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Relational Database

&
SNOOPYFAMILY Male 3
Primary Ke remale 2
y Key =4
\_, ¥
(ID) NAME SEX * FFHSQL{A Y
1
1 [ SNOOPY Male Select NAME
2 | CHARLIE BROWN Male
3 | SALLY BROWN Female o From SNOOPYFAMILY
)
_| - \ 1.
4 | LUCY VAN PELT Female = S Where SEX Male :
5 | LINUS VAN PELT Male = >
g Q__J D Zﬁk% :
6 | PEPPERMINT PATTY Female < A ’
7 | MARCIE Female
ID NAME SEX
8 | SCHROEDER Male
1 SNOOPY Male
9 WOODSTOCK v 2 CHARLIE BROWN Male
\ / 5  LINUS VAN PELT Male
Att”bUteS 8 SCHROEDER Male
Degree
- 3 ) S
Snoopy Charlie Brown Sally Lucy Peppermint Pal Marcie




Image Databases

o
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H

(a) An Image picture

(b) The corresponding
symblic representation

2D String: X : M<H<T=S
y: H=T<M<S



Image Database

« [EREH - WAEHBE - BTG - B GEEL. FE -
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?%J?tlal Reasoning(ZE fEj#EH) © £ —5Rss G HEam W8 e P04 2 TR 25 e
WA o

Pictorial Query([&{&: &) : SFFEE A& TR ERVZE R B R EsaHH
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Similarity Retrieval([&JP AR - FEHE ARtV ERER B
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(a) An image picture (b) Symbolic Picture



. »Uids of 13 spatial operators
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»5 Category Relationships(Cyg)

Disjoin : Contain :
A A
Meet :
A :
Inside :
Partly Overlap : A

A




» Decision tree of the CATEGORY function

oid,, oid, > 4

A

7 = od, od, = 10

BN

Contain

oid,, oid, > 2

BN

10 < oid, oid, = 13

Join

7

Belong Part_Overlap

Disjoin




»UID Matrix representation(cont.)
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»Similarity Retrieval based on the UID Matrix(1)

e Definitionl Picture /7 Is a type-1 unit picture of f, if

(1) /" 1s a picture containing the two objects A and B,
represented as X: ArXag B, y: AV o5 B.

(2) A and B are also contained in f.

(3) the relationships between A and B in f are represented
as X: Ariag B,and y: A, g B.

Then,

(Type-0): Category(r*ag ' ag)

(Type-1): (Type-0) and (X' ag=r*ag Or ¥ ag =Map)
(Type-2): ap=ragand ¥ ag =Map

10



>3 type-i similarities

A
B Bl o
f(A/B, A/*B) typc-0(A/*B, A%*B)
A
B
B
A

type-1 (A/B, A[*B) (A/B, A/*B)
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- Image Mining:

Finding Frequent Patterns in Image
Databases

&& &

I Setting the minimum support to % .

Charlie Brown often appears to the right of Snoopy. 12




Video : Image + Time
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Spatial Database
Nearest Neighbor Query

Where Is the
nearest
restaurant to our

location
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= No total ordering of spatial data objec

Difficulty

preserves the spatial proximity.

abcd?

/

'S that

C

a

N

acbd?
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Space Decomposition and DZ expression

- 0000*
-0001%
-0010*
-0011%
- 0100*
-0101%
-0110*%
-0111%
- 1000*
- 1001*
- 1010*
- 1011%
- 1100*
- 1101%
- 1110%
-1111%

Y

0101* O111%* 1101* 1111*

0100* 0110* 1 100* 1110*

Y= N Y Ll = e =

0001* 0011+ 1001* 1011*

N

—_ =
[ S T SN

0000* 1000+ 1010*

0 0010%* — X
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The Bucket-Numbering Scheme

S :
7 | 13 | 15 | Bigger
L
T T I
6 | 12 | 14 |
L
- I
3 9 | 11 |
A I Smaller
2 8 | 10 ,
I____I____I____I
(a) (b) (€)

N-order Peano Curve the uptrend of the
bucket numbers of

an object
19



21 23 < | 31 53 .55 .61 .63
20 g | 30 32 _S-I- _6."." _62
17 | 19 25 +9 _51 _5? _5?
1& 18 24 48 50 Ll 38
3 13 & 37 39 45 +7

1 ! : : B
+ | 5] | 12 | 14 k<) | 38 | + | 44
1 | 3 9 | 11 i3 | 35 | 41 | 43
Q 8 10 32 34 40 42

Example

O(lu) = (12,26)

The total number of
buckets depends on
the expected number
of data objects.

maximum bucket
number:

Max bucket = 63
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(b) the corresponding NA-tree structure (bucket_capacity = 2)
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NN (Nearest Neighbor)

= NN problem is to find the nearest
neighbor of g (query point).

Managed by a Peer

23



% Spatial Databases:
KNN Keyword Query

— (31,28)
P P. {B.C}
{B,C,D}
(7,23) (17.24) (26,24)
(23,20)
3.18) Pg (12,18)
{A.D) P, {AB)
[ I:)2 (14,14)
P (4,14 {A, B}
6 yo— 18,11)
®D} ., i3
— ¢ aan L4 ]' } (198)
P, {A,C,D}
®4) I e
P, {C,D}
(14,0




-8B Road Network Databases:

K Nearest Neighbor Query

Where are the 3
nearest
restaurants?

Eﬁ%‘@-

Z

Vi mmaria



ﬂg Spatial Databases:

Top-k Spatial Keyword Query

Where are the
top-1 ‘Snoopy
hotel’ near
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RNN (Reversed NN)

= The gis the nearest neighbor of the
blue points.

- NN-prgblem.
° JL

—./\-

Managed by a Peer
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Reverse Nearest Neighbor(RNN) Query
means : to obtain the objects which treat

the query as their nearest neighbor.
* Application : Business strategy

3 _ﬂ(
=
A

Location A

Location B

i

Five residents treat Location B as their NN.
«@ Three residents treat Location A as their NN.

Ag; Location B is a better place to run the
store.

Query q

Residents




Reverse Nearest Neighbor(RNN) Query means :
to obtain the objects which treat the query as
their nearest neighbor.

* Application : Traffic police

Traffic smooth Traffic jam

Five cars treat Location A as their NN.
e é Three cars treat Location B as their NN.

“g " Location Ais a better place to the f\  Query move
L5 police for patrol. =, Cars .



Find the nearest
gas stations from
the starting point
to the ending

oint. /




condition ahead o
me during the
30 minutes?
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P2P System

1

i&!s

| want to eat a

.Y [ pumpkin.
s N\/ho\has it?
N
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Client-server vs. Peer-to-Peer
network

= Example : How to find an object in the
network

. Client-server approach

= Use a big server store objects and provide a
directory for look up.

. Peer-to-Peer approach
« Data are fully distributed.
= Each peer acts as both a client and a server.
= By asking.

33



CSE

NSYSU

Data Grids

34



ﬂ HS‘J’Sd -
- . Protein Database

Find the
patterns from

Sequencel KGGAKRHRKIL
Sequence 2 KMGAKRHBKRS the protein
Sequence 3 KGAKRHBRKS

Sequence 4 KAGAKRHRKVL database,

£ N o
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Database D

TID | Items

100 |ACD
200 |BCE

300 | ABCE

400 (BE

Itemset

{AB}
{AC}
{AE}
{BC}
{B E}
{CE}

Cq

Itemset

{BCE}

Scan

Scan

Scan

Cy

Itemset

Sup.

{A}
{B}
1C}
{D}
{E}

Wk WwWWwN

Itemset

Sup.

{A B}
{AC}
{AE}
{BC}
{B E}
{CE}

N WNDDEFE DN

Cs

Itemset

Sup.

{B CE}

Ll
Itemset | Sup.
{A} 2
{B} 3
{C} 3
{E} 3

L2
Itemset | Sup.
{A C} 2
{B C} 2
{B E} 3
{CE} 2

L3
Itemset | Sup.

{BCE} 2
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age

Example

cluster

object

[
»

income
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Classification of Uroflowmetry Curves

25—

-~

25

15+

()

15 15—
() (b)

25+ 25+

15— 15 -
(

(d)

e)

Uroflow patterns: (a) Bell-shaped; (b) Tower-shaped; (c) Staccato-shaped;™
(d) Interrupted-shaped; (e) Plateau-shaped; (f) Obstructive-shaped.
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Sample Training Data

No Attributes Class

Location Age Marriage status Gender Low
1 Urban Below 21 Married Female Low
2 Urban Below 21 Married Male Low
3 Suburban Below 21 Married Female High
4 Rural Between 21 and 30 Married Female High
5 Rural Above 30 Single Female High
6 Rural Above 30 Single Male Low
7 Suburban Above 30 Single Male High
8 Urban Between 21 and 30 Married Female Low
9 Urban Above 30 Single Female High
10 Rural Between 21 and 30 Single Female High
11 Urban Between 21 and 30 Single Male High
12 Suburban Between 21 and 30 Married Male High
13 Suburban Below 21 Single Female High
14 Rural Between 21 and 30 Married Male Low,




A Complex Decision Tree

Age Predictive power low

Above 30 Below 21
Between|21 and 30

[ocation Location Gender

U
Rug Suburban Utban . Suburban il le cmale

M M
Gender | High High | Gender High St | Low A

M?e/%sale Femye/\%ale M}/Hi/\&{ghi Matried nole

Low High Low High Gender High Location High

M}Xe/\“gmale Urb 8 bdrban uarl
Low High L

oW High ?

43



A Compact Decision Tree

[ocation
Urban Sub{‘rban \Rl\
Marrage

Status High Gender

Low High High Low

Its predictive power is often higher than that of a complex decision tree.
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20 |
10

—o— Gene 1

Subspace Cluster :

{genel, gene2, gene3} x {b, c, h, j, e}

{genel, gene3} x {c, e, g, b}

80
70 1
60 r
50 r
40 t
30 r
20 r
10 |

0

90

80
70 |
60 r
50 r
40 t
30 r
20
10

0

Subspace Clustering

—6—Gene 1
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Interests

a‘:éf

Woodstock

A

Profile index

A

Matching procesj

Filtered

o)

introduces

Recommend the page which

“basketball”’ to those

people whose interestis basketball”. )

result

I
[
\a
g\
2

s

Web Pages
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Web Mining

An illustrative example for traversal patterns
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CSE

Time
15:54:37
15:54:49
15:54:53
15:55:05
15:55:17
15:55:21
15:55:33
15:55:45
15:55:49
15:56:01
15:56:12
15:56:17
15:56:29
15:56:41
15:56:45
15:56:57
15:57:09
15:57:13
15:57:25
15:57:37
15:57:41

Fange

DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL
DAEGU CITY HALL

Source

FEARIUNEDREUIRE YT
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14764
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:147654
210.101.134.110:14764
210.101.134.110:14754
210.101.134.110:14764
210.101.134.110:14754
210.101.134.110:14764
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14754
210.101.134.110:14764

Destination
192.168.1.40:4500
192.168.1.40:42362
192.168.1.40:4320
192.168.1.40:4500
192.168.1.40:4362
192.168.1.40:4320
192.168.1.40:4500
192.168.1.40:4362
192.168.1.40:4320
192.168.1.40:4500
192.168.1.40:4362
192.168.1.40:4320
192.168.1.40:4500
192.168.1.40:42362
192.168.1.40:4320
192.168.1.40:4500
192.168.1.40:4362
192.168.1.40:4320
192.168.1.40:4500
192.168.1.40:4362
192.168.1.40:4320

Protocol
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP
TCP

Action
Elocked
Blocked
Elocked
Blocked
EBlocked
Elocked
Blocked
Elocked
Blocked
EBlocked
Elocked
Blocked
Elocked
Blocked
Elocked
Elocked
Blocked
Elocked
Blocked
Elocked
Blocked
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Traditional vs. Stream Data

= Traditional Databases
. Data stored in finite, persistent data sets.

= Stream Data (Big data in cloud)

. Data as ordered, continuous, rapid, huge
amount, time-varying data streams. (In-
Memory Databases)

49



Landmark Window Model

time
L 4t t b ta Ge
............................. w, .|
................................... w, .|
.......................................... w, .|

Figure 1. Landmark Window
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Titlted-Time Window Model

_time

31 days 24 hours 4 qtrs

Figure 3. Tilted-Time Window
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Sliding Window Model

Figure 2. Sliding Window
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False-Positive answer

Exactly Real
Answer

False-Positive
Answer
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False-Negative answer

False-
Negative
Answer

Exactly Real
0 Answer
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Periodicity Mining in
Time Series Databases

= Three types of periodic patterns:

. Symbol periodicity
« [ = abd acb aba abc
« Symbol g, p= 3, stPos=0

. Sequence periodicity (partial periodic

patterns)

« [ = bbaa abbd abca abbc abcd
« Sequence ab, p = 4, stPos = 4

. Segment periodicity (full-cycle periodicity)
« [ = abcab abcab abcab
« Segement abcab, p =5, stPos = 0 -




Mining Frequent Periodic Patterns

User wants to know whether the
pattern periodic or not in the
time-series database.

Find frequent periodic patterns and
predict the future tend of the time-
series database.

Use computer analyzgs
time-series database.



Mining Time-Interval Sequential Patterns

Rk
> .

Customers buy something,
storage item and time-interval.

Find Time-interval patterns not only
reveals the order of items but also the
time intervals between successive items.

Use computer analyzgs
database.



Mining Weight Maximal Frequent Patterns

WhICh -
money

.User Wants to kn |
pattern /mpk
= andt ost terqs\

e SN




NSYSU
5 Mining High Utility Patterns

Which
itemset can
contribute

the most
profit value
of all the
j transactions?




Monomg Repeating Patterns in

Music Databases

Foreign Lands - Mursery Rhyroes

Little B&e

LIEN'r
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M o3
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=

3
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Co-Location Patterns

80

70

60 -

50

> 40 -

30 -

20 =

10 -

0

&
.t

Co-location Patterns - Sample Data
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EX.
{A,C}

13,1),(4,1)}
1(2,3),(1,2)}
1(2,3),(3,3)}

Mining Spatial
Co-Location Patterns

)
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Where is good A

location for
retailers to open
an after-market ?

/

A = Auto dealers
/R = auto Repair shops
D = Department stores
N G = Gift stores
v/ <%/ ol H=Hotels
/.5/ | Co-location patterns:

M a, R}, 10, )
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