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C
lu

ste
r
in

g
la

r
g
e

d
a
ta

se
ts

A
d
van

ced
m

eth
o
d
s

of
d
ata

an
aly

sis
are

m
ostly

ap
p
rop

riate
on

ly
for

d
atasets

of
m

o
d
erate

size.
T
o

ap
p
ly

th
em

to
(very

)
large

d
atasets

w
e

u
su

ally
fi
rst

red
u
ce

th
e

d
ata

to
an

accep
tab

le
size.

F
or

th
is

p
u
rp

ose
clu

sterin
g

is
u
su

ally
u
sed

:
a

large
d
atasets

is

clu
stered

in
to

a
sm

aller,
tractab

le
n
u
m

b
er

of
clu

sters.
A

fterw
ard

th
e

p
rop

erties
an

d
rep

resen
tatives

of
th

e
ob

tain
ed

clu
sters

are
d
eterm

in
ed

.

T
h
ese

rep
resen

tatives
are

u
sed

as
u
n
its

(sy
m

b
olic

ob
jects

(S
O

))
in

th
e

fu
rth

er
an

aly
ses.

F
or

clu
sterin

g
large

d
atasets

som
e

varian
t

of
lead

ers
m

eth
o
d

(for

ex
am

p
le

k
-m

ean
s)

is
u
su

ally
u
sed
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M

ost
of

th
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m
eth

o
d
s

can
d
eal

on
ly

w
ith

u
n
its

w
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les

m
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red
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n
u
m

erical
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ip
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f
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e
d

u
n
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O
n
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C
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w
e

p
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osed
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ap
p
roach

for
clu

sterin
g

large
d
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m
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ed

(n
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h
om

ogen
eou

s)
u
n
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–
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n
its

d
escrib

ed
b
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m
easu

red
in

d
iff

eren
t
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u
m

erical,
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om
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T
h
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b
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id
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r
ap
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roach

is
to

d
escrib

e
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u
n
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an
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a
u
n
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w
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b
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of
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b
e

a
clu

sterin
g

of
th

e
b
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u
n
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,
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W
e
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th
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th

e
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le
V
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to
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h
en

th
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u
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e
clu
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C
an

d
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V

is
d
eterm

in
ed

b
y
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relative
freq

u
en

cies

p
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=
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=
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h
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∈
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∈
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p
e
r
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S
u
ch

a
d
escrip
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p
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p
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a
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x
ed

sp
ace

p
er
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le;
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m
p
a
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le
w

ith
m

ergin
g
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–

k
n
ow

in
g

th
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∩
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d
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d
u
ce
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∪
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+
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b
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b
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con
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b
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d
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≥
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b
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d
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d
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b
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u
n
it

X
as

p
(i,{

X
};V

)
=



1
V

(X
)
∈

V
i

0
oth

erw
ise

6



T
h
e

c
lu

ste
r
in

g
p
r
o
b
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d
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g
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b
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in
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∈
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P
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F
or

th
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m
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∑
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∈
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=
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e

lead
er
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.
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T
h
e
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d
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te
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o
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b
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u
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n
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p
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ew
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g

u
n
til
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e

p
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can

b
e

p
roved

th
at

for
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rst
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m
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oth
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=
m
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i
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an
d

t
=
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M

;
an

d

for
th

e
secon

d
w

ith
average

d
istrib

u
tion

s

s(i,L
;V

)
=

1

n
(C

)

∑

X
∈

C

p
(i,X
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T
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is
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easy
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of
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e
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g
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T
h
e

a
g
g
lo

m
e
r
a
tiv

e
h
ie

r
a
r
c
h
ic

a
l
c
lu

ste
r
in

g
m

e
th

o
d

A
fter

red
u
cin

g,
w

ith
th

e
lead

ers
m

eth
o
d
,

th
e

d
ataset

to
som

e

h
u
n
d
red

s
of

rep
resen

tatives
of

th
e

ob
tain

ed
clu

sters
w

e
can

p
ro

d
u
ce

a
h
ierarch

ical
clu

sterin
g

on
th

em
,
H

=
∪
C

k ,
u
sin

g
th

e
stan

d
ard

a
g
g
lo

m
e
ra

tiv
e

h
ie

ra
rc

h
ica

l
c
lu

ste
rin

g
m

e
th

o
d
:

each
u
n
it

is
a

clu
ster:

C
1

=
{{

X
}:X

∈
E
}

;

th
ey

are
at

level
0:

h
({

X
})

=
0
,

X
∈

E
;

fo
r

k
:=

1
to

n
−

1
d
o

d
eterm

in
e

th
e

closest
p
air

of
clu

sters

(p
,q)

=
argm

in
i,j

:i6=
j {

d
(C

i ,C
j ):C

i ,C
j
∈

C
k }

;

join
th

em

C
k
+

1
=

C
k
\
{
C

p
,C

q }
∪
{
C

p
∪

C
q }

;

h
(C

p
∪

C
q )

=
d
(C

p
,C

q )

e
n
d
fo

r

1
0



W
e

can
also

p
ro

d
u
ce

a
p
y
ram

id
on

th
em

.
T

h
e

p
y
ram

id
al

clu
sterin

g

is
an

ex
ten

sion
of

th
e

h
ierarch

ical
m

o
d
el.

T
h
e

m
ain

d
iff

eren
ce

is
th

at

a
clu

ster/u
n
it

in
a

p
y
ram

id
can

b
elon

g
at

m
ost

to
tw

o
clu

sters.
T

h
e

grap
h

of
p
y
ram

id
al

stru
ctu

re
is

p
lan

ar.
F
or

d
etails

see
D

id
ay,

1986.

F
or

clu
sterin

g
very

large
d
atasets

in
to

several
h
u
n
d
red

s
of

clu
sters

an
d

p
ro

d
u
cin

g
a

h
ierarch

y
on

th
em

th
e

ad
d
in

g
clu

sterin
g

m
eth

o
d

can

b
e

ap
p
lied

.
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V
isu

a
liz

a
tio

n
o
f
h
ie

r
a
r
c
h
ie

s
a
n
d

p
y
r
a
m

id
s

T
h
ere

ex
ist

several
solu

tion
s

for
v
isu

alization
of

h
ierarch

ies:
W

in
d
ow

s

d
irectory

tree,
T
ree

m
ap

,
P

y
ram

id
al

rep
resen

tation
C

h
eop

s,
C

on
e

tree,
H

y
p
erb

olic
d
isp

lay
in

2D
an

d
3D

.

H
ere

w
e

p
resen

t
tw

o
ap

p
roach

es
to

v
isu

alization
of

large
h
ierarch

ies

su
itab

le
for

d
ata

an
aly

sis:
h
y
p
e
rbo

lic
d
isp

la
y

an
d

fl
a
g
s.
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E
x
a
m

p
le

In
th

e
follow

in
g

w
e

sh
all

u
se

as
a

(sm
all)

ex
am

p
le

d
ataset

th
e

d
ata

ab
ou

t
27

d
iff

eren
t

ty
p
es

of
fo

o
d

(see
T
ab

le
1).

T
h
ey

are
d
escrib

ed
b
y

5
n
u
m

eric
variab

les:
F
o
o
d

E
n
ergy,

P
rotein

,
F
at,

C
alciu

m
,
an

d
Iron

.

V
alu

es
of

variab
les

w
ere

en
co

d
ed

accord
in

g
to

six
eq

u
id

istan
t

classes

b
etw

een
th

eir
m

in
im

al
an

d
m

ax
im

al
valu

es.

variab
le

u
n
it

m
in

m
ean

m
ax

E
n
ergy

cal
45

207.4
420

P
rotein

g
7

19.0
26

F
at

g
1

13.5
39

C
alciu

m
m

g
5

43.96
367

Iron
m

g
0.5

2.38
6

1
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T
ab

le
1:

T
y
p
es

of
F
o
o
d

w
ith

E
n
co

d
in

g

N
o

F
o
o
d

E
n
g
y
P
r
o
t

F
a
t
C
a
l
c
I
r
o
n

C
o
d
e
s

1
B
e
e
f
,
b
r
a
i
s
e
d

3
4
0

2
0

2
8

9
2
.
6

5
5

5
1

3

2
H
a
m
b
u
r
g
e
r

2
4
5

2
1

1
7

9
2
.
7

4
5

3
1

3

3
B
e
e
f
,
r
o
a
s
t

4
2
0

1
5

3
9

7
2
.
0

6
3

6
1

2

4
B
e
e
f
,
s
t
e
a
k

3
7
5

1
9

3
2

9
2
.
6

6
4

5
1

3

5
B
e
e
f
,
c
a
n
n
e
d

1
8
0

2
2

1
0

1
7

3
.
7

3
5

2
1

4

6
C
h
i
c
k
e
n
,
b
r
o
i
l
e
d

1
1
5

2
0

3
8

1
.
4

2
5

1
1

1

7
C
h
i
c
k
e
n
,
c
a
n
n
e
d

1
7
0

2
5

7
1
2

1
.
5

2
6

1
1

2

8
B
e
e
f
h
e
a
r
t

1
6
0

2
6

5
1
4

5
.
9

2
6

1
1

6

9
L
a
m
b
l
e
g
,
r
o
a
s
t

2
6
5

2
0

2
0

9
2
.
6

4
5

3
1

3

1
0

L
a
m
b
s
h
o
u
l
d
e
r
,
r
o
a
s
t

3
0
0

1
8

2
5

9
2
.
3

5
4

4
1

2

1
1

S
m
o
k
e
d
h
a
m

3
4
0

2
0

2
8

9
2
.
5

5
5

5
1

3

1
2

P
o
r
k
,
r
o
a
s
t

3
4
0

1
9

2
9

9
2
.
5

5
4

5
1

3

1
3

P
o
r
k
,
s
i
m
m
e
r
e
d

3
5
5

1
9

3
0

9
2
.
4

5
4

5
1

3

1
4

B
e
e
f
t
o
n
g
u
e

2
0
5

1
8

1
4

7
2
.
5

3
4

3
1

3

1
5

V
e
a
l
c
u
t
l
e
t

1
8
5

2
3

9
9

2
.
7

3
6

2
1

3

1
6

B
l
u
e
f
i
s
h
,
b
a
k
e
d

1
3
5

2
2

4
2
5

0
.
6

2
5

1
1

1

1
7

C
l
a
m
s
,
r
a
w

7
0

1
1

1
8
2

6
.
0

1
2

1
2

6

1
8

C
l
a
m
s
,
c
a
n
n
e
d

4
5
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H
y
p
e
r
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o
lic

d
isp

la
y

T
h
e

id
ea

of
h
y
p
erb

olic
d
isp

lay
(L

am
p
in

g,
1995)

is
ap

p
lied

for

v
isu

alization
of

large
p
y
ram

id
s

an
d

h
ierarch

ies
an

d
ex

ten
d
ed

w
ith

som
e

su
b
ject

sp
ecifi

c
op

tion
s.

T
h
e

h
y
p
erb

olic
d
isp

lay
is

an
ex

am
p
le

of
fi
sh

-eye
d
isp

lay
s

th
at

allow
a

closer
lo

ok
at

th
e

d
ata

in
th

e

selected
n
eigh

b
orh

o
o
d

p
u
t

in
to

th
e

con
tex

t
of

th
e

glob
al

v
iew

.
It

allow
s

sim
u
ltan

eou
s

v
iew

of
com

p
lete

p
y
ram

id
al

or
h
ierarch

ical

clu
sterin

g
an

d
d
etailed

in
sp

ection
of

selected
region

in
sid

e
p
y
ram

id
or

h
ierarch

y.
It

also
rep

resen
ts

a
’m

ap
’
stru

ctu
re

over
clu

sters.
S
elected

n
o
d
es

(clu
sters)

can
b
e

rep
resen

ted
an

d
com

p
ared

u
sin

g
oth

er

rep
resen

tation
s

for
in

d
iv

id
u
al

S
O

.
B

oth
,
h
ierarch

ies
an

d
p
y
ram

id
s

are

rep
resen

ted
b
y

p
lan

ar
grap

h
s.

T
h
e

h
y
p
erb

olic
d
isp

lay
is

im
p
lem

en
ted

in
J
ava

u
sin

g
3D

M
aster

S
u
ite

–
an

ex
ten

sion
of

th
e

O
p
en

In
ven

tor
for

W
in

d
ow

s.

In
F
igu

re
1

a
(sm

all)
h
ierarch

y
over

F
o
o
d

ty
p
es

is
d
isp

layed
.
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B
esid

es
th

e
gen

eral
fu

n
ction

alities
(left-righ

t
/

u
p
-d

ow
n

/
in

-ou
t

m
oves,

...)
of

th
e

O
p
en

In
ven

tor
th

e
left

sid
e

of
th

e
w

in
d
ow

p
rov

id
es

a
con

trol
p
an

el
w

ith
th

e
follow

in
g

op
tion

s:

•
s
h
o
w

b
o
r
d
e
r:

sw
itch

es
th

e
d
isp

lay
of

th
e

b
ord

er
–

circle

rep
resen

tin
g

th
e

h
y
p
erb

olic
p
lan

e;

•
s
h
o
w

la
b
e
ls:

sw
itch

es
th

e
d
isp

lay
of

lab
els

of
u
n
its;

•
m

o
v
e

to
c
e
n
te

r
(selects

a
state):

click
on

a
n
o
d
e

w
ill

m
ove

th
e

selected
n
o
d
e

to
th

e
cen

ter;

•
s
h
o
w

p
r
o
p
e
r
tie

s
(selects

a
state):

click
on

a
n
o
d
e

w
ill

d
isp

lay

in
a

sep
arate

w
in

d
ow

th
e

d
etailed

in
form

ation
(tab

le
or

sim
p
le

star)
ab

ou
t

th
e

selected
n
o
d
e;

•
s
h
o
w

r
a
n
g
e

(selects
a

state):
click

on
a

n
o
d
e

w
ill

sh
ow

,
b
y

an
arc

on
th

e
b
ord

er,
th

e
ran

ge
–

set
of

leaves
covered

b
y

th
e

selected
n
o
d
e

in
th

e
given

p
y
ram

id
/h

ierarch
y
;
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•
s
h
o
w

b
a
s
in

(selects
a

state):
click

on
a

n
o
d
e

w
ill

sh
ow

,
b
y

recolorin
g,

th
e

set
of

all
n
o
d
es

covered
b
y

th
e

selected
n
o
d
e;

•
c
o
m

p
a
r
e

(selects
a

state):
for

th
e

selected
p
air

of
n
o
d
es

w
ill

com
p
u
te

an
d

d
isp

lay
th

eir
d
issim

ilarity
;

•
r
e
n
a
m

e
(selects

a
state):

allow
s

to
give

n
am

es
to

in
tern

al
n
o
d
es.

T
h
e

n
ex

t
tw

o
b
u
tton

s
p
rov

id
e

sh
ortcu

ts
to

m
o
v
e

th
e

r
o
o
t

to
th

e

c
e
n
te

r
an

d
to

c
le

a
r

a
ll

r
a
n
g
e
s.

T
h
e

last
b
u
tton

op
en

s
a

sp
ecial

w
in

d
ow

in
w

h
ich

w
e

can
ch

an
ge

d
iff

eren
t
s
e
ttin

g
s

of
th

e
h
y
p
erb

olic

d
isp

lay.

In
F
igu

re
1

w
e

can
also

see
an

ex
am

p
le

of
th

e
tab

u
lar

d
isp

lay
of

th
e

p
rop

erties
of

selected
n
o
d
es

(m
arked

b
y

lab
els

of
d
iff

eren
t

color).
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In
F
igu

re
2

a
h
y
p
erb

olic
d
isp

lay
of

large
p
y
ram

id
w

ith
1347

n
o
d
es

(500
leaves)

is
p
resen

ted
.

O
n

it
w

e
can

see
also

ra
n
g
e
s

of
3

selected

n
o
d
es

(th
e

n
o
d
e

an
d

th
e

corresp
on

d
in

g
arc

colored
w

ith
th

e
sam

e

color)
an

d
th

e
ba

sin
of

selected
n
o
d
e

(b
lack

n
o
d
es).

In
F
igu

re
3

tw
o

d
iff

eren
t

v
iew

s
of

th
e

p
y
ram

id
ob

tain
ed

b
y

m
ov

in
g

selected
n
o
d
es

in
to

th
e

cen
ter

are
p
resen

ted
.

W
e

ob
tain

a
d
etailed

v
iew

on
th

e
n
eigh

b
orh

o
o
d

of
th

e
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n
o
d
e.

T
h
e

oth
er

p
ossib

ility

for
d
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in
sp

ection
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a
p
art

of
p
y
ram

id
is

to
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om
-in

,
as

sh
ow

n
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F
igu

re
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G
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tin

g
r
a
n
d
o
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p
y
r
a
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id
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F
or
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g
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e

h
y
p
erb

olic
d
isp

lay
w

e
d
evelop

ed
a

sp
ecial

p
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for

gen
eratin

g
ran

d
om

p
y
ram

id
s

/
h
ierarch

ies.
It

is
b
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on
th

e
ran

d
om

join
in

g
of

h
o
o
k
s

of
p
artial

p
y
ram

id
s.

W
e

start
w
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a
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n
u
n
its
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–

each
h
av

in
g

a
h
o
ok

.

A
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ard
w

e
rep

eat
u
n
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th
e

p
y
ram

id
is

b
u
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e
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e

fi
rst

(else
select

th
e

secon
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e

p
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b
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n
u
m

b
er

k
of

h
o
ok

s
to

b
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an
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p
ly
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T
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e
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b
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m
eth

o
d

d
escrib

ed
in

th
e

fi
rst

section
(b

ased
on
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b
y
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e
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es
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d
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ave
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e
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rop
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e
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th
e

u
n
ion

of
tw

o

d
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sters
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b
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m
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ge.

2
6



M
e
a
n

v
a
lu

e
:

(n
(C

),m
(C

)):

m
(C

)
=

1

n
(C

)

∑

X
∈

C

V
(X

),
n
(C

)
=
|C
|,

n
(C

1 ∪
C

2 )
=

n
(C

1 )+
n
(C

2 )

m
(C

1
∪

C
2 )

=
n
(C

1 )m
(C

1 )
+

n
(C

2 )m
(C

2 )

n
(C

1
∪

C
2 )

M
e
a
n

v
a
lu

e
w

ith
r
a
n
g
e
:

(n
(C

),m
in

(C
),m

(C
),m

ax
(C

))

m
in

(C
1
∪

C
2 )

=
m

in
(m

in
(C

1 ),m
in

(C
2 ))

m
ax

(C
1
∪

C
2 )

=
m

ax
(m

ax
(C

1 ),m
ax

(C
2 ))

2
7



F
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are
essen
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a

grap
h
ical

d
isp

lay
of

th
e

en
co

d
ed

tab
le

w
h
ere

each
cell

is
colored

w
ith

a
color(s)

(or
level(s)

of
gray

)
assign

ed
to

th
e

cell
valu

e(s).
T

h
ey

are
b
ased

on
v
isu

al
com

p
arison

of
u
n
its

(tab
le

row
s).

A
m

ore
in

form
ative

d
isp

lay
can

b
e

ob
tain

ed
if

w
e

reord
er

th
e

u
n
its

accord
in

g
to

som
e

clu
sterin

g.

In
th

e
case

of
large

d
atasets

su
ch

rep
resen

tation
is

n
ot

m
an

ageab
le

an
y

m
ore.

B
u
t

w
e

can
red

u
ce

its
size

b
y

rep
lacin

g
som

e
clu

sters
w

ith

th
eir

rep
resen

tatives.
T

h
e

th
in

gs
b
ecom

e
even

m
ore

in
terestin

g
if

a

h
ierarch

y
over

a
given

d
ataset

is
k
n
ow

n
.

S
o

ex
ten

d
ed

fl
ags

com
b
in

e

glob
al

v
iew

w
ith

d
etailed

lo
cal

v
iew

.
B

y
in

teractively
d
rillin

g
in

to
th

e

h
ierarch

y
w

e
can

ex
p
ose

selected
u
n
its

in
th

eir
con

tex
ts.

In
F
igu

re
5

a
rep

resen
tation

w
ith

fl
ags

of
p
art

of
F
o
o
d

ty
p
es

is

p
resen

ted
.
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F
lags

are
also

im
p
lem

en
ted

in
J
ava

u
sin

g
3D

M
aster

S
u
ite.

T
h
ey

p
rov

id
e

an
in

teractive
sy

stem
for

p
ro

d
u
cin

g
an

d
m

an
ip

u
latin

g

h
ierarch

ical
fl
ags

over
large

d
atasets.

If
n
o

h
ierarch

y
is

given
,

th
e

triv
ial

p
artition

(a
on

e
level

h
ierarch

y
)

–
each

u
n
it

is
a

clu
ster,

is

assu
m

ed
.

T
h
e

h
ierarch

ical
fl
ags

d
isp

lay
con

sists,
b
esid

es
th

e
tab

le
w

ith
n
am

es

of
row

s
(clu

sters/u
n
its)

an
d

colu
m

n
s

(variab
les),

of
ad

d
ition

al

in
form

ation
ab

ou
t

th
e

p
osition

of
row

s
in

th
e

h
ierarch

y
:

•
level

of
th

e
clu

ster/u
n
it

in
th

e
h
ierarch

y
startin

g
from

u
n
its

(level

0)
(fi

rst
n
u
m

b
er

in
th

e
p
an

el);

•
n
u
m

b
er

of
u
n
its

in
th

e
clu

ster
(secon

d
n
u
m

b
er

in
th

e
p
an

el);
an

d

•
ty

p
e

–
u
n
it,

clu
ster,

con
tex

t.

C
on

tex
t

is
th

e
com

p
lem

en
t

of
selected

elem
en

ts
–

u
n
ion

of
n
on

selected
u
n
its/clu

sters.
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F
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–
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h
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T
h
ere

are
th

ree
grou

p
s

of
op

tion
s:

S
e
ttin

g
s:

gen
eral:

p
alettes,

fon
ts,

sizes.

C
o
lu

m
n

o
p
tio

n
s:

•
in

clu
d
e

variab
le;

•
ex

clu
d
e

variab
le;

•
m

ove
variab

le
(reord

er);

•
in

fo
ab

ou
t

variab
le;

•
ch

an
ge

variab
le

settin
gs

(en
co

d
in

g,
p
alette,

...);

•
d
isp

lay
variab

le
(sep

arate
d
isp

lay
:

h
istogram

,
tex

t,
...).
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R
o
w

o
p
tio

n
s:

•
op

en
/en

ter
clu

ster
(all

n
ew

clu
sters/u

n
its

h
ave

ty
p
e

con
tex

t);

•
close/ex

it
clu

ster;

•
ch

an
ge

ty
p
e

(con
tex

t,
selected

/sh
ow

);

•
red

u
ce

con
tex

t;

•
ren

am
e

clu
ster;

•
m

ove
row

(reord
er

resp
ectin

g
h
ierarch

y
);

•
d
isp

lay
clu

ster
(sep

arate
d
isp

lay
:

star,
tex

t,
...).

T
h
e

op
tion

red
u
ce

con
tex

t
collects

all
clu

sters/u
n
its

m
arked

w
ith

con
tex

t
in

to
a

sin
gle

con
tex

tu
al

clu
ster.

It
can

b
e

d
on

e
level

b
y

level

or
iteratively

over
several

levels.
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A
d
d
itio

n
a
l

o
p
tio

n
s:

T
h
e

h
ierarch

ical
fl
ags

can
b
e

u
sed

also
to

p
erform

’v
isu

a
l
c
lu

ste
rin

g
’
–

sem
i-m

an
u
al

clu
sterin

g.
W

e
start

w
ith

triv
ial

p
artition

an
d

an
aly

zin
g

th
e

d
ata

w
e

m
an

u
ally

b
u
ild

th
e

h
ierarch

y.
T
o

su
p
p
ort

th
is

som
e

ad
d
ition

al
op

tion
s

are
n
eed

ed
:

•
sh

ow
on

ly
/

h
id

e
u
n
its/clu

sters
w

ith
valu

es
of

variab
le

in
th

e
set;

•
ord

er
(in

sid
e

clu
sters)

on
th

e
valu

es
of

th
e

variab
le;

•
join

selected
tw

o
u
n
its/clu

sters
in

to
a

n
ew

clu
ster;

•
m

ove
u
n
it/clu

ster
in

to
clu
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