal, windy=true]).
instance(3,class=no,loutlook=sunny, temperature=mild, humidity=high, windy=truel).

instance(4 class=no loutlook=sunny, temperature=cool, humidity=normal, windy=falsel).
Ed

4o & o= o o 4 3 ar
(c) %’ay)a?u"lﬂammn‘mﬂﬂmnmismmam\mmmsaﬂﬂqwﬁ%ya‘luwﬂ
s 12 st R B R YA

B (a) 1

%-fite:merged-cluster-weather pl

9% output of clustering result%density parameter=[0,0} No of cluster= 2
attribute{outiook [sunny, overcast, rainyl).

attribute(temparaiure [hot, mild, cooll}.

attribute(humnidity fhigh, normall).

attributefwindy [true, false]).

attribute{class [yes, nol).

alPoini{[1-4-1, 2-4-2, 3-2-1, 4-2-1]).

cluster(1 foutlook=sunny, temperature=hot, humidity=high, windy=falselj.
cluster(2 [outlook=rainy, temperature=cool, humidity=normal, windy=true}).
cluster_member(1[1, 3, 41}.

ciuster_member(2,[2]}.

allCluster{[1*[outlook=sunny, temperature=hot, humidity=high, windy=false],
2*[outlook=rainy, temperature=cool, humidity=normal, windy=true]}).
description{’merged-cluster-weather pl’,2).

i

£
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A ar ' = = 1 =t 9F :,a’
- LﬁJf’Jwﬁn'iﬂﬂwaMBQﬂqizﬂﬂﬂﬁNﬂiauﬂlKUUﬂﬂﬂ (3UNUYY  batch) RITUVDURIN

mumwmnan‘luﬂsmﬂm 1#50uReunu3T  incremental mm‘nmwamimﬂﬂ%

mﬂwmaMaumawmﬂnam@ua“lmmauulv\la mﬂuumﬂaammﬂﬂms'amﬂna:u
19 "lﬁmaawmﬂum means (ﬁsaaﬂymwmuiwmmmﬂan) Maddoamann  Siftes
mwiuamﬂmmm temperature vondanesdeahiu R uansety dgilms

ﬂau‘lﬂmmsww 2.2

kY

mmn%awmmw means u"11]ﬁ}ﬂfuaajaumwwﬂﬂammaamzlymam's%’ﬂﬂfju

==

"y"‘iﬂmﬂaaﬂu dwandlumsiedt 23 mstedoyadngulunsdifideyaiiszosvis
AT u’tﬂ. & Foar or ' oo et 2 2 =3 ar
asMnilauazaeindy szuamanamstanguiiiu “pqu 1 vie 2 dmwoiiaozia

- A151eR 2.2 1WfSoufignn means ¥0IMITIANGUIUY batch UAYUUY incremental

ﬁ'ﬂ1’§5ﬂﬁijm‘ﬁﬂgﬁ ﬁl means

Cluster! :[outlook=sunny,temperature=hot,humidity=high,windy-=false]

11 batch

Cluster2:[outlook=rainy,temperature=mild, humidity=normal,windy=true]

Clusterl:[outlook=sunny,temperature=hot,humidity=high,windy=false]

iLr incremental
' Cluster2:[outlook=rainy temperature=cool,humidity=normal,windy=-true]
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A3ed 2.3 HansIndoyadInGUUBITNIIANGNLLY batch UAZIUY incremental

é’fagmsﬂm}%ﬂﬁ HAMSIANGUUUL batch HAN3IANGHUIUL incremental
1 Agu 1 ngu 1
2 ngu 1 nau 1
3 ngu 1 ngu 1
4 ngu 1 AqY 1130 2
5 ngy 2 AR 2
6 ngY 2 Agu 2
7 g 2 ngu 2
8 Ay 1 Agu 1
9 ngu 1 1302 ngw 1
10 ngu 2 g 2
1 g 2 agw 2
) AGY 1 1130 2 gy 2
13 ngY 1 Agu 1
14 AgY 2 Ag 2
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3 o i - LI <3
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P 1 ¥ . ar 3 T 1 ¥ o daily 3 ar 1 L
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c; =t ar g 5 g =Y '
AN LlﬁﬂU&ﬂUUWﬁﬂﬁ%ﬂﬂQﬂ%ﬂ?g’ﬁ post-operative P38 ITIANGUHUL batch UDTHTY

incremental
ATFIANGNILY batch MITARGNILY incremental ANUANAT
‘:’%ﬁam’fmga naiild | s1sse | snoudoya | nafld | disse | weanisda
- Tundu Gunil) Tungu iy Hoyariing

Chistér1=40 1.23 1742.88 | Clusteri=42 1.06 1695.53 6.97%
| .Eﬁ_s.ter2m46 Cluster2=44

Clustér1=36 140 | 140166 | Cluster1=33 LIS | 136874 | 9.30%
.Ci_:z_l.ster2=22 Cluster2=26
Iuster3=23 Cluster3=27

Cluster1=26 1.44 | 1281.33 | Clusteri=23 1.17 1195.67 8.14%
C_h't:sterzm?.l Cluster2=2()
C luster3=21 Cluster3=21
_Ciﬁster4=1 3 Clusterd=17

Cluster1=20 151 | 1017.34 | Cluster]=23 133 114598 | 11.63%
:(.fl.ilster2=1 9 Cluster2=20
Ciuster3==1 4 Cluster3=16
Cluster4= 17 Clusterd=17
.___'E:luster5=16 Chuster5=10

Cluster|=17 1.49 967.85 | Clusteri=18 1.40 913.33 6.97%
Cluster2=14 Cluster2=15
Cluster3=16 Cluster3=15
“Cluster4=14 Cluster4=14
. - Chuster5=13 Cluster5=14
“Cluster6=10 Cluster6=10

Cluster1=15 1.62 712.63 | Clusterl=14 1.48 654.87 10.46%
Cluster2=11 Cluster2=10
Cluster3=}3 Cluster3=14
Cluster4=10 Clusterd=11
Cluster5=19 Cluster5=13
Cluster6=11 Cluster6=12
Cluster7=7 Cluster7=12
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c:; F=1 o ] LY s = ar [}
19190 3.2 i‘lﬁﬂ'}}iﬂﬂﬂfﬂlﬁﬂ’]ﬁﬂﬂﬂ@ﬂ‘ﬂ@iﬁﬂ breast cancer ATTEVANGUUYY batch HAZHU

incremental
T AIFIANGUUUY batch MITANGUIILY incremental AMUANATN
mu ) | dwoudoya | ety | missE | snwoudeyn | na@ld | isse | vewnsta
Tungu (i) Tunqu Gui) Hoyaringu
2 Cluster1=123 1.54 2013.33 | Clusterl=131 1.37 1967.67 11.52%
Cluster2=68 Cluster2=80
3 Clusteri=81 2.13 1846.78 | Clusteri=79 1.43 1731.11 3.66%
Cluster2=63 Cluster2=65
Cluster3=47 Cluster3=47
4 Cluster1=51 2.09 1701.26 | Clusterl=49 1.51 1691.98 5.76%
Cluster2=46 Cluster2=47
Cluster3=46 Cluster3=49
Cluster4=48 Clusterd=46
5 Cluster1=43 1.47 1568.14 | Cluster]=45 1.39 1446.72 7.33%
Cluster2=38 Cluster2=32
Cluster3=35 Cluster3=34
Clusterd=37 Clusterd=39
Cluster5=3§ Cluster5=41
6 Cluster[=34 1.56 1432.59 § Clusterl=31 1.48 1303.33 6.28%
Cluster2=29 Cluster2=31
Cluster3=30 Cluster3=32
Clusterd=27 Clusterd=30
Cluster5=37 Cluster5=35
Cluster6=34 Clustert=32
7 Cluster1=28 2.17 1173.79 | Clusteri=29 1.56 1672.13 8.37%
Cluster2=28 Cluster2=29
Cluster3=24 Cluster3=28
Clusterd=23 Clusterd=29
Cluster5=25 Cluster5=28
Cluster6=33 Clustert=24
Cluster7=30 Cluster7=24
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H\IINN 33 ﬂﬁﬂﬁiﬂﬂﬂﬂﬁﬂ'ﬁﬂﬂﬂf}iﬂlﬂya mushroom AIUITIANQULUY batch L& L1

incremental

_ AT5TANGULL batch MITANGUUUL incremental ANINANAN
SSmudeya | naiild | M1ssE | sneoudeyn | neld | disse | weamsda
Slungu Gy Tungu ui) doyariing
Clusterl=2011 | 3623 | 9523.61 | Cluster]=2004 | 3115 9601.33 6.92%
Cluster2=3405 Cluster2=3412
Ciu_s‘ter}wl& 1} 4113 | 941179 | Cluster]=1596 [  33.26 9398.41 7.40%
é_méter2=1804 Cluster2=1732
':C':I.u.ster3=2001 Cluster3=2088

Clusterl=1114 | 51.48 | 871333 | Clusterl=12]2 39.17 9005.17 8.01%
Elﬁster2=l 096 Cluster2=1107

Cluster3=1354 Cluster3=1257

Cluster4=1852 Clusterd=1840

Cluster1=993 72.11 | 7017.51 | Cluster1=1023 51.48 6305.22 12.72%
Cluster2:=1091 Cluster2=1220
Cluster3=1014 Cluster3=1016
: Clusterd=1176 Cluster4=1072

Cluster5=1142 Cluster5=1085

Clusteri=817 81.47 | 5967.85 | Cluster]=§82 73.59 5913.33 7.97%
Cluster2=941 Cluster2=815

Cluster3=766 Cluster3=1015

Cluster4=1004 Clusterd==914

Cluster5=783 Cluster5=747

Cluster6=1105 Cluster6=1043

Cluster1=615 9347 | 3712.63 | Clusteri=714 78.29 3654.87 9.16%
Cluster2=711 Cluster2=710

Cluster3=813 Cluster3=723

Cluster4=810 Cluster4=915

Cluster5=919 Cluster5=699

Cluster6=911 Cluster6=325

Cluster7=637 Cluster7=830
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ﬂl?)\‘l‘lsllmgﬂ post-operative

Clustering f1 SSE muanuMuLuveteya
K | method | 01011 | (1,045 | [1,02) | 20.0) | (20080 | (202 | 3,0.1] | [3,0151 | {3.0.2) | [4,0.1] | (4,0.15]
2 | Bach | 1730.1 | 17406 | 17493 | 17023 | 17169 | 17411 | 17133 | 17011 | 17224 | 17563 | 17548
Incremental | 1670.3 | 16873 | 1675.1 | 1689.0 | 1691.8 | 1703.7 | 1643.4 | 1629.7 | 1707.4 | 17756 | 1684.6
31 Baich | 14456 | 14629 | 15089 | 1677.5 | 15442 | 14932 | 1389.9 | 1401.2 | 15997 | 16110 | 15435
Incremental | 1395.5 | 14012 | 14347 | 15040 | 14002 | 15427 | 13582 | 13414 | 14778 | 14895 | 15312
4 | Bach | 13722 | 1387.1 | 14010 | 15129 | 14887 | 13955 | 13211 | 13567 | 1407.9 | 1417.3 | 1399.0
Tncremental | 13113 | 14026 | 13987 | 1476.5 | 1359.2 | 13446 | 1305.2 | 1296.1 | 1307.7 | 1369.0 | 13044
5| Bach | 11967 | 12093 | 11365 | 1227.6 | 12355 | 1409.9 | 1287.6 { 10125 | 12037 | 17852 | 13033
Incremental | 1112.2 | 13010 | 11986 | 12111 | 1109.5 | 12450 | 11933 | 1074.6 | 12490 | 1329.5 | 1268.7
6 | Bawh | 10709 | 11927 | 10685 | 12019 | 11378 | 12243 | 1125.6 | 10165 | 12080 | 11734 | 12430
Incremental | 11324 | 10983 | 1163.4 | 12557 | 11904 | 12073 | 1114.8 | 10798 | 12125 | 1249.0 | 13007
7| Bach | 9783 | 8956 | 9132 | 9651 | 9702 | 899.0 | 90r7 | 8165 | 8932 | 9076 | 9545
Incremental | 9133 | 9416 | 9328 | 899.0 | 9284 | 9196 | 8295 | 8077 | 9013 | 9165 | 9074
§ | Bawch | 9654 | 10082 | 9747 | 9662 | 11057 | 0893 | 8914 | 9026 | 9724 | 11237 | 10659
Incremental | §91.2 | 9034 | 8762 | 10253 | 9986 | 9167 | 8753 | 8920 | 9134 | 9365 | 99738
9 | Bawch | o013 | 9327 | 8905 | 9127 | 9341 | 8996 | 8132 | 8294 | 9376 | 9294 | 9565
Incremental | §76.3 | 8327 | 890 | 8859 | 9067 | 8132 | 8367 | 891.0 | 9037 | 919.5 | 8960
10| Bach | g965 | 9421 | 937.6 | 8813 | 0205 | 8743 | 8326 | 8795 | 9167 | 9032 | 9240
Incremental | 901.2 | 9287 | 936.5 | 890.1 | 8790 | 8926 | 8511 | 9003 | 8996 | 9172 [ 906.1
11| Bach | g724 | 8s4s | 8321 | 8643 | vor1 | ss62 | 8134 | 8767 | 9132 | 8920 | 9365
Incremental | 9063 | 8725 | 8431 | 8927 | 8199 | 769.5 | 7933 | 8127 | 9396 | 8954 | 9013
12{ Bach | 8831 | 8729 | 8531 | 9024 | 8759 | 8362 | 813.7 | 8500 | 9134 | 8982 | 9132
Incremental | 7928 | 8135 | 8267 | 9138 | 8854 | 7632 | 7990 | 8342 | 8659 | 9134 | 9206
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3/
UDIUDLT breast cancer

1 SSE Amanunuminvetioys

[1,0.1] § {1,057 | [L,02] | [2,01] | [2,0.15] § [2,0.2] | [3,0.1] § [3,0.15] | [3,0.21 | [4,0.17 | [4,0.15]) | {4,0.2
2046.3 | 2137.0 | 2246.9 | 20125 | 23541 [ 21684 | 20793 | 19582 | 21432 | 2013.4 | 20199 | 22456
19757 | 1583.2 | 2034.1 | 1989.7 | 2154.3 | 20119 | 1964.3 | 1941.7 | 19850 { 20542 | 20987 | 2213.7
119823 | 20135 | 2ie3.4 | 20982 | 2175.9 | 19726 | 2001.8 | 19351 § 1972.7 | 1908.3 ; 20852 | 21630
1)  §763.4 | 18654 | 17950 | 19324 | 19557 | 1843.9 | 19323 | 18327 | 1954.0 | 18859 | 19327 | 19154
1712.6 | 1698.7 | 17346 | 18003 | 1763.9 | 17564 § 18312 | 1749.2 | 1654.1 | 1693.2 | 18349 | 17553
1678.3 | 1732.1 | 16887 | 1709.7 | 17895 | 17032 | 1688.4 | 1603.0 | 16425 | 16592 | 17013 | 16854
1543.1 | 16123 | 15938 | 1600.1 | 1572.8 } 1559.6 | 1482.0 | 1501.3 | 1459.7 | 1532.7 | 14689 | 1577.0
1437.3 | 13893 | 13727 | 1401.3 | 1388.2 | 1369.4 | 1419.5 | 13442 [ 14651 | 13706 | 1458.7 | 1492.)
: 14029 | 14725 | 1439.0 | 13726 | 1385.0 | 14092 | 13769 | 13121 | 1308.9 | 1427.F | 13657 | 14330
13707 ) 13628 | 1398.4 | 1432.5 | 1411.0 | 13496 | 1451.0 | 1327.8 | 1309.5 | 1420.7 | 13726 | 14196
13725 | 1489.2 [ 13526 | 1275.7 | 1293.0 | 13217 | 1286.5 | 12034 j 1384.2 ! 1358.7 | 14026 | 13267
1218.9 | 1239.0 | 1311.2 [ 1168.7 | 12034 | 11959 | 12027 | i134.9 § 13102 | 12874 | 11973 | 12465
1132.7 | 10682 | 1143.7 | 10792 | 1159.0 | 10865 | 10342 | (0078 § 10134 11790 | 10923 | 11547
1107.6 | 1195.7 | 1183.2 | 10967 | 11324 | 1097.5 | 11063 | 10024 | 11469 | 1093.7 | 1089.0 | 1103.1
£93.6 9124 895.6 | 903.1 9435 879.6 | 9074 859.6 935.2 9117 909.3 892.1
932.7 9427 939.5 §91.2 903.4 950.2 | 87541 832.7 913.2 8947 953.0 912.7
793.9 765.9 801.4 865.9 793.2 7864 | 7130 759.2 803.4 860.9 903.1 395.2
684.9 713.2 6957 80135 738.2 679.8 | 695.0 713.2 6993 | 7154 769.2 8[4.0
7145 726.9 774.0 693.1 732.9 680.2 ; 6134 £695.2 787.0 | 6953 761.2 730.8
7322 695.3 68%.4 719.0 677.0 613.5 58%.0 6324 715.6 | 709.8 674.9 632.1
6328 579.2 684.3 588.7 516.5 5432 | 508.7 640.1 6322 | 6195 5932 587.6
588.7 5352 645.9 | 607.1 580.3 5117 573.2 546.0 5329 | 6114 590.2 578.4
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o
VBIVDYR mushroom

Clustering

1 SSE muanumuiniuvestoya
K method [Lo1] § [1,015] § [1,0.2] | [2,00] | [2,058) | [2,0.2] | (3,017 | [3,0.15] | [3,0.2] | [4,0.1] | [4,0.15}
2 | Bach | 91323 | 9027.6 | 90169 | 9012.5 | 9004.1 | 8968.4 | 83193 | 77582 | 71432 | 70134 | 68199
Incremental | 89952 | 8883.1 | 8834.1 | 8819.7 | 83543 | 80IL9 | 79643 | 69417 | 6685.0 | 64542 | 60987
3| Bach 89925 | 82137 | 81667 | 80982 | 75759 | 6912.6 | 6001.8 | $935.1 | 58727 | 58083 | s085.2
Incremental | 8769.1 | 7865.9 | 77952 | 69327 | 6905.7 | 6843.9 | 5932.7 | 5832.3 | 4954.0 | 48859 | 47327
4 | Batch | 87126 | 86987 | 7934.6 | 78003 | 7763.9 | 6756.4 | 58312 | 57492 | s6sa.r | 46932 | 38349
Incremental | 86783 | 7732.1 | 6188.7 | 6009.7 | 5789.5 | 57032 | 56884 | 4693.9 | 46025 | 39592 | 37013
5 | Bawh | 854n1| 86123 | 8593.8 | 8300.1 | 8272.8 | 7559.6 | 7482.0 | 65013 | 5956.7 | $532.7 | 5468.9
Incremental | 84373 | 73893 | 73727 | 74003 | 73882 | 6869.4 | 6419.5 | 6014.2 | 46511 | 43706 | 45827
6 | Bawh | 84029 | 8472.5 | 79390 | 7872.6 | 73850 | 68092 | 6376.9 | 6312.1 | 60089 | 5927.1 | 5665.7
Incremental | 83717 | 83628 | 73984 | 7432.5 | 6941.0 | 6349.6 | 6151.0 | 5027.8 | 5909.2 | 5820.7 | 53726
7 | Bach | 73725 | 71192 | 7052.6 | 6975.7 | 6893.0 | 63217 | 62865 | 6103.4 | 58842 | 53587 | 54026
Incremental | 70189 | 6939.0 | 69112 | 6308.7 | 6503.4 | 61959 | 60027 | 5934.9 | 57102 | 52874 | 51973
& | Bach | 71327 | 70682 | 6943.7 | 6079.2 | 58000 | 5786.5 | 5034.2 | 5007.8 | 47134 | 47390 | 40923
Incremental | 6907.6 | 68957 | 6183.2 | 5996.7 | 57324 | 5697.5 | 4906.3 | 4802.4 | 4693.9 | 4093.7 | 3780.0
9 |  Batch | 68936 | 79124 | 78056 | 6903.1 | 59435 | 5279.6 | 49074 | 4859.6 { 37352 | 30117 | 29093
Incremental | 69327 | 7942.7 | 6939.5 | 6891.2 | 5103.4 | 49502 | 4815.1 | 47627 | 29132 | 28947 | 21530
10| Batch | 57939 | 50659 | 48014 | 48659 | 47932 | 43864 | 3713.0 | 37592 | 3203.4 | 2860.9 | 2003.1
Incremental | 56349 | 49132 | 4695.7 | 4201.5 | 40382 | 3079.8 | 3695.0 | 3013.2 | 20993 | 27154 | 19692
11| Bach | 47145 | 47269 | 47740 | 3693.1 | 37329 | 36802 | 3613.4 | 3695.2 | 2787.0 | 26953 | 19612
Incremental | 47322 | 46953 | 4689.4 | 3719.0 | 3677.0 | 3613.5 | 3589.0 | 36324 | 2015.6 | 1979.8 | 17849
12| Bawch | 26327 | 25392 | 24843 | 23887 | 23165 | 21432 | 19787 | 1640.1 | 16322 | 1609.5 | 1593.2
Incremental | 2588.1 | 2435.7 | 23759 | 2207.i | 21803 | 20117 | 1573.2 | 15460 | 15029 | 14914 | 13902
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/* ==s=c======2= Data Clustering ====z=su=- %/

% To run the clustering program, call this procedure:
% dens_clust menu.

% To run the merge clustering program, call this procedure:
% merge_clust_menu.

R it e T Find density ---w-----=
:- dynamic instanceR/3,attributeRr/2, dens_list/l,dens_xrec/1.

:~dynamic cluster/2,description/2.
comp (E1,E2,V) :- (El==E2-3V=1; V=0) .
mycompare (L1,L2,CL} : - maplist(comp,Ll,L2,CL),

%test 2 ianstances, M=number of match
similar{(Il,12,M,V):- instance (11, ,L1),
instance(lz,_,Lz),
mycompare (Lt, L2, VL), %compare 2 instances
sumlist (VL, Sumv},
(SumV>=M ->V=1 ; V=0 ).

all dens(ILl,IL2,M,L):-
findall((x,Y,V},(member(X,ILl),member(Y,ILz),similar(X,Y,M,V)),L).

each_dens (L, I,I-Dens):- findall(v,(memher({I,_,V),L}),VL),
amountItem(Len) ,
sumlist (VL, SumDens) ,
Dens is SumDens/Len

% assert(dens_list{{1-1,2-1,...1))
% #No_of att wmatch,-assert(dens list)
all_insti{M):- findall(X,instance(x,m,w),AllAttr),

length (AllAttr, Len),
numlist{1,Len,Ll),
all_dens(Ll,Ll,M,L),

mapiist (each dens(n),L1,DL),
retractall (dens_list{ )},
assert {dens list (DL}),!.

maindeng (M) :- all_inst (M),

listing(dens_list).
all rec dens(M,B):- retractall(dens _rec( )),
((M==0 iD==0}-> [ writeln(m +M) :

findall(X,instance(x,_,m),AllRec))
(maindens (M) ,dens_list{L),
findall{x,{member(X—Dl,L),D1>=D),A11Rec)}),
writeln{allRec +AliRec),
assert (dens_rec (AllRec)), !.

R e T PREPROCESS~--—-=mo-c—mwem

% pre.pl

%

create_attr([]}:- H=class,

attribute (H,R1),

assert (attributeR (H,R1}), 1.
create_attr ([H|T]}:-

attribute (H,R1),

assert (attributer{H,R1)}, !,

create_attr(T}).




37

ampling(Per,C,A):-

rite (' Per, Type, Attriist'+[Per,C,A]},
ampling(C,Per,A),
jteln{samplingA+a) .

”actall(C( ¥ 5
(Lnstance(x _+_J) Y, AteL),

actall(amountltem(w}),
ractall (instanceR(_,_,_1}},
trictall(attributeR(_,_)),
actall{no_rec{_,

sert(amountltem(Len

T
),

)
)

length (L1, Len),
Len is Nsel,!

NallNsel,Ll,L2):-
T dens _rec (DensRec) ,
H is random{MNall-1)+1,%shift to 1...Nall
( {membperchk(H,Ll); not(memberchk(H, DensRec}) )
-» rand (1,Nall, Nsel,L1l,L2);
{ L2=[H]TI,
L= [H{L1l,
rand{1,Nall, Nsel,L,T)
)
Y.

_éplacement -L1 for temp List
+30,+([]1, —Res).
el 1, {1):

length(Ll Len),
Len is Nsel,!

Nsel,Ll, [H|T]):-

“""dens_rec {DensRec},

H1 is random(Nall-1)+1l, %<<<< here deansity

(memberchk(Hl DensRec) -» (H=H1, rand(2,Nall, Nsel, [H{L1] ,T));
rand(2,Nall,Nsel, L1, {H|T}} e

%TYpe,+Per,+Attribute)
ngpling < len of Density List

+Type, +Per, +Attribute)

(Ciper,n):
: gntItem(N),
fols] l is round{ {Per/100}*HN),
g sel+NoSel),

Rgth(Rec Denslen),
gsert (no _rec (NoSel, bensLen) ),
Sel > Denslen -»
“{NumSei=DensLen,
format ('~n--densRec size<sampling size-»
choose all density list=-a records:-n',
{DensLenl)) ;
NumSel=NoSel),
{Per==100-»(dens_rec(DensRec) , LS=DansRec) ;
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rand (C,N, NumSel, {1, LS) Y
create rec(0,LS,A}.

%create sampling rec
% (+0, +ListofRandkey, +Attribute)

create_rec(_,[],_}:-true.
create_rec (N, [H|T],n):-
instance (H,R1,R2),
include(filtexr (A} ,R2,R22),
N1l is N+1,
assert {(instanceR (N1-H,R1,R22)),!,
create_rec{N1,T,Aa).

gfilter (+AttrList, +Element)

% true oxr false -~ filter for selected attributes
filtexr({1,_):-false.
filter{{H| ], (B=_)):-true,!.

filter ([H|TI, (M=V)}:-M\==H,
filter (T, (M=V)). %<<<<<<< HERE density

%TLL=[ [outlook+sunny+3, outloock+overcast+l, outlook+rainy+3],...]
Ftally (-TLL)

tally (TLL) : -
findall (A+VL,attributeR (A, VL), L),
maplist (map,L, LL),
tallyAtt (LL,TLL) .

tallyAbt {LL, TLL) : -maplist (tallyEach, L, TLL) .
tallyBach (L, TL}: -maplist (finda, L, TL) .

finda (A+V, (A+V+N}}:-
findall {(A+V, { instanceR{_,class=C, L},
{member (A=V,L) ; {A=class,V=C) )},
Res),
ilength (Res,N) .

map (A+VL,EL} :» maplist (add{a),VL,EL) .
add(h,B,A+B}.

% called from MENU GUI.
mainp (D1, ParaDensl, K, Fout) : -

init,

reconsult {D1),

Per=100, 8=1,

findall (X, (attribute (X, ), X\=class), AL},

term to_atom(ParaDL, ParaDensl),

[M,D]=ParabL,

all rec dens(M,D),

create attr(aL),

choose sampling(Per,g,AL),

£ally (TLL) ,writeln{TLL},

writeln (end+main),

no_rec{Want,Actual),

teli(*out.pl'), % save densed instance --extra file

format ('~n%Density Parameter=[~a,-a]

Sampling[Percent, Typel=[~a,~al-~n', [M,D, Per, 51},
format {'-n¥Want ~a records, but has -a records-n', [Want, Actuall),
(attributeR (X, Y},
write (attribute(X,¥)),
writeln{'.'},

fail
;true),
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- (instanceR (N4- ,K4,L4),
“yrite (instance {N4,K4,L4)},
Twriteln(®.'},

% InFile="out.pl’,

“fgrmat ('~ncaling ...cluster precess....~-n'},
telf{Fout},
“format ('%--file:~w-n% output of clustering result', [Fout]),
 format ('%density parameter=-w ,No of cluster= -w', [ParaDensl,K]),

daz}(m,(attributeR(x,Y),format('~nattribute{~w,~w}.',[X,Y])),_)

]

nainClust (K, AllCiuster),
¢fmat('»nwnallcluster(~w}.~ndescription("~w'-,~w)_~nr
o [AllCluster, Fout,K]),

]

ew(Dialog,dialeog('Density Biased Clustering')),
eﬁ&;list(bialog, append,
’ [ new(Dl, text item(input datafile, 'filename'}),
new (Dens, text item(density parameter,'[3,0.143]'}),
new (Per, int_item('number cluster', low := 2, high := 80)},
new({D2, text item(output_file, *all_clusterl.pl')),
button{cancel, wessage(Dialog, destroy)),
button (enter, and (message (@prolog, mainp,
Di?selection,
Dens?selection,
Per?selection,
D27?selection
1
nmessage (Dialeoy, destroy))) % enterisdestroy

it 1),
nd({Dialog, default_button, enter),
d(Dialog, open).

j-- for discrete attributes
jAllClust

ﬁéter(K,Allclust):m initClust (K,1,A11CIust) .

r{+LostartK,~A11Clust
er,l=start, [1*center, 2*center]

L0, [1):-Losk !

L0, [LO*L|T}):~ instanceR{LO-_, L),
Ll is LO+1,
initCiust(K,L:1,T).

_élustNo*[allAttri],wfreqMatch)
S L ; 2%15 )

*Y,N*F) :- instanceR{X- , ,1l),
intersection(Ll,Y, 1),
length(I,F) .

- maplist(cvalue,L,L2},
max iist(L2,V},
membexr (A*V,L), !.
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F+AllClust, +MaxInstanceNO, +StarthAt, ~-AllFormatedPointList) .
% AllClust,14 o 1 , [1-15-2,2-11-1, .. .point-maxFreg-clustNo] )

assignPoint( ,U,M, {}):-M>U, ! .

agsignPoint (AllClust,U,M, [M-V-A|T}):~
maplist (freqg(M},AllCIlust,Res),
cmax (Res,A*V) ,
ML is M+1,
assignPoint (Al1Clust,U, M1, T).

¥+Kclusters, +StartAt, +AllPormatedPoint, -311Cluster
2, T, AllPoint, [1* [outlock=sunny, temp=hot, ..},2%[..1]1 )

@

reComputeCenter{K, s, Allpoint, [])}:- 8S>K, .

reComputeCenter(K, §,AllPoint, [S*NewCenter|T] ) : -
findall{P,member{P~ -S,AllPoint),2),%% is AllP
allPointAtAllAttr (2, NewCenter),
51 is S+1,
reComputeCenter (K, 51,Al1Point, T) .

%+AllPoints, -AllClust
%[1,3,...1, [1*[outlook=sunny, temp=hot, ...},2*[...]] }

aliPointAtAllAttr {AL1lP, NewClusters) :-
findall {AttName, {attribute (AttName, )}, AttName\==class), AttNamel),
% find all AttName
maplist{aliPoint (AllP)},AttNawmel, NewClusters) .

%+AllPoints, +AttrName, -Attr=Attrval
%{1,3,4], cutlook, outlook=sunny

ailPoint (Al1P,Rtt,A):~
findall (Att=V, (instanceR(X-_ , ,K),member(X,AllD),
membear (ALE=V,K)) , Z),
maxFreq(Z, A*V) .

%+List, -MaxElement *Freq
%fa,a,b] ,a*2.

maxFreg (L, A*V) : -
findall{X+*C, {member (X, L), count (X,%,C)), 3},
cmax (Z,A%V) .

write cluster member (K,AllPoint,NewClust):-
numlist(1,X,KoList}),
findall(Z—X,member(X—_—Z,AllPoint),Rl),
maplist(filterl,NewClust),
maplist(filteril (R1) ,KList, ).

filterl (N*L) : -format ('~ncluster (~w,-w}.', [¥,L]).
filterii{L,X,Res):-

findall (Y, member (X-Y,L) ,Res)},
format {'-~ncluster_ member (~w, ~w).*, [X,Resl).
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';+AllPoints,+AllC1ust
%[1,3,4,5}, OldClust

pute{K,AllPoint,CldClust,Ret} :-
et reComputeCenter (K, 1, AllPoint, NewClust),
{ oldClust==NewClust -> {
format {'-nallPoint {-w) .~n', [AllPoint}},
write_cluster member (K,AllPoint,NewClust]),
Ret=New(Clust) ;% exit when Cld=New
4 %% write New Cluster
dens_rec(Rec), length (Rec, LastItemNo) ,
assignPoint (NewClust, LastItemNo, 1,AllPoint2),
% assign points to new clusters
fwriteln (allNewPoint-AllPoint2),
repeatCompute (K, AllPoint2, NewClust, Ret)

.

List,~Count

t= H\==X,!,
count (H,T,C).

LHIH{T],C) @ - count (§,T,C1},!,
g g e 01

—amain- .-~
ter,. -Ret ReturnedCluster.

K,Rét):—
dall (X, instanceR(X-_,_,_),InsL},
length(InsL,Lent),
S
i format (' ~n%_not_working Instance({-w)< K(~w)~n', [Leni,K]) ;
o
makeInitCluster (K, AY1CLlust),
assignPoint (A11Clust,Lenl,1,AllPoint),
0ldClust=A11Clust,
repeatCompute (K, Al1Point,0ldClust,Rat}

t(

==~ MERGE CLUSTER MENU ----

St menu: -

ev(Dialog,dialog('Merge Clusters')},
d-list {Dialog, append,

w({D2, text_item(filez,'all cluster2.pl')),

w (D3, text_item{output_file, 'all_cluster.pl'}),

W (K, int_item(numberOfClustex, low := 2, high := 20)},
button{cancel, message(Dialog, destroy)),

_#tton{enter, and (message {@prolog, mergeClust,
R Dl?selection,

D27?selection,

D3?selection,

K?selection
}

ﬁessage(Dialog, destroy})) % entergerase

alog, default button, enter),
talog, open) .
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+inputfile, +inputfile

mergeClust (D1, D2, Fout, K) : ~
format {* ~nmerging. . . from~w -w~n*, [D1,D2]),
tell('tnp.pl*),
format ('5file tmp.pi-n:-dynamic attribute/2, instance/3.'},
consult (D1),description{ ,K1},
findail(_, (attribute(X,%),

format (' ~nattribute (~w,-w) ', [X,21)), ),
findall (_, {cluster(X,3z),
Format (* -ninstance {-w, class=yes,~w) . ', [X,2]}), ),

consult{D2),

description{ ,K2),nl,

KLast is K1+K2z,

findall(_, (clusteri(X,z),

N is X+k1,
format{‘~ninstance(~w,class=no,~w}.',[N,Z])),_),
told,

mainp('tmp.pl’', ' [0,0]"',K, 'x.pl").
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ABSTRACT

Clustering is a task of grouping data based on similarity. A popular k-means algorithm groups data by firstly assigning all
data points to the closest clusters, then determining the cluster means. The algorithm repeats these two steps until it has
converged. We propose a varjation called weighted k-means to improve the clustering scalability. To speed up the
clustering process, we develop the reservoir-biased sampling as an efficient data reduction technique since it performs a
single scan over a data set. Our algorithm has been designed to group data of mixture models. We present an experimental
evaluation of the proposed method.

1. INTRODUCTION

Clustering is the automatic grouping of data based on similarity. There exists a large number of clustering
techniques, but the most classical and popular one is the k-means algorithm [1]. Given a data set containing n
objects, k-means partitions these objects into & groups. Each group is represented by the centroid of the cluster.
Once cluster representatives are selected, data objects are assigned to the nearest centers. The algorithm
iteratively selects new better representatives and reassigns data objects uniil no change is made. At this point
the algorithm is said to converge. Even though k-means is an effective clustering algorithm, it can sometimes
converge to a local optimum. Many methods [2,3,4,5] have been developed to extend the k-means with the
common objective of avoiding converging to a bad local optimum. Some methods [6,7,8] search for the best
initialization because k-means is known to be sensitive to initial point selection. Other research [9] seeks for
the global optimum, at the cost of computation. These researches iry to solve the problem of sub-optimal
clustering and estimation the appropriate number of clusters {10,11].

Another difficulty of clustering with k-means is that it fails to identify clusters with large variation in sizes
since original large clusters tend to be split. Clustering algorithms, such as DBSCAN [12] and CURE [13],
have been developed to overcome this kind of difficuity. DBSCAN associates a data point with its density
obtained by counting the number of points in a region of radius £. The algorithm discovers clusters by
connecting regions with sufficient high density, a MinPts threshold. DBSCAN works well in spatial clustering,
but it is sensitive to the selection of & and MinPts and it fails to efficiently discover clusters with highly
different densities. CURE algorithm represents a cluster by a set of points, instead of a single representative.
Once the representative points are chosen, the algorithm then shrinks these points toward the centroid of the
cluster according to a shrinking factor. CURE is an jterative hierarchical-based clustering that works well with
discovering cluster of different sizes, but it is sensitive to the selection of representatives and shrinking factor.
Moreover, with very large data set, these algorithms degrade considerably.

When clustering massive data set, data reduction is an effective technique to speed up the algorithm.
Sampling [14,15,16] is a powerful data reduction paradigm to remedy the inherent complexity of clustering.
Uniform random sampling in which every data point has the same probability of being selected has been used
extensively in data mining and databases [17,18,19,20]. In the case of data sets with large variation in cluster
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"._i_biased sampling [21,22,23} tends to be a better scheme. In density biased sampling, the

a step further on extending the k-means algorithm to work with a weighted sample. We propose
mon density biased sampling based on the reservoir technique and a weighted k-means algorithm to
dat sample augmented with weights. The proposed algorithms are explained in Sections 2 and 3,
We present the experimental results in Section 4. The conclusion and our future work are

__t__x_'f_ction Biased by Density

ypular and successtul clustering methods such as k-means to work against large data sets, many
ke BIRCH [24] and CLLARANS [14) employ the sampling technique to minimize data sets. In
F-tree structure is built after an initial random sampling step. The CF-tree is used as a summarized
with statistical representations of space regions stored on leaf nodes. After the phase of CF-tree
v clustering algorithm can be applied to the leaf nodes. CLARANS also uses uniform sampling to
-presentative objects for the clusters.

ng techmique vsed in these algorithms is uniform random sampling, which assigns every object
bability of being included in the sample. But many data sets in real life do not follow the uniform
cheime. It instead seems to follow the Zipf's distribution {251, for instance, income and population
‘these data sets, some areas such as large metropolitan area have much higher population density
ities. If all the populations have equal opportunity of being selected as a representative, sparse
nissed and not be included in the sample.

ncement on clustering very large data sets in which summarized data structure is even too big to
memory, sampling is independently applied to the data set prior to the subsequent clustering
and Faloutsos [21] develop a non-uniform sampling method for clusters that differ very much in
ty. Their method is a generalization of uniform random sampling in that every group of data sets
igned different probability of being drawn. When sampling is biased by group density, smaller
versampling, whereas larger groups are under- sampling. Since clusters are not known a priori,
Faloutsos combine the phase of density information extraction with the biased sampling phase
h-based approach. They argue that the inherent collision problem of any hash-based approach will
mally degrade the sample.

I‘Ihe!_css, their method is significantly affected by noise due to the tendency of oversampling noisy
approach adopts the reservoir technique to eliminate the collision problem of hash-based approach
pendent on the assumption regarding cluster distribution to avoid the impact of noise.

_fY;Biased Reservoir Sampling

e a novel approach of adapting reservoir technique [26,27] to perform a density biased sampling on
ets. Our algorithm can obtain a desired sample through a single data set scan. The proposed method
mpler and requires less resource than the hash-based method [21].

esengoar—sampimg algorithm [26,27] is a simple, unbiased random sampling algorithm for drawing a
Sii:e n without replacement from a population of size N (N = n). Vitter [26] has developed a one-pass
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reservoir-sampling algorithm when the population size (N) is unknown and cannot be determined efficiently.
The term “reservoir” defines a storage area j ( 2 n, but mostly j = #) to store the potential candidates of the
sample. The j reservoirs is initialized to store the first J records of the file, that is, all arsas of the reservoir pool
are initially filled up. Then the algorithm starts scanning the remaining part of the file with a randomly
skipping step. The random picked record is evaluated whether to replace the existing one in the reservoir pool.
If it passes the test, the position in the reservoir is also randomly selected. The process stops when the end of
file has been reached and the records in the reservoir form a simple random sample of the population. The
general procedure of reservoir-sampling algorithm [27,28] is given in Figure 1.

The time complexity of the algorithm is shown [26,27] to be O(n {1+ fog{N/n}). In the reservoir-sampling
algorithm, each record of the file is assigned a uniform (0,1) random number. When the reservoir is needed to
be updated, each record in the reservoir has the same chance to be replaced by the new record.

Algorithm Reservoir sampling
Input:  a sequential file of N population
Cutput: a random sample of size n (n < N)

1) Inmitialize the reservoir X, ..., X, to be the first n records of the file

2) Initialize W to be the largest value in a sample of size n from the uniform
distribution on the interval {0, 1)

3) While not eof do

4)  Generate the random variate § 1o denote the number of records to be skipped

over before a new record can enter the reservoir '

5 If (not eofy Then Search for the next potential record to be in the reservoir

6) Else retumn X, ..., X,

7 Update X and W

Tig. 1. Reservoir-sampling algorithm

Our sampling algorithm generalizes the reservoir scheme for the case of data with diffcrent density
distribution. In our proposed method, the initial step of partitioning data into groups resembles that of Palmer
and Faloutsos {21]. But our subsequent steps are not based on hashing scheme in order to avoid the effect of
noise and collision problems.

After the initial step of dividing the data space into bins of equal size, the informa- tion of the first » groups

are put into the n reservoirs restding in main memory (see Figure 2a). The collected information includes the
number of points in each group and the id of the group.
The algorithm performs a single scan on a data set in a random manner controlled by a random variate § with
the distribution W. The density biasing (step 7 in Figure 3) is achieved through the consideration of two
consecutive data groups. If the density difference of the two data groups is above some threshold 3 (i.e.,
detecting cluster edge) or the sum of density on both groups is above the threshold value € (i.e., avoiding noisy
cases), then the denser group is a candidate to be included in a sample. This new candidate is put into a
reservoir pool at a random position (the reservoir update is pictorially shown in Figure 2b). The density-biased
sampling proceeds until the skipping variate § reaches the end of the data groups.
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Fig. 2. Density biasing in a reservoir scheme

W exp(log (random()) / 1) /f initialize W that will be used in the

/! generation step of random variate §

S <L 1og (random()) / log(1-W) |
iile § < g do
Read data groups g5 and gs,,

/ read 1two consecutive data groups
I (density(gs) — density(gs,1)|| > 8 ) OR ((density(gs) + density (gs.1)) > &)

/& and & are predefined density threshold values

Then X 1+ nv candom ¢ | — <group-id, density> of maximum density {gs , g5.s}

/ randomized the reservoir area to be updated
W & W * exp(log (random()) / n)
Sl log (random())} / log(1-W) ]

/f update W for the skipping process

/f generate S to denote the number of
/1 groups to be skipped over

10) Rétum . T

Fig. 3. Density-biased reservoir sampling algorithm
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3. Weighted K-Means Algorithm

The classical k-means algorithm [1] is a fast method to perform clustering. The algorithm consists of a simple g
re-estimation procedure as outlined in Figure 4. [

Algorithm K-means

Input:  aset of n data points, and the number of clusters (X)
Output: centroids of the K clusters

1) Initialize the K cluster centers
2) Repeat

Assign each data point to its nearest cluster center
3) Recompute the cluster centers using the current cluster memberships i
4) Until there is no further change in the assignment of the data points to new cluster centers i

Fig. 4. K-means algorithm

The original r data points to be clustered are contained in the dataset X = {x,, ..., x,}. The k-means
algorithm partitions n data points into X sets. The assignment of a data point x; to its nearest cluster center Ly
{step 2) is decided on the basis of the membership function, m{c;lx;). The function returns either one of the !
{0,1} values: mic)fx} =1 if j=argming|x; - ciff; it is zero, otherwise. In step 3, the new centroids of clusters !
can be computed from all data points ; in the cluster. The objective function J of the algorithm is to minimize
the sum of error squared, J =5, . ., min; o pr g || % - 5 |-

In k-means algorithm, every data point has equal importance in locating the centroid of the cluster. This
property does no longer hold in the case of density-biased sample clustering, for which each data point
represents varied density in the original data. Therefore, the clustering algorithm has to consider a weight
associated with each data point in the computation of cluster centers. The proposed extension to the k-means ;
algorithm is called weighted k-means. Figure 5 outlines the algorithm. |

Algorithm Weighted k-means

Input: a set of r data points obtained from the density-biased reservoir sampling,
and the number of ciusters (K)
Qutput: centroids of the X clusters

1) Initialize the K cluster centers

2) Repeat :
Assign each data point to its nearest cluster center according to the membership function, :

mici) = __|lx- P

Bo gl 3 - P

3) For each center ;, recompute the cluster center ¢; using the current cluster memberships and weights

1

&= Hiepn michx) wl x) x;

ﬂi =1lmn m(cjix,-) W( xi) '
where wfx;} is a weight associated with each data point

4) Until there is no reassignment of data points to new cluster centers

Fig. 5. Weighted k-means algorithm ]




49

bership function in the weighted k-means algorithm resembles that of the k-harmonic means
].- Zhang [5] also introduces the weight function, w( x;), in his algorithm to accelerate the
tzmon ‘of the new ceniroids in the next iteration. The weight function in our algorithm, however, is
' the different purpose. It represents the density of the original data points.

g'nts and Resulis

: two sets of experiments to test the quality of our sampling method, which is the step prior to
and to measure the quality of the weighted k-means algorithm.

ance of Density-Biased Reserveir Sampling

e performance of the proposed reservoir-based density bias sampling method against the hash-
ampling method [21]. The efficiency regarding memory usage of our reservoir-based sampling method
ously better than the hash-based method. In the hashing scheme, some amount of memory is needed to
e hashing table in addition to the memory required for storing the drawn sample. Thus, it requires twice
f memory comparative to those reqguired by our method.

ess of the proposed sampling method is examined by measuring the quality of a sample with
the number of correctly found clusters. We run clustering using the k-means algorithm. We use a
afa generator to generate d-dimensional data sets having k clusters and N data points. We vary d
tom 2 to 10, and N from 5,000 to 100,000.

_gf’ricnt Number of Clusters found (NC} is the metric defined in [21]. NC is calculated by
distances of the cluster centers found by the clustering algorithm with the true cluster centers.
Tuster is found if the calculated distance is less than a prcdeﬁned threshold (e.g., 0.001).

7l Flcure 6 show the NC when run clustering on various sample sizes with the presence of noise.

ults are observed from the experiments using 3-dimensional data set having 7 clusters. One

ins 50,000 points and the other six clusters contain 500 points. The results obtained from other

data sets with different dimensions, various number of clusters, and varied number of data

nforined with the one presented in Figure 6, so we omit them for brevity. The experimental results
iency of the biased reservoir method especially in the presence of noise.

Number of clusters found
T = N @ b O Nk

T T T + Sample size (%)
2 3 4 5 o 10 20 30 40 50 o0 70 1] 90 100

Nolse {%}

Gy i
biased resenoir « wus -hash based i

6. Finding clusters of 3-dimensional data on various sample sizes, in the presence of noise

n’cé of Weighted K-Means Algorithm

e the quality of the weighted k-means algorithm against the k-means algorithm by using the squared
ction. Lower value of a squared objective function reflects a better quality on clustering. The
1 Perform on the syntactic data sets explained in Section 4.1. The initialization step randomly
ints as initial cluster centroids. We also consider running time of both algorithms.

Ql?n_ance evaluation as shown on top of Figure 7 is obtained from rumning k-means and weighted k-
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means algorithms on 3-dimensional data sets of sizes varied from 5000, 10000, 20000, 35000, 55000, 75000, to
100000 data points. The number of clusters is set to be 10. The experiments are performed on the PC computer
with CPU speed 300 MHz, memory 512 MB. Since all data points are used in weighted k-means algorithm, the
weight function is set to be 1. The parameter p in the membership function is set to be 1.3.

The comparison on clustering quality and running time shown at the bottom of Figure 7 reveals the
efficiency of running weighted k-means on density-biased sample. The experiments are performed on 10%
sample of data with two methods of sampling: simple random sampling (RS) and density-biased reservoir
sampling (DBS). The weight function of the weighted k-means algorithm is varied according to the density of
the original data.
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Fig. 7. Performance comparison of weighted k-means against k-means (left) and the running time comparison (right),
results on top are experiments running on the whole data set while results at the bottom obtained from running on the
sample data

5. Conclusions

The k-means is the simplest and most commonly used clustering algorithm. The simplicity is due to the use of
squared error as the stopping criteria, which tends to work well with isolated and compact clusters. Its time
complexity depends on the number of data points to be clustered and the number of iteration. We propose a
variation of the k-means to better work with a large data set having much difference in cluster density. Our
intuition idea is that to cope with massive data set, sampling should be the efficient data reduction method.
Since the original data is assumed to be much varied in cluster sizes, density-biased sampling is an appropriate
method to preserve the density.

We propose a density biased sampling technique based on the reservoir method. The inherent advantage of
efficient memory usage in the reservoir scheme is adopted and extended with the additional capability of
dealing with data that are much different in density distribution. The proposed technique is designed 10 lessen
the effect of noise as it is the case in the hash-based approach. The experimental results have shown that the
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miethod is as good as the hash-based method in discovering correct number of clusters. Our method,
s less sensitive to noisy data even when the percentage of noise 1s greater than 20.

_Bé'velop the weighted k-means algorithm to better cluster 2 sample data biased by its density. The
iilts demonstrate the efficiency of the algorithm. The evaluation of the proposed methods on real large
and the consideration of outliers are our future work.,
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the unreliable measure of similarity among data points in high dimensions, all data points are projected 1o a
sional subspace. Principal component analysis (PCA) is an efficient methed to dimensionality reduction by
Hl points to a lower dimensional subspace so that the information loss is minimized. However, PCA does not

:i5 a widely used technique to discover homogeneous groups, or clusters, of data according to a
ilarity measure. Many algorithms have been designed [I10] to compute a partition on full-
aldata set. While these approaches work successfully on low-dimensional data sets, their efficiency
rease significantly in higher dimensional space [9, 12]. In high dimensional data, some dimensions tend to
ant or irrelevant. Massive dimensions can confuse the clustering algorithms. It is also difficult to
i'n'ii!ér data points in very high dimensions because the distance between any two data points becomes
‘same [5, 8]. The most difficukt problem on clustering high dimensional data is that different clusters
xist in different subspaces of different dimensions [4].

sible solution to these problems is to use dimension reduction or feature selection techniques. By
0'_5 _di_mension reduction, one first reduces the dimensions of the original data set by removing less
rtant dimensions or by transforming the original data set into a lower dimensional space. The
1 _n_aiiclustering algorithms can then be applied to the new data set. However, an attempt to reduce
ons of all data points results in significant information loss.

zing the need for an efficient algorithm for clustering high dimensional data, the concept of
clustering or projective clustering has thus been proposed [, 2, 3, 4]. The goal of projective
s to find clusters embedded in lower dimensional subspaces. It can minimize the information loss in
rocess of dimension reduction by projecting those high dimensional data points into different lower
onal subspaces for different clusters.

al methods such as Principal Component Analysis (PCA) [11] can effectively reduce the
ality of the original data by projecting all points on a subspace so that the information loss is
Then, a standard chustering method can be used in this subspace. However, PCA does not work
en different subsets of data points embedded in different lower-dimensional subspaces. We, thus,
e method to iteratively apply PCA aiming at transforming the original data set into various lower-
12l subspaces. The subsequent steps compute a partitioning of data points into disjoint groups. We
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briefly explain the concept of PCA in Section 2. The proposed method of multiple PCA and the partitional
clustering steps are then presented in Section 3. The experimental results shown in Section 4 verify the
efficiency of the proposed method. Finally, conclusion remarks are presented in Section 5.

2. Dimensionality reduction with PCA

Principal Component Analysis (PCA) [11,14], sometimes called the Karhunen-Loeve (KL) transformation [4],
is 2 widely used method for reducing the number of dimensions of a data set. The goal of PCA is to find basis
vectors for a subspace which maximizes the least square reconstruction error. Let X= (xt, ..., X,) be a d-
dimensional data matrix of points. PCA projects the correlated high-dimensional data onto a hyperplane. This
mapping uses only the first few ¢ nonzero eigenvalues and the corresponding eigenvectors of the covariance
matrix F, F = UAUT where A is a matrix that includes the eigenvalues A; of F in its diagonal in decreasing
order, and U is a matrix that includes the eigenvectors corresponding to the eigenvalues in its column. The

vector y = W'(x) is a g-dimensional reduced representation of the observed vector x; where the W weight

matrix contains the g principal orthonormal axes in its column W = Uqu”z.

Tipping and Bishop [13] developed a method called probabilistic PCA (PPCA) to associate a proper -
probability model for PCA. The advantage of the PPCA model is that it can easily be extended to mixture
model where data can be viewed as arising from several populations mixed in varying proportions. The entire

data set is then modeled by a Gaussian with restricted covariance matrix:

1
(271_)151'1'2 IdetA{”z

p(x)= exp(—% -0 4™ -,

where A = ¢°I + WWT is the modified covariance matrix and I is the identity matrix. W is found as in the _
original PCA algorithm, and ¢® is found by calculating the average of the variance in the discarded " -

dimensions;

. 1 o
e N

d~ q =g+l

3. Multiple PCA with projective clustering

Our approach aims at performing clustering in low dimensional subspaces, instead of the original high - v
dimensional space where clusters are not well-separated. The intuition idea is to reduce the dimensions using
PCA. Since the embedded clusters may lie in different subspaces, the subspace initially obtained using BCA
does not necessary coincide with the subspace spanned by the K cluster centers. Therefore, we propose 10 -

iteratively perform PCA and clustering on the reduced subspace until the convergence criteria has been
reached. The algorithm can be defined as follows.
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Algorithm Clustering with multiple PCA
Input: a set of data vectors X =[xy, ..., X,] of d dimensicns and the number of cluster (k)
Output: a set of cluster centers C, = [, ..., ] and the relevant attributes
Steps:

1. Initialization: Refine the initial points for clustering (as proposed in [7]) on sample data, and center the
data matrix X so that the value of each variable is subtracted for that variable.

2. Do the first dimension reduction using PCA to obtain the g-dimensional subspace, g<d.
3. While not convergence

3.1 Run clustering algorithm on the g-dimensional subspace to obtain clusters.

3.2 Use cluster membership to construct the k cluster centroids in the originalk space.
3.3 Compute the span of K centroids using singular value decomposition.

3.4  Apply PCA to obtain a new g-dimensional subspace.

4, Return a set of cluster centers associated with relevant attributes

We propose the method for iterative high-dimensional clustering on the basis of fuzzy k-means [6]. A prior
probability of the cluster can be computed as:

]
o, = lz;z,. ;» wherey is the degree of membership.
70 !

The cluster centers are determined from
x Z:zl (i) (3 =W, <J’i,k >)
Vi = " m
Zk:! (}’i,k)

where the expectation of the latent variables is <yj»>= M ,—IW,-T (x, — v}, the gxq matrix M, = o-fxl + PV,TW}

and the fuzzy weighting component i = 2. The new value of W; can be computed from

W, = EJW, (ol d + MW )
where the covariance matrix F; can be computed by
_ Lo )" =¥ =)
ZLi(?’i,k )m

F,

I

The new value of o-,%x is

b= Lartas - Epr WD)
Toq

I,x

The fuzzy covariance matrix is

A =al J+W W
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The square distance measurement, DY, for the fuzzy k-means is defined as the product of three terms: prior
probability of the cluster, the distance between the k-th data point and the centroid v; of cluster i, and the
distance between the cluster prototype and the data in the subspace. The objective function, J, of the clustering
is

= ZZ:Z; (¥ix )y D*+ EA;(ZJ’,',.& =13
=1 k=] iz

4. Experimental evaluation

We compare our proposed projective clustering (PKM) with the fuzzy k-means (FKM) and k-means (KM)
algorithms. The experiments are performed on the Pentium IV 1.0 GHz machine with 512 MB of main
memory. We generate the synthetic data sets of 50,000 points with varied dimensions up to 100. To assess the
quality of a clustering algorithm we use the distance metric

2
JZJ jmin|lx, —c, |

Jetll k}

The performance is evaluated on the clustering quality, the number of iteration toward convergence
criteria, and the running time. The results are shown in Figures 1 through 3.
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5. Conclusions

We have introduced a new method for clustering high dimensional datz using the concept of projective
clustering. The algorithm is based on the fuzzy partitional clustering algorithm. The key to the effectiveness of
finding clusters on different subspaces is due to the power of PCA. The main justification of powerful
dimension reduction is that PCA uses singular value decomposition {(SVD) which gives the best low rank
approximation to original data. We perform multiple PCA to project data into different subspaces for the
effectiveness of discovering clusters embedded in different layers. The experimental results confirm the
efficiency of our proposed method. Running experiments on real data is an essential step toward the
practicality improvement of the method.
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ABSTRACT

Modern organizations gererate huge amount of data in electronic form and store in heterogeneous databases. These data
are a valuable resource for automatic discovering of useful knowledge, known as knowledge discovery in databases —
KDD or data mining, to support high-level decisions. KDD is the process of deriving new and usefil knowledge from vast
volumes of data and information stored as background knowledge. Derived knowledge may be patterns of data represented
in summarized form, relationships among data represented as rules, or representatives of data subgroups represented by
mean values. During the past decades there has been an increasing interest in devising database and machine learning
technologies 10 automatically induce knowledge from stored data using imperative and object-oriented programming
styles. In this paper we propose a KDD system based on a logical framework. The proposed system includes three major
knowledge induction components: data classification, association mining, and data clustering. In order to derive usefisl
knowledge efficiently from both underlying raw data and background knowledge, we consider employing the concepts of
logic programming and higher-order predicates. Higher-order logic programming can greatly reduce the burden of
programmers as it is a very high-level programming scheme suitable for the development of knowledge intensive tasks.
We have shown in this paper tree-based classification, frequent pattern mining, and k-means clustering implemented with
higher-order predicates using Prolog programming language. Our design and implementation of logic-based knowledge
discovery system is intended to support higher-order and constraint mining that will be the next step of our research work.

KEYWORDS

Knowledge enginsering, Data mining, Logic programming, Higher-order predicates

1. INTRODUCTION

Knowledge is a valuable asset to most organizations as a substantial source to enhance understanding of data
relationships and support better decisions to increase organizational competency. Automatic knowledge
acquisition can be achieved through the availability of the knowledge discovery system. The discovered
knowledge facilitates expert decision support, data exploration and explanation, estimation of future trends,
and prediction of future outcomes based on present data.

In this paper we present the design and implementation of a knowledge discovery systen, called SUT-
Miner, to be applicable to any domain that requires a knowledge-based decision support. A rapid prototyping
of the proposed system is provided in a declarative programming style. The intuitive idea of our design is that
for such a complicated knowledge-based system program coding should be done declaratively at a high level
to alleviate the burden of programmers. The advantages of declarative style are thus the decrease in program
development time and the increases in expressivencss of knowledge representation and efficiency of
knowledge utilization.

A logic-based approach to the development of knowledge discovery system has long been an interesting
research topic among data mining and machine learning researchers. For the classification task, FOIL [17] and
PROGOL [12] were two examples of successful logic-based systems. Tree-based concept induction [10, 17]
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and rule induction [12] are major approaches normally adopted for the classification task. Association mining
task was mostly based on the well-known APRIORI aigorithm [1]. WARMR system [4] upgraded APRIOR]
algorithm to discover frequent patterns. Its extension [5] was developed to discover frequent Datalog patterns
and relational association rules, Data clustering based on logic programming and first-order logic was mainly
an extension of k-means clustering algorithm [11]. K-prototypes [9] extended k-means clustering to work on
first-order representation. KBG [2], TIC [3], COLA-2 [6], and RDBC {8] were all first-order clustering
systems.

All logic-based knowledge discovery systems proposed in the literature considered a single task. QOur
wark, on the contrary, is a proposal of a knowledge discovery system designed as an integrated environment
storing a repertoire of tools for discovering various kinds of knowledge. The outline of this paper is as follows.
Section 2 is preliminaries on three main knowledge discovery tasks: classification, association mining, and
clustering. Section 3 presents the basic of logic programming concept and the notation of higher-order
predicates. Section 4 discusses the conceptual design of SUT-Miner, which is our proposed logic-based
knowledge discovery system. Section 5 demonstrates its implementation using Prolog language. Section 6
concludes the paper,

2. PRELIMINARIES
2.1 TREE-BASED CLASSIFICATION

Decision tree induction [16] is a popular method for inducing knowledge from data. Popularity is due to
the fact that mining result in a form of decision tree is interpretability, which is more concern among
practitioners than a sophisticated method but lack of understandability. A decision tree is a hierarchical
structure with each node contains decision attribute and node branches corresponding to different attribute -
values of the decision node. The goal of building decision tree is to partition data with mixing classes down the
tree until the leaf nodes contain pure class. :

In order to build a decision tree, we need to choose the best attribute that contributes the most towards
partitioning data to the purity groups. The metric to measure attribute’s ability to partition data into pure class
is Info, which is the number of bits required to encode a data mixture. To choose the best attribute, we have to
calculate information gain, which is the yield we obtained from choosing that attribute. The information gain -
calculates yield on data set before splitting and after choosing attribute with two or more splits. The gain value .
of each candidate attribute is calculated. Then choose the maximum one to be the decision node. The process
of data partitioning continues until the data subset has the same class tabel 8

2.2 ASSOCIATION MINING

Association mining is the discovery of relationships or correlations between items in a database. Let [ =

{i1, iz, i3, ..., 1y} be a set of m items and DB = { C,, C3, Cy, ..., C,} be a database of n cases or observations

and each case contains items in 1. A pattern is a set of items that occur in a case. The number of items ina =

pattern is called the jength of the pattern. To search for all valid patterns of length 1 up to m in large database -
is computational expensive. For a set J of m different items, the search space for all distinct patterns can be as

huge as 2™-1. To reduce the size of the search space, the support measurement has been introduced {1]. The
function support(P) of a pattern P is defined as a number of cases in DB containing P. Thus, support(P) = [{T|
T e DB, Pc T} Apattern P is called frequent pattern if the support value of P is not less than a predefined
minimum support threshold minS. It is the minS constraints that help reducing the computational complexity of
frequent pattern generation. The minS metric has an anti-monotone property and is applied as a basis for
reducing search space of mining frequent patterns in algorithm Apriori [1].

2.3 K-MEANS CLUSTERING

Clustering refers to the iterative process of automatic grouping of data based on their similarity. There
exist a large number of clustering techniques, but the most classical and popular one is the k-means algorithm
[11}. Given a data set containing » objects, k-means pattitions these objects into & groups. Each group is
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represented by the centroid, or central point, of the cluster, Once cluster means or representatives are selected,
data objects are assigned to the nearest centers. The algorithm iteratively selects new better representatives and
reassigns data objects until the stable condition has been reached. The stable condition can be observed from
cluster assigning that each data object does not change its cluster.

3. THE BASIC OF LOGIC PROGRAMMING AND HIGHER-ORDER PREDICATES

In logic programming, a clause is a disjunction of literals (atomic symbols or their negations) such as
pvyg and —pvr. A statement is in clausal form if it is a conjunction of clauses such as (pv g} A (—pvr). Logic
programming is a subset of first order logic in which clauses are restricted to Horn clauses. A Horn clause,
named afler the logician Alfred Horn [15], is a clause that contains at most one positive literal such as — pv-—
gv r. Horn clauses are widely used in logic programming because their satisfiability property can be solved by
resolution algorithm (an inference method for checking whether the formula can be evaluated to true).

A Horn clanse with no positive literal, such as —pv— g, which is equivalent to — (p A q ), is called query
in Prolog and can be interpreted as “:- p, ¢’ in which its value (true/false) to be proven by resolution method. A
clause that contains exactly one positive literal such as r is called a fact representing a true statement, written
in clausal form as ‘¢ ;' in which the condition part is empty and that means r is unconditionally true.
Therefore, facts are used to represent data. A Horn clause that contains one positive literal and one or more
negative literals such as — pv— gv r is called a definite clause and such clause can equivalently written as (pa
¢)— r which in tumn can be represented as a Prolog rule as r :- p, ¢. The symbol ‘:+” is intended to mean “«-’,
which is implication in first-order logic (it stands for “if’), and the symbol .’ represents the operator A (or
*AND’). In Prolog, rules are used to define procedures and a Prolog program is normally composed of facts
and rules. Running a Prolog program is nothing more than posing queries to obtain true/false answers. The
advantages of using logic programming are the flexible form of query posing and the additional information
regarding variable instantiation obtained {rom the Prolog system once the query is evaluated to be true.

The symbols p, g, r are called predicates in first-order logic programming and they can be quantified
over variables such as #(X) :- p(X, ¥),q(Y). This clause has the same meaning as VX ( p(X, Dag(¥} — r(X) ). The
scope of variables is within a clause (delimit the end of clause with a period). Horn clauses are thus the
fundamental concept of logic programming.

Higher-order predicate is a predicate in a clause that can quantify over other predicate symbols [13, 14].
As an example, besides the rule r(X):- p(X; 1), q(¥}, if we are also given the following five Horn clauses (or
facts):
p(h 2. p3).  pG.A) 4{2). q(4).

By asking the query: 7- r{X), we will get the response as ‘true’ and also the first instantiation information
as ¥=1I. If we want to know all instantiations that make r{X) to be true, we may ask the query: ?- findall(X,
#X), Answer).We will get the response: Answer = [1,5], which is a set of all answers obtained from the
predicate r(X) according to the given facts. The predicate symbol findall quantifies over the variables X,
Answer, and the predicate r. The predicate findall is thus called a higher-order predicate.

Meta-level programming is also another powerful feature of Prolog. Meta-programs treat other programs
as their input data. Data and program in Prolog take the same representational format, i.e. clausal form.
Therefore, it is very natural to write meta-program in Prolog. The following example illustrates the procedure
map that takes a list of integers [1,2,3,4,5] and another procedure square as its input arguments and produce a
list of square values as its output. If we pose the query: ?- map(square, [1,2,3,4,5], L), then we will get the
answer: L = [1,4,9,16,25].

square(X, ¥) - Yis X*X,

map(ProcedureName, {H\T], [NewH|NewT])} :- Procedure=.. [ProcedureName,H,NewH],

call{Procedure),
map(ProcedureName, T, NewT).

map(_, [1, [J)-
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4. SYSTEM ARCHITECTURE

The process of knowledge discovery is complex and iterative in its nature, We design the system (Figure
1) to be composed of two phases: knowledge induction and knowledge inferring.

Knowledge induction is the back-end of the system responsible for acquiring and discovering new and
useful knowledge. Usefulness is to be validated at the final step by human experts. Discovered knowledge is
stored in the knowledge base to be applied to solve new cases or create new knowledge in the knowledge
inferring phase, which is the front-end of the proposed system.
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Figure 1. Architecture of the SUT-Miner system

The SUT-Miner system obtains input from heterogeneous data sources. Therefore, redundancy,
incompleteness, noise can be expected from the input data. The Pre-DM component has been designed to
clean, transform the format, and select only relevant data. The DM component is for performing various
mining tasks. Currently, we design and implement three different mining modules, ie. classification,
association, and clustering. We adopt the ontology concept at this step to guide the mining methodology
selection. A simple form of ontology to select appropriate mining method is shown in Figure 2.
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The Post-DM component composed of two main features: knowledge evaluator and knowledge
integrator. These features perform functionality aiming at a feasible knowledge deployment. Knowledge
evaluator invelves evaluation, based on corresponding measurement metrics, of the mining results. Knowledge
integrator examines the induced patterns to remove redundant knowledge. Ontology has also been applied at
this step to provide essential semantics regarding the domain problems.
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Figure 2. Ontology for guiding mining-method selection at the DM step

5. THE IMPLEMENTATION OF SUT-MINER

The SUT-Miner system has been implemented using the logic programming paradigm with extensive use
of higher-order predicates. In first-order logic given a general rule ¥X man(X)— mortal(X} and a known fact
man{socretes), we can deduce new fact that mortal(socretes). First-order logic poses restriction on the type of
quantified variable X appeared in the predicates man and mortal to be instantiated by either atom (such as
socretes), other variable, or functor, but not a predicate. Higher-order logic, on the other hand, allows variables
to quantify over predicates. With such relaxation, higher-order logic facilitates the efficient implementation of
a knowledge discovery system that requires other background knowledge to be its input in a clausal form.

Classification. We present in Figure 3 the coding of data classification module based on decision tree
induction (ID3) algorithm [16]. Prolog code is based on the syntax of SW1 Prolog (www.swi-prolog.org).

The main module in Figure 3 calls the inif procedure and starts creating edges and nodes of the decision tree
via the predicates getNode and create_edge, respectively. The ID3 implementation is in a separate file (id3.pl)
and the source code is provided in Figure 4. The data to be used by main module to create decision tree is also
in another Prolog file (data.pl). A small data set of ten instances is shown in Figure 5.

It can be noticed that program and data take the same format, i.e. all are in Prolog clausal form. Knowledge
induction modules shown in Figures 3 and 4 are to induce data model of two classes: positive (class=yes) and
negative (class=no). Binary classification is a typical task performed in many domains. The code can be easily
modified to classify data with more than two classes.
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- include{'data.pl’).

- include('id3.pl).

- dynamic current_node/ 1,node/2,edge/3.

main :- inif(AllAttr,Edgetist),
getNode(N), % get node sequence number
create_edge(N,AllAttr Edgelist),
print_modet

init{AlAtr, [root-nilfPB-NB]) - retractall{node{_,_)),
retractall{current_node(_}},
refractal{edge(_,_,_)},
assert{current_node(0)} ,
findall(X, attribute(X,_), AlAttr1},
delete(AllAttr1, class, AllAt),
findall{X2,instance(X2,class=yes,_),PB),
findali{3,instance(X3,class=no,_),NB).

getNodelX) - current_node(X},
X1is X+1,
- retractall{ current_node(_)},
assert( current_node(X1)).

create_edge{ , )} :- L
creaie_edge( [, }:- 1
create_edge(N, AllAtir, Edgelist) ;- create_nodes(N, AllAttr, EdgeList).

create_nodes{_,_,[}) :- 1.
create_nodes(_,[l._) - L
create_nodes(N, AllAttr, [H1-H2/PB-NB|T]) - getNode(N1), % get node seq num N1
assert{edge(N,H1-H2,N1}},
asseri(node(N1,PB-NB)),
append({PB, NB, Allinst),
((PB ==, NB\==[)) ->
(cand_node(AllAttr, Allinst, AllSplit),
best_attribute(AllSplt, [V, MinAttr, Spli]),
delete{AllAtr, MinAttr, Atir2),
create_edge( N1, Attr2, Split))
; true),
create_nodes(N, AllAttr, T).

Figure 3. Main module of tree-based classifier
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best_aitribute([], Min, Min}.
best_attribute{[H{T], Min) .-  best_attrioute(T, H, Min).
best_attripute([H|T], MinC, Min) -  H=[V,_, _1,
Mind = [VO, _, _].
{V < V0 -> Min1 = H; Min1 = Min0),
best_attribute(T, Min1, Min).

% generate candidate decision node
cand_node(],_.[H - L
cand_node(_[L.0).
cand_node([H|T),Curins,[[Val,H,SplitL]}OtherAtt)} - info(H, Curlns, Val, Splitl.),
cand_node(T,Curins,OtherAtt).
% compute Info of each candidate node
concat3(A,B,C,R) - atom_concat{A,B,R1),
atom_concat{R1,C,R}.
info{A, CurlnstL, R, Sphit) - attribute{A.L),
maplist{ concat3(A,=), L, L1),
suminfo(L 1, CurlnstL, R, Split).

suminfo([],_.0.[}).
suminfo([H]T], CurinstL, R, [Split] ST]) =

AliBag=CurinstL,

term_to_atorn{H1,H),

findall(X1, (instance(X1,_,L1), member(X1, CurlnstL), member(H1,L1)), BagGro},

findall (%2, (instance(X2, class=yes, L2), member{X2, CurinstL),

member{H1,L2)), BagPos),
findall{X3,(instance(X3,class=no, L3}, member(X3, Curlnstl.),
member{H1,L.3)), BagNeg),

{H11=H22) =H1, length{AliBag, Nall),

length(BagGro, NGro),

length(BagPos, NPos),

length(BagNeg, NNeg),

Split = H11-H22/BagPos-Bagheg,

suminfo({T, Curtnstl., R1,87),

{NPosis0*>L1 =0, Liis (log{NPos/NGro)lcg(2}) ),

(Cis NNeg *->L2 = 0; L2 is (log(NNeg/NGro)iog(2)) ).

(NGrois 0-> R=999; R is (NGro/Nally*(-(NPos/NGro)'L1- (NNeg/NGro)'L2)+R1 }.

Figure 4. 1D3 algorithm implemented with Prolog using higher-order predicates
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% % Data: Allergy diagnosis

% patients” symptoms and their possible values
attribute( soreThroat, {yes, no]).
attribute( fever, [yes, no}).
attribute({ swollenGlands, {yes, no]).
attribute( congestion, fyes, no]).
attribute( headache, [yes, no).
attribute{ class, [yes, no}}.

% data instances

instance(1, class=no, [soreThroat=yes, fever=yes, swollenGlands=yes, congestion=yes,
headache=yes]).

ingtance(2, class=yes, [soreThroat=no, fever=no, swollenGlands=no, congestion=yes,
headache=yes]).

instance(3, class=no, [sore’I'hroatzyes, fever=yes, swollenGlands=no, congestion=yes,
headache=nol).

instance(4, class=no, [soreThroat=yes, fever=no, swollenGlands=yes, congestion=nc,
headache=no}).

instance(5, class=no, [soreThroat=no, fever=yes, swollenGlands=no, congestion=yes,
headache=nwo]).

instance(6, class=yes, [soreThroat=no, fever=no, swollenGlands=no, congestion=yes,
headache=no]).

instance(7, class=no, [soreThroat=no, fever=no, swollenGlands=yes, congestion=no,
headache=no}).

instance(8, class=yes, [soreThroat=yes, fever=no, swollenGlands=no, congestion=yes,
headache=yes]).

instance(9, class=no, [soreThroat=no, fever=yes, swollenGlands=no, congestion=yes,
headache=yes]).

instance(10, class=no, [soreThroat=yes, fever=yes, swollenGlands=no, congestion=yes,
headache=yes]).

Figure 5. Data of ten patients in which three are suffering from allergy (class=yes)

Data shown in Figure 5 are patient records suffering from allergy (class = yes). The possible indicative
symptoms are sore throat, fever, swollen glands, congestion, and headache. Some patients had some of these
symptoms but are not suffering from allergy (class = no). To induce the common symptoms (or model) of
allergy patients from this data, we have to save this data set as a Prolog file (data.pl) and include this file at the
header declaration of the main program (in Figure 3). The source code in Figure 3 does not provide detail for
print_model predicate. Interested readers are suggested to simply add a rule print_model :- true. Then run the
program by calling predicate main. Prolog will respond true with no other information because we simply add
the always-true condition in the print_model predicate. At this moment we can view the tree model by calling
fisting(node) and listing(edge) predicates. The results will be as follows:
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T 7- main
true.

2 7- listing(node).

:- dynarmic user:node/2.

user:node(1, [2, 6, 8]-[1, 3,4, 5,7, 9, 10]).
user:node(2, [J-[1, 3, 5, 9, 10]).
user:node(3, [2, 6, 8]-[4, 7]).
user:node(4, [J-[4, 7]).

usernode(5, [2, 6, 8]-{]).

true.

3 ?- listing{edge).

:- dynamic user:edge/3.
user:edge(0, root-nil, 1).
useredge(1, fever-yes, 2).
user:edge(1, fever-no, 3}.
user:edge(3, swollenGlands-yes, 4).
user:edge(3, swollenGlands-no, 5).
frue.

The node and edge structures have the following formats:

node(nodelD, [Positive_Cases]- [Negative_Cases])
edge(ParentNode, Edgelabel, ChildNode)

The node structure is composed of two parts: node-id and the mixture of positive and negative cases in
that node. For instance, node number 3 contains a mixture of three positive cases (i.e. case numbers 2, 6, 8)
and two negative cases (i.e. case numbers 4 and 7). The edge is a link from parent node to child node. Each
edge contains three pieces of information; that is, id of parent node, the edge label, and id of child node. Node
id 0 is a special node representing a root node and it links to node number 1. From node number 1, the edge
with label fever-yes (representing attribute fever with a value yes) links to node number 2. Node 1 contains all
ten cases of patients suffering and not suffering from allergy, whereas node 2 contains the information []-
{1,3,5,9,10} to infer none of positive cases and five negative cases. Therefore, the results in the above node and
edge structures represent the following data model:

class(allergy) :- fever=ne, swollenGlands=rno.

Association mining. We implement the association mining module based on the algorithm APRIORI
[1]. The implementation (Figure 6) shows only the first pass of algorithm; that is, the generation of frequent
itemsets. The second pass, which is the generation of association rules from frequent itemsets, can be easily
extended from the given code. Main predicate of this module is association_mining. Upon invocation, this
predicate obtains input data from the predicate input(Data), and get the minimum support value through the
predicate min_support(V). Then the main predicate starts the process by making candidate and large itemsets
of length one, two, three, and so on (through the predicates makeCl, makeL, and apriori_loop, respectively).
All highlighted terms in Figure 6 are higher-order predicates. These predicates are maplist, include, and setof.
The predicate maplist takes three arguments; therefore, it may be written as maplist/3. This predicate applies
its first argument, which is also a predicate, to each element of a list appeared in the second argument. The
result is a list in the third argument.

The predicate include/3 takes another predicate as its first argument and adds the result obtained from
the first argument to the list in second argument. The result appears as a list in the third argument. The
predicate setoff3 also works with other predicate to collect each answer as a listin its third argument.
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association_mining - input(Data), min_support(V),
makeC1(C), makeL{C,L},
apriori_loop(L,1).
apriori_loop{L,N} - length{L) is 1.},
apriori_loop(L,N}:- N1 is N+1,
makeC(N1,L,C), makeL(C, Res),
apriori_loop{Res, N1}.
makeC1{Ans) :-  input(D),
allComb(1, ItemSet, Ans2),
maplist{countS5{D), Ans2, Ans).
makeC(N, ItemSet, Ans) -  input{D),
allComb(2,ItemSet, Anst),
maplist(flatten, Ans1, AnsZ),
maplist{list_to_ord_set, Ans2, Ans3),
list_to_set(Ans3,Ansd),
include(len{N), Ansd, Ans5),
maplist(countSS(D}, Ans5, Ans).
%scan database to find: List+N

makeL{C,Res) :- include{filter, C, Ans), maplist(head, Ans, Res).
filter{_+N} = input(A), length(A, I}, min_support{V), N>=(V/100)*1.
head(H+_H).

% arbitrary subset of the set containing

% given number of elements
comb(0, _, .
comb(N, [X]T], [X}Comb]) - N>0, N1 is N-1, comb(N1,T,Comb)}.
comb(N,[_]|T},Comb) :» N>0, comb{N,T,Comb),
allComb(IN I, Ans) - setof{ L, comb(N, I, L), Ans).
countSubset(A,[],0).
countSubset(A,{B | X],N} - not{subset(A,B)), countSubset(A,X,N).
countSubset(A,[B | X],N) - subset{A,B), countSubset(A,XN1), Nis N1+1.
countSS(SL,5,5+N) :- countSubset(5,5L,IN).

len(N,X) :- length(X,N1), N is N1.

Figure 6. Association mining in SUT-Miner implemented with higher-order predicates
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clustering(K) :- makelnitCluster(K, AllClust),
assignPoint{AllCIust, Data, Start, AllPoint),
OldClust=AllClust,
repeatCompute(K, AllPoint, OldClust).
makenitCluster(K, AllCIust) - initClust(K, 1, AllChast).
initClust(K, LO, [y - LO>K , |,
initClust(K, L0, [LO*L| T]) - instance(L0,_L), Llis 1O+1, initClust(K, L1, T).
assignPoint(_, U, M, {}} :- M>U, L.
assignPoint(AllClust, U, M, [M-V-A |T]) :- maplist(freq(M), AllClust, Res),
cmax(Res, A*V), M1is M+1,
assignPoint{AliCHust, U, M1, T}.
freq(X, N*Y, N*F) :- instance(X, _ L1),
intersection(L1, Y, I), length(l, F).
cmax(L, A*V} :- maplist(cvalue, L, L2},
max_list(L2, V), member(A*V, L), I.
cvalue( *V, V).
reComputeCenter(K, 5, AllPoint, []) :- 5>K, L.
reComputeCenter(K, S, AllPoint, [*NewC|T]) - findall(P, member(P-_-5, AliPoint), Z),
allPointAtAllIAtE(Z, New(),
51 is 5+1,
reComputeCenter(K, 51, AllPoint, T).
allPointAtAllAtir(AIP, NewClusters) :- findall{AttName, (attribute(AttName,_},

AttName\==class), AttNameL)},

maplist(allPoint{AllP), AttNamel, NewClusters).

allPoint(ANP, Att, A) - findall{ Ate=V, (instance(X, _, K},

member(X, AP}, member{Att=V, K}} , Z),

maxFreq{Z, A*V).
maxFreq(L, A*V) - findall(X*C, (member(X,L), count(X,L,C)), Z), cmax(Z,A*V}.
repeatCompute(K, AllPcint, OldClust} :- reComputeCenter(K,Start, AllPoint, NewClus),

( OldClust==NewClus ->

writeln('-No-cluster-changes***EndProcess™);

( writeln{newClust-NewClus),
assignPoint{NewClus,Data,Start, AllPoint?},
writeln(allNewPoint- AllPoint2),
repeatCompute(K, AllPoint2, NewClus) ) ).

Figure 7. Clustering with k-means algorithm

Clustering. Figure 7 demonstrates the implementation of k-means clustering [11]. The main predicate
is clustering in which the number of clusters (k) has to be specified and data are to be included, The predicate
makeInitCluster creates initial & clusters with randomized k centroids, then assign each data to the closest
centroid through the predicate assignPoint. Note that the symbol “*°, such as those appear in the predicate
cmax(Res, A*V) and freg(X, N*Y, N*F), refers to the data format to represent Aftribute™Value; it does pot
mean multiplication. In Prolog, numerical computation will occur in a clause with the predicate %s’, such as §7
is § + 71 in the reComputeCenter procedure.

The iteration step, repeatCompute predicate, re-computes the new & centroids and then re-assign each
data point to the new closest centroid. Iteration stops when all data do not change their clusters. The source
code presented in Figure 7 works with categorical data. For numerical or data with mixing types, the distance
measurement has to be modified.
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6. CONCLUSIONS

In this paper we propose the design and implementation of SUT-Miner, a logic-based knowledge
discovery system. The system is intended to support automatic knowledge acquisition in any domains that
require new knowledge to support better decisions as well as to enhance comprehension of stored data. The
proposed knowledge discovery environment is composed of tools and methods suitable for various kinds of
knowledge discovery tasks including data classification, association discovery, and data clustering.

The implementation of the proposed system is based on the concept of logic programming using some
higher-order predicates such as maplist, findall, setoff, and include. These predicates take other predicates as
its argument. With such expressive power of higher-order predicates, program coding of the designed system is
very concise as demonstrated in the paper. Program conciseness contributes directly to program verification
and validation, which are important issues in software engineering. The declarative style of programming also
eases the extension of the present system towards the constraint higher-order mining, which is our future
research plan.
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