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Algorithm 3.1 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

Phagse 1 Selecting samples from dense data
(1) Show the GUI of density-biased clustering component
(2)  Get the user's response to obtain the data file name,
mimimum 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) Secan 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 I into closest cluster, based on similarity
6.2) Compute new cluster means

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

{7}  Return the cluster means and cluster members
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%% Data weather
 %attributes: names and their possible values

- attribute( outlook, [sunny, overcast, rainy] ).
© ‘attribute( temperature, [hot, mild, cool] ).
attribute( humidity, [high, normal] ).
““attribute( windy, [true, false] ).
“attribute( class, [ves, no] D
 %data

. instance(l, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=false]).
instance(2, class=no, [outloock=sunny, temperature=hot, humidity=high, windy=truel}.
instance(3, class=yes, [outlook=overcast, temperature=hot, humidity=high, windy=~false]).
¢ instance(4, class=yes, [outloock=rainy, temperature=mild, humidity=high, windy=false]).
instance(5, class=yes, [outlook=rainy, temperature=cool, humidity=normal, windy=false]).
‘instance(6, class=no, [outlook=rainy, temperature=coal, humidity=normal, windy=true]).
“instance(7, class—yecs, [outlook=overcast, temperature=cool, humidity=normal, windy=true]).
. instance(8, class=no, [outloock=sunny, temperature=mild, humidity=high, windy=false]).
“instance(9, class=yes, [outlook=sunny, temperature=cool, humidity=normal, windy=false]).
~instance(10, class=yes, [outlook=rainy, temperature=mild, humidity=normal, windy=false]).
. Instance(11, class=yes, [outlook=sunny, temperature=mild, humidity=normal, windy=true]).
_instance(12, class=yes, [outlook=overcast, temperature=mild, humidity=high, windy=true]).
* instance(13, class=yes, [outlock=overcast, temperature=hot, humidity=normal, windy=false}).
~ instance(14, class=no, [outlook=rainy, temperature=mild, humidity=high, windy=true]).
:'. %
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T —
Input datafile: jweather

Density parameter: |[0,0]

Humber cluster: 12}5 _:]

Gutput file: [all_clusteri pl

oo | [ o
| e = e b

51/%1 3.6 veniTuduves lsunsudanqudayaniuanumuiuuy

insert Furrnat HeT
D l & Ez 2

$——file:all clusteri.pl

% output of clustering resultidensity parameter=[0,0] ,No of cluster= 2
attribute (outlook, [sunny, overcast, rainy]).

attribute (temperature, [hot, mild, cool}}.

attribute (humidity, [high, normall).

attribuce (windy, [true, false]].

attribuce (vlaga, [yes, nol]).

F;Ie Edlt V;ew

a«llPoint([1~4-%1, 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-£Z]}.

cluster(l, foutlook=sunny, temperature~hot, humidity=high, windy=£false]].
cluscer(2, [cutlock=rainy, temperature~mild, humidity=normal, windy=true]).
cluscer wember (1,[1, 2, 3, 4, B, 9, 13]).

cluster wenber(2,[5, 6, 7, 10, 11, 12, 14]).

allCluster {[1*[outlook=sunny, temperature=hot, humidity=high, windy=false],
2*[ourlook=rainy, temperature=mild, humidity=normal, windy~truel]).
description{'all clusteri.pl',2}.

fForbelp pressFt . e et e i i P S s s e e e e Ui

ﬂ”ﬁ 3.7 ﬂﬁﬁ‘i"l’ﬁ%@ﬁﬂﬁ%ﬂﬂﬁh‘ﬁﬂﬂﬁ&@i ummmwmuumﬂuﬁua

ar o @ v oA . =y & ° Yer 9
WﬁﬁWﬁﬂl@ﬂﬂTi’ﬂ@ﬂ@ﬂdlﬁﬂﬂ?ﬁu@lWTT]&JLﬂ'ﬁ]ﬂﬂu [0,0] Llﬂ:ﬁﬂ"ﬁﬁuﬂiﬁﬂﬂ“ﬁ@i}“ﬁlﬂu

J [ 1l
deangy lnanyuzvewnguiu

cluster{l, [outlock=sumny, temperature=hot, humidity=high, windy=Ffalse]} .

ciuster{2, [cutlock=rainy, temperature=mild, humidity=normal, windy=truel).
ar gt \5 '3 3 1 3 ar a:iy
Lm%ﬂ%ﬂ“ﬂﬂﬂgﬁ‘lﬂ@ 14 Liﬂﬂ@iﬂl‘lﬂﬂquqﬂﬂdu

cluster member(1,[1, 2, 3, 4, 8, 9, 13]).

cluster member(2,[5, &, 7, 10, 11, 12, 1g¢]).
& o =y o 3 9 = e = o
mam'ﬁuﬂmimusaaﬁmmﬂmuumiawagmﬂu i3, 0.143] IMUIBDNIIAANY

e aa o c‘: asn o ar = 4
InfiRvavasdoya Tnelduenniddediedt 3 wenniim uazdaondoyaniidoyadue

et .
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T

= ' 4 A =
Y

- = o ar 1 v & o
lﬂgiﬂﬁmﬂﬂlﬂuﬁﬂﬁ?uﬂﬂTﬁﬁaU 0.143 W%i@ 14.3% (AS UDLANDNARINDNIZADIN

ar aF

A
agaeu
' Yt o P o of el ' o
agclﬂammﬂmﬂu 0.143 X 14 1507956 =2 iiﬂﬂﬂﬁﬂ) fﬂmg,ammﬂ3mwmuuumammﬂm%

2

& ' ¥ o o o ' 2 3 o 1
@Qﬂfﬂ?ﬁ"ﬂ?u?u S 13ABIA iLﬂ$WﬂﬁWﬁ“ﬂ@ﬂﬂ'ﬁ%ﬂﬂQﬂﬂ'lMLﬂ‘m‘VI ﬂﬂﬁ?’;tiﬂﬂ\iﬂ\‘]gﬂﬁ 3.8

Input datafile: Iweather

- Bensity paramete; _1[3,0.143]

-

Humber cluster: |2 =

Gurput file: ]ali_clusteﬂ B.pl,

Cancel f _E_mer_ I I
o

fFile Edt View Insert Format Help

¥--file:all clusterlB.pl

% output of clustering resultidensity parawster=[3,0.143] ,No of cluster= 2
attribute {outlook, [sunny, overcast, rainv]).

attribute (temperature, [hot, mild, cooll}).

attribute (humidity, [high, normall).

attribute (windy, [trus, false]).

attribute {elagss, [ves, nol).

«llPoiny ([1-4~2, 2-3-2, 3-4-1, 4-2-1, 5-1-1, B-3-1, 7-3-1, §~3-171) .

cluster i, [outlock=rainy, temperature=mild, huwnidity=high, windy=false} ¥
cluster [2, {outlook=sunny, temperature=hot, hwoidicy=high, windy=£false]}.
cluster wember{!,[3, 4, 5, 6, 7, 81}.

ciuster menberi2,[1, 21}.

allCluster ([1*[out lock=rainy, temperature=mild, huntidicy=high, windy=false],
2%[outlook=sunny, temperature=hot, humidity=high, windy=false]]l}.
description{'all glusteriB.pl',2).

For Help, press F1,

717 3.8 wadwsvsemsTanguieyadaszymmnuviudiily [2, 0.143]

3 e ar cg [ '~1 ] 1 oo 4 .
sﬁawa1mwaﬂ};mmaﬁayaiumamﬂqu PAUNANVBUUBNNTTIA  humidity
3 5 Qs T 4 T @ E - o
uazwindy voINameInguIzmilouny diufiunnaeiusziiesnvauennsing outlook
4 Qs ] o [] i -3
HAZ temperature unziledanguioyadionamianuvuly [3, 0.143] urznlAousuou

J ' <3 1 w o as i
nguuosdoyannaeinguiiuaungy 1 ldnadnsdegui 3.0
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Input datafife: lweaiher

Density parameter: ][3,0.143]

Hamber elustern: 13 3:

Latput file: ]all_cluster?.p!&

Cance} ‘ Enter ;\ I

File Edt Yiew Insert Format Help

DR SR # (T®mo B

$——file:all ciuster2.pl

% putput of cilustering resultidensity parameter=[3,0.143] ,No of cluster= 3
attribute {out look, {sunny, overcast, rainy]).

attribute (temperature, [hot, mild, cool]).

attribute (humidity, [high, normal]).

attribute (windy, [true, falsel).

attribute (class, [ves, nol).

allPoint ([1-4%-1, 2-4-2, 3-3-3, 4~3-3, 5-2-3, 6-3-1, 7-4-3, 8-2-3]).

cluster (1, [outlook=sunny, temperature=hot, humidity=high, windy=false}).
cluster (2, [out look=overcast, temperature=hot, humidity=high, windy=tfalse]).
cluster (3, [outlook=rainy, tempersture=mild, humidity=ncrmal, windy=false]}.
¢luster mewber (1,[1, 6]}.

¢luster mewber (2,[2]} .

cluster menber (3,[3, 4, 5, 7, 8]).

allCluster ([1¥[ocutlook=sunny, temperature~hot, humidity=high, windy=false],
2*[outlock=overcast, temperature=hot, humidity=high, vindy=Zalse],
3*[outlook=rainy, temperature=mild, humidity=normal, vindy=false]]).
gascription['all_c:lust.erz 9 < i . i

ot o a o o ] J T o
717 3.9 madnfvesmsdadoyaiiuaunduuazssymanmuuningu (3, 0.143]

3.1.3 MIVARFUTYIUULITINYIM

wRAREIT UM ITAnguY BYAUUUINLYY 1T incremental clustering 1HAIANTS
o [ ot o t @ 89 1 w5 ] ] u:‘: =
woeudangududeyanitivinalugmn  dldRewddadeyaiiungudesy aniuds
34 1 1 o 2 1 1 = ar c%, gl 1 2 a
saudoyalunduden (merge clusters) THilunguing luandNetlFismssungunioada
o o ' Y= & ) P 2
Wwos lpoWtTniuans cluster mean “Lmﬂummuﬂmiwmwaga MNUY merge cluster

LT ] ] 3 a a  ar -] ] c{‘
means 17 1481 means 111 FuasumMsiinunaadidansstune 1
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Algoritbm 3.2 Incremental clustering
Input’ cluster means from density-biased clustering
Output’ a new set of merged clustel means
(1) Show GUI to obtain file names, F1 and F2, whmh are outputs from density-biased
clustering
(2) Read number of desired clusters, K
(3} Read cluster descriptions from F1 and F2
(4} Treat cluster descriptions as data points and call the clustering process

" (5) Output cluster means

nndeya weather A IuoYn 14 wanoda Weutkdoynoondhy Iddesaes
o o o )
1ol TawIaldusn (weather-1) ufindoyamanosit 1-7 uas Ild o (weather-2) Sufindoya
s A & o 3 . ar ' o o '
15ARBIAT 8-14 BINUUIT density-biased clustering Audoyaudas ISR umsfimuan K i
3 o & ' =] o w o a &
2 uazmmuamsiiwesaNunutuvesteyaiu 10,0] Tuiineadnsuoanavi clustering
w ¥ 3 M a a ar o
Audeyarivansgn 13 IWd cluster-woather-1.pl UBZ cluster-weather-2.pl 1M 133 AR HINDS
. 3 o =3 or P 5
TunisanlWadienisiSenld Tsunsu incremental clustering 921/ ngonmaazli 3.10 e

= 9 @ o & o o ' 9 o e o
-Adn1jy Enter 92 lAnadwivosmssinadamae’ uazdnngilumadames hinidegi 5.1

Input datafile: [weather—‘i lnput datafile: fweather—?
Density parameter: ![0,8] _ Denszty parnmeter I[U bj|
Humber cluster: E_a Hl:mher ctusrer 2 -5 .
Output file: ]cluster—weather-T.pg 0'"]"“ file: |cluster weather2 }JL
Cancel | ‘ Enter l B Cancel l I .uEwnter P\; !: : :

Eilel: 'ic[uster-weather.—.?..plm

File2: _!cluster—weather—lpl

Cutput file: ]merged-cluster—weather.p]

HumberMluster: :IZ'& 33

Lancel l

V\\

‘ﬂ’irc’ll 3.10 %’?)ﬂ’l‘W‘UENI‘IjELLﬂiiJﬂ'}ﬁ?Gljﬂﬁﬁm@iiuﬂu%ﬂﬂ'ﬁﬂl‘ﬂﬂﬁﬁuﬁﬂlwuwu
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%--file:cluster-weather-1.pl

% output of clustering result

%density parameter=[0,0] ,No of cluster= 2
ateribute(outlook, fsunny, overcast, rainyl).
attribute(temperature, [hot, mild, cooll).
attribute(humidity,[high, normall).
attribute{windy,[true, falsel).
atiribute{class, [yes, nol).

alPoint([1-4-1, 2-3-1, 8-3-1, 4-2-1, 5-3-2, 6-4-2, 7-3-2]).

cluster(l, [outlook=sunny, temperature=hot,
humidity=high, windy=falsel).
cluster(2 [outlock=rainy, temperature=cool,
humidity=normal, windy=truel}.
cluster_member(1,(1, 2, 3, 4],
cluster_member(2,[5, 6, 7]}.

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

%--filecluster-weather-2.pl

% output of clustering result

%density parameter=[0,0] ,No of cluster= 2
attribute{outlook, [sunny, overcast, rainyl).
attribute{temperature,[hot, mild, cooll).
attributethumidity, [high, normall).
attribute{windy, [true, falsel).

attribute(class,[yes, nol).

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

cluster{1,[outloock=sunny, temperature=mild,
humidity=high, windy=true]).
cluster(2, [outlook=sunny, temperature=cool,
humidity=normal, windy=falsel}.
cluster_member(1,[1, 4, 5, 71).
cluster_member(2,12, 3, 6]).

allCluster{[1*loutlook=sunny, temperature=mild,
humidity=high, windy=truel, 2*foutlook=sunny,
temperature=cool, humidity=normal, windy=falsell}.
description{'cluster-weather-2.pl',2).

(@) waansainmsdangudoyalu’ind weather-1

w a [ v -
() Hadnsvnmsdangudoyalu Iva weather-2

%file tmp.pl

dynamic attribute/2, instance/3.

attributefoutlook,Isunny, overcast, rainyl).

attribute{temperature,fhot, mild, cool]).

attribute(humidity,[high, normall).

attributelwindy,[true, falsel).

attribute(class,[yes, nol).

instance(l class=yes, {outloock=sunny, temperature=hot, humidity=high, windy=falsel).
instance(2,class=yes,loutloock=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, wmdv““false})

(c) maua’iu'lﬂamﬂ'iTml.ﬂﬂmamii’mwaawﬁmaamiﬂ@namaua‘lumumau (a) uaz (b)

Ye—fite:merged-cluster-weather pl

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

attribute{temperature [hot, mild, coof]).

attribute(hurmidity Thigh, normall}.

aitribute{windy [true, false]).

attribute{class [yes, nol).

allPoint{{1-4-1, 2-4-2, 3-2-1, 4-2-1]).

cluster(1 [outlook=sunny, temperature=hot, humidity=high, windy=false]).
cluster(2 [outiook=rainy, temperature=cool, humidity=normal, windy=true]}.
cluster_member(1[1, 3, 4]).

cluster_member(2 [2]}.

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

E'd
(@) nadwsgaihovesmsTaundmmes ludunou (2) uaz (o)

51/# 3.11 wadwivesmsianguloyauuuiumuiudeyn weather

o
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MTef 3.3 man1stadeyadinguue IS MITANGUIILIL batch WAZHLIL incremental

%’agnasﬂﬂe‘gmﬁ HAMITANGMUY batch HAM3IANQUUVY incremental
1 ngu 1 Agwy 1
2 g 1 ngu 1
3 g 1 ngY 1
4 ngu 1 AU 1 139 2
5 ngu 2 ngu 2
6 RN 2 QY 2
7 ngu 2 PR 2
8 ngu 1 AR 1
9 nqu 1 150 2 ngu 1
10 ngu 2 ngu 2
11 AR 2 ngu 2
12 NGy 1 159 2 g 2
13 ngu 1 ngu 1
14 ngy 2 nqu 2
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M5l 3.4 nfSeuhvuramstangudeyn post-operative #28TFANFUULL batch WAz

incremental
[ — AMIIANGUULY batch MITANGNUL incremental ATUUANA 1
| ndu a0 fnunudeyn | naifild | disse | Swoudoys | nefild | Aisse | vesmsia
| Tungu Gui) Tungu Gud) Hoyading
2 Cluster1=40 1.23 1742.88 | Cluster]=42 1.06 1695.53 6.97%
Cluster2=46 Cluster2=44
3 Cluster]=36 1.40 14G1.66 | Cluster]=33 1.18 1368.74 9.30%
Cluster2=272 Cluster2=26
Cluster3=28 Cluster3=27
4 Cluster1=26 1.44 1281.33 | Cluster1=28 1.17 1195.67 8.14%
Cluster2=21 Cluster2=20
Cluster3=21 Cluster3=21
Clusterd=18 Clusterd=17
5 Cluster1=20 1.51 1017.34 } Cluster]=23 1.33 1145.98 11.63%
Cluster2=19 Cluster2=2(
Cluster3=14 Cluster3=16
Chusterd=17 Clusterd=17
Cluster5=16 Cluster5=10
6 Cluster=17 1.49 967.85 | Clusterl=18 1.40 91333 6.97%
Cluster2=:14 Cluster2=i35
Cluster3=16 Cluster3=15
Clusterd=14 Clusterd4=14
Cluster5=15 Cluster5=14
Cluster6=10 Cluster6=10
7 Clusterl=15 1.62 712.63 | Clusterl=14 148 654.87 10.46%
Cluster2=11 Cluster2=10
Cluster3=13 Cluster3=14
Clusterd=10 Clusterd=11
Cluster5=19 Cluster5=13
Cluster6=11 Cluster6=12
Cluster7=7 Cluster7=12






