








obje
ts 
an be easily identi�ed by following the
over and dire
t 
hild links.3.5.2 Non-symmetri
 Matrix Most of the 
lustersin obje
t-attribute datasets are non-symmetri
, that is,they are re
tangular shaped submatri
es of the dataspa
e. So 
ores do not exist but the square dense regionsstill exist. A size 
onstraint on both the obje
t spa
eand the attribute spa
e will turn in a mu
h smaller setof dense regions that may a
t as the 
ores, whi
h we
all q-
ores. After the q-
ores are identi�ed, similarstrategies 
an be used to �nd �-dense regions betweenthe q-
ores. Conne
tions between the q-
ores 
an alsobe 
ategorized into similar three types but the sear
hneeds to be performed within both halves of the latti
e.4 Algorithm EvaluationWe have designed a syntheti
 data generator whi
his an updated version of the one presented in [7℄ byallowing one obje
t to be in multiple 
lusters. Our�rst test used the number of obje
ts as the 
ontrolvariable. Ea
h attribute has a real value in [0, 100℄interval and is transformed into a binary equivalentby using a range fun
tion (the F fun
tion in phase-0) into ten equal length intervals. For a data set with20 dimensions and �ve non-overlapping dense regions of�ve dimensions ea
h, the running time in
reases linearlywith the number of obje
ts. Addition of 10% obje
ts asrandom noise still dis
overs all the dense regions withthe same time 
omplexity. The same test was repeatedwith overlapping dense regions. Subspa
es overlappedin both, the obje
ts and the attributes. There werefour dense regions with two overlapping pairs, ea
h pairsharing two attributes and 40% obje
ts. The runningtime is larger than that for the non-overlapping denseregions but still in
reases only linearly.We tested the s
alability of the algorithm as thenumber of attributes is in
reased from 20 to 100. Allthe datasets had 10,000 obje
ts and two overlappingdense regions in 5-dimensional subspa
es. The resultsshow that the algorithm time grows quadrati
ally withthe number of attributes. We also tested the e�e
t ofsize 
onstraint on the running time of the algorithm. Asintuitively expe
ted, the smaller the size 
onstraint, thekarger is the number of 
lusters found and more time istaken by the algorithm.5 Con
lusionsWe have presented a new subspa
e 
lustering algorithmthat 
an �nd possibly overlapping subspa
e 
lustersin the data. A latti
e is built from all the denseregions found, from whi
h other 
lusters of interestingproperties 
an be 
onstru
ted and paths among 
lusters


an be identi�ed. Our algorithm provides a very goodinterpretation of the relationships among overlappingsubspa
e 
lusters. It is the �rst attempt that de�nessubspa
e 
lusters as 
ombinations of 
ores in a latti
ea

ording to some partial ordering. This providestremendous amount of 
ontrol and information aboutthe stru
tural properties of the subspa
es that may be
onstru
ted with the latti
e of subspa
e 
ores. Manyextensions of this resear
h are possible. Algorithmsto �nd dense regions that satisfy both the obje
t setsize 
onstraint and attribute set size 
onstraint 
an bedesigned, whi
h may help in making the algorithm inphase-1 more eÆ
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