INFOBRIGHT

Rough Set Approaches
to Scale Data Processing
and Mining Operations

Dominik Slezak

* ¥ - k=!.—__.

* * e ?:If
WIUI 2013 —
socialni TSTERSTHG BKE i o

05.06 Olomouc = fordvCR EVROPSIAUNIE | ULotze A Yo ovioon e Kt




Rough Sets

= The theory of rough sets founded in early 80-ties
by Prof. Pawlak provides the means for handling
Incompleteness and uncertainty in large data sets

= In the process of knowledge discovery, one can
search for decision reducts, which are irreducible
subsets of attributes determining decision values

= Dependencies in data can be expressed in terms
of, e.g., discernibility or rough set approximations

= There are also rough-set-inspired computational
models, such as rough clustering, rough SQL etc.
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Different Approaches to Attribute Reduction

= Reduction Constraints:

= Keep (almost) the same appro-
ximations of decision classes

= Discern between (almost) all pairs of
objects with different decision values

= Keep at (almost) the same level
a value of some quality function

= Optimization Goals:
* Find minimal reduct(s)

= Find reducts, which induce
minimum amount of rules

= Find ensembles of reducts,
which work well together

= Algorithms & Structures:

= Greedy methods, randomized methods,
MapReduce methods, attribute clusters

= Discernibility matrices, data sorting,
hashing, distributing, SQL-based scripts
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The Case Study-ef-Gene Expression Data

Exp 1 Exp 2 Exp 3 Exp 4 Exp 5 Exp 6
Gene 1 -1.2 -2.1 -3 -1.5 18 29
Gene 2 2.7 0.2 -1.1 16 -2.2 1.7
Gene 3 -2.5 1.9 -0.1 -1.1 -1 0.1
Gene 4 29 26 25 -2.3 0.1 23
Gene 5 01 26 2.2 2.7 2.1
Gene 6 -2.9 -1.9 -2.4 -0.1 -1.9 29

= Thousands of genes-attributes to analyze
= Number of experiments-objects quite low
= Simple knowledge representation needed
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Discernibility &-Diseretization

= Consider an arbitrary vector of cuts over the
domains of attributes bLIB:

cutp = {(a,cut,) : a € B,cut, € (a.a)}
a = mingcya(u) a@=marycyalu)
= \WWe say that cutg discerns objects x,yUU, if
there is at least one b[IB such that:
min(a(x),aly)) < cut, < max(a(x),a(y))
= Define Ind(d/cutg) =
. Hx,y): d(x)7d(y) & cutg doesn'’t discern X,y}
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Fuzzy Discernibiity & Discretization

= Consider the following modification
of Ind(d/B) for numeric attributes B:

ja(z)—a(y)
ZJ:,y:d[_:r:}#ri{y] HELEE (1 a—a )

= The above measure equals to:
[l-ias % J;,, Ind(d/cutg)dcut g

where Ip = x,cpla,d

= An analogous relationship can be obtained
also for a numeric decision attribute d
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Lessons to be kearnt

= Fuzzy-rough attribute reduction criteria can
be utilized to efficiently search for subsets
of attributes, which would keep information
about decision after their discretization.

= Crisp discerniblility functions for discretized
attributes can be utilized to speed up the
process of fuzzy-rough attribute reduction
(e.g. via Monte Carlo generation of cuts...)
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a b C d a* b* c* d*

ul 3 7 3 0 (ul,ul) | 1+ | 1+ | 1+ 0
uz2 2 1 0 1 (ulu2) | 1- | 1- | 1- 1
u3 4 0 6 1 (ul,ul) | 1+ | 1—- | 1+ | 1
ud 0 5 1 2 (ul,ud) | 1- | 1- | 1- | 2
(u2,ul) | 2+ | 2+ | 2+ 0

POS(a*,b*) = POS(a* b*,c*) | |[U&u2) | 2+ | 2+ | 2+ | 1
. . bk oy (U2,u3) | 2+ | 2— | 2+ 1
POS(a*) L POS(a*,b*,c*) w20d) | 2= | 2+ | 2+ | 2
POS(b*) O POS(a*,b*,c¥) (u3,ul) | 3—- | 3+ | 3- | O
(u3,u2) | 3— | 3+ | 3- 1

IF a>3 AND b>7 THEN d=0 | | (U3u3) | 3+ | 3+ | 3+ | 1
IF a>3 AND b<7 THEN d=1 | | (u3,u4) | 3— | 3+ | 3- | 2
IF a=2 AND b<1 THEN d=1 | | (u4,ul) | 4+ | 4+ | 4+ | O
IF a<2 AND b=1 THEN d=2 | | (u4,u2) | 4+ | 4- | 4- | 1
IF a=4 AND b=0 THEN d=1 (u4,uld) | 4+ | 4— | 4+ | 1
IF a=0 AND b<5 THEN d=1 | | 4,u4) | 4+ | 4+ | 4+ | 2




How about Attribute Granules?
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. Gruzdz, lhnatowicz, . | o

 Slezak: Interactive ; .

. gene clustering —a :

. case study of breast ! ‘ | ‘ :

cancer microarray

' data. Inf. Systems CLUSTERS OF REDUCTS WITH
 Frontiers 8 (20086). ATTRIBUTES CLUSTER REP-
' RESENTATIVES

Abeel et al: Robust Biomarker Identification for Cancer Diagnosis with
Ensemble Feature Selection Methods. Bioinformatics 26(3) (2010).

Andrzej Janusz, Dominik Slezak: Rough Set Methods for Attribute
Clustering and Selection. Applied Atrtificial Intelligence. [Accepted.]




8 anqupe

m /[ SInqupe

u l
=
INFOBR:GHT

<]
—
]
o1y
c
0
i 3 G anguue
U (
% < m v a)nqune
5
S L £ 2inquue
D) =
o = D Z anaune
e e m | SINquUue
4 U
H =
< O
-
m i ] &80 ] £0 80 g0 4] &0
(D) T
o L
% Sl || |lo|-|lo|-|lo|o
% ﬂ._m,.fl.H..”n“:_l...u.__".,.,_.H..l...U.
p ﬂ.m..ﬂ.41J_l.H..H..H.Jl,l.H.
-
e Q %102010211
Y &
un
Y— 7y WO |- O |- NN O [ |
o s
o T |FolH|Hlelolo|n o |o
V) s
o 5 PN |- oo+ | H oo
D - D
._mw > < SN =N o o |- o |-
o -
- m:,m...u_\ Ao o N |- oo |
C o |l - | M| | v o ~| o o
rﬂ.ﬁ S|S|S|S|S|S|S|S|S




Clusters of Replaceable Attributes (2)

We would like to model interchangeability of attributes in reducts. |

e to facilitate @ a discernibility-based attribute
computation of dissimilarity measure:
reducts,

direct(a,b) =
@ to ensure diversity of

. H{ (u,u"):d(w)#d(u" ) ra(u)Fa(u’ )Ab(u)#b(u') }
obtained reducts, (. ):d(u) Zd(u)) Ala(u)Za(w ) Vh(u)Zb(u’))

|

H

@ to explore complex
dependencies

between attributes
in data. @ regular clustering algorithms.

o different objects may have different
weights (relative discernibility),




Computation of-Reducts using Clusters-..

A cluster-based permutation generator:

Input: a clustering of attributes CLy = (G4, .... C)
Output: an ordered list perma = [a1, ..., an]

@ It is designed to

permys = || (an empty list); work with the
permy = [p1....,px] (apermutation of numbers1 to k); permutation-based
e B :
while length(perma) # n do algorlthm for
if |Cp| > 0 then computation of
el reducts.

randomly select an attribute a from g ;

ermas — erMmy, 4, . 1
permp = [permy, a] @ Similar procedures

Cpr = Cp; \ {a}s
end can be used to
= iisls combine attribute
if i > k then ) )
| i=1; clustering with
end other heuristics.

end
return perma; y




Rough Sets

= The theory of rough sets founded in early 80-ties
by Prof. Pawlak provides the means for handling
Incompleteness and uncertainty in large data sets

= In the process of knowledge discovery, one can
search for decision reducts, which are irreducible
subsets of attributes determining decision values

= Dependencies in data can be expressed in terms
of, e.g., discernibility or rough set approximations

= There are also rough-set-inspired computational
models, such as rough clustering, rough SOL etc.

%wf INFOBRIGHT




Rough Computing-over Granulated Data..

= Decompose the available data onto granules
= Fast and dynamic decomposition methods are required

= Create statistical snapshots for each granule
= Snapshots should be small but also informative enough

= Do approximate computations on snapshots
= |t requires redesigning standard computational methods

= When necessary, go down to data granules
= Accessing granules should be minimized and optimized

P 2
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Outlook Temp. Humid. Wind Sport? bf f
Outlook [Temp. Huomid. |Wind Sport? .
1 |Sunny Hot High Weak Mo Jﬂrjj
2 |Sunny Hot High Strong Mo Jﬂrzj
3 |Overcast (Hot High Weak Yes 16-' Jﬂ:.;j
4 |Rain Mild High Weak Yes 2 b‘ﬂ"” E
5 |Rain Cold Mormal Weak Yes E
& |Rain Cold Mormal Strong Mo - :?]‘E
T |Owvercast [Cold Mormal Strong Yes GUEHY fl'r J
B |Sunny Mild High Weak Mo example
9 |Sunny Cold Mormal |Weak Yes DATA - I‘-EtlﬂTEFl to =
10 |Rain Mild Mormal Weak Yes LDAD mten“g E
11 |Sunny Mild Mormal Strong Yes DATA PACKS E
12 |Overcast |Mild High Strong Yes ED"'IPT'ESSEC' bf[2] =
13 |Overcast |Hot Mormal |Weak Yes blocks of values A H
14 |Rain Mild High Strong  |No - =
: ORIGINAL DATA |
S E RouGH| /B | i
S S VALUE :
USAGE
ROUGH ATTRIBUTES (ALSO CALLED KNOWLEDGE NODES) 1 T
ROUGH VALUE > - - - -
CALCULATION Outlook Temp. Humid. Wind Sport?
GRANULATED TABLE rough row 1 |rough value |rough value |rough value | rough value| rough value identification of
physically, a collection of blocks and
rough values for each of rough row 2 |rough value | rough value [ rough value | rough value| rough value rows satisfying
rough attributes is stored as query
a separate knuwmdge node rough row 3 |rough valuve | rough value | rough value | rough value| rough value conditions




SELECT MAX(A)-FROM T WHERE B > 15;.

T ([B50K rows)

B>15

Pack A1 Pack B1

Min=3 || Min=10 S
Max = 25 | | Max = 30

Pack A2 | | Pack B2

Min=1 ||Min=10 S
Max = 15 | | Max = 20

Pack A3 | | Pack B3

Min =18 | |Min=>5 S
Max = 22 | | Max = 50

Pack A4 | [ Pack B4

Min=2 ||Min=20 R
Max =10 Max = 40

Pack A5 | [ Pack B5

Min=7 ||Min=5 |
Max = 26 Max = 10

Pack A6 | | Pack B6

Min=1 ||Min=10 S
Max =8 Max = 20

I: Irrelevant Granules
(Negative Region)
S: Suspect Granules
(Boundary Region)

R: Relevant Granules
(Positive Region)

E:. Exact Computation
(necessary, if the final
guery result cannot be
obtained only from the
statistical snapshots)
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SELECT MAX(A)-FROM T WHERE B > 15;

T ([B50K rows)

B>15

B>15 A=18

B>15A=2X

Pack A1
Min=3
Max = 25
Pack A2
Min =1
Max =15

Pack A3
Min = 18

Pack B1
Min =10
Max = 30

Pack B2
Min =10
Max = 20

Pack B3
Min =5

S

S

A |D||D

Max = 22 | | Max = 50 X =22 X =22
Pack A4 | | Pack B4

Min=2 ||Min=20 | | | I
Max =10 Max = 40

Pack A5 | | Pack B5

Mn=7 ||Min=5 | | | | I
Max = 26 Max = 10

Pack A6 Pack B6

Min=1 ||Min=10 S | | | I
Max =8 Max = 20
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Data Granulation-Parameters (Examples).
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Architecture with-Data Granulation

KN Statistics
— _,___r"

KN Manager

Y

External
Data

Data
Granulator

Data Manager

Decompress

Loader / Reloader

Calculate KNs

Compress




Classical Theory
of Rough Sets

Let A=(U,AD{d})
= Packs of rows can be treated be a decision table.
as indiscernibility classes Indiscernibility class

= Operators such as RQS can be |iUsls defined as:

. . xU: O.-s a(u)=a(Xx
treated as conditional attributes { alib () | ( )}
Generalized decision

= Snapshots can be compared to | function is defined as
generalized decision functions  [d([ulg) = {d(x): xO[u]g}

Rough Set Interpretation

= The task Is to adjust conditional attributes, so the
resulting generalized decisions are good enough
to approximate the concepts we are interested in

*
4 X<
2

POSg(X) ={ullU : o(Ju]g) O X }
NEGg(X) = {ulJU : d(Ju]lg) n X =101 } INFOBRIGHT




Rough Set Interpretation (continued)

= Statistical snapshots of
Indiscernibility classes
are used to approximate
concepts related to the
SQL statement execution

= Approximated concepts
can be totally different in
case of each statement

= Approximated concepts
can dynamically evolve
during the SQL execution

INFOBRIGHT



SELECT COUNT(*)
FROM TABLE WHERE
Outlook = x;

1. Take the rough attribute
of Outlook
2. Filter out fully irrelevant

Outlook

Temp.

Humid.

Wind

data packs

3. Utilize rough values of fully
relevant packs to compute
the partial result

4. Decompress packs, which
were not fully (ir)relevant

5. Compute the final result

GRANULATED TABLE rough row 1
physically, a collection of
rough values for each of rough row 2
rough attributes is stored as
a separate knowledge node rough row 3

|

DATA PACKS
compressed
blocks of values

Spont? bf f
fl1]
2]
0 i
, &
QUERY fi2"]
example

related to
filtering

H{]UiGH ATTRIBUTES (ALSO CALLED KNOWLEDGE NODES)
| | |

VALUE | ©
USAGE

K
Cutlook

W
Temp.

W
Humid.

W
Wind

W
Sport?

rough value

rough value

rough value

rough value

rough value

.

rough value

rough value

rough value

rough value

rough value

rough value

rough value

rough value

rough value

rough value

identification of
blocks and
rows satisfying

query

conditions




SELECT COUNT(*)
FROM TABLE WHERE
o (Outlook, Temp.) = x;

a

relevant packs to co
the partial result

4. Decompress packs, wwieieies
v S S ———

5. Compute the final result

GRANULATED TABLE

physically, a collection of

rough values for each of
rough attributes is stored as
a separate knowledge node

rough row 1
rough row 2

rough row 3

Outlook Temp. Humid. Wind Sport? bf f
fli]
fl2]

27

e || ¢

&

QUERY #Z
example
lated t
_-_ rlt;}ili.ering.:l

DATA PACKS

compressed
blocks of values

=

J

ROUGH
VALUE || @
USAGE

J

H{}UiGH ATTRIBUTES (ALSO CALLED KNOWLEDGE NODES)
| | |

K
Cutlook

W
Temp.

W
Humid.

W
Wind

W
Sport?

rough value

rough value

rough value

rough value

rough value

>
.

rough value

rough value

rough value

rough value

rough value

rough value

rough value

rough value

rough value

rough value

identification of
blocks and
rows satisfying
query
conditions




SELECT COUNT(*) >

FROM TABLE WHERE
o (Outlook, Temp.) = x;

1. Compute rough attribute

of a(Outlook, Temp.)
2. Filter out fully irrelevant
virtual data packs of a

3. Utilize rough values of fully
relevant virtual packs to
compute the partial result

4. Create packs of o, which
were not fully (ir)relevant

5. Compute the final result

Outlook Temp. Humid. Wind Sport? bf f
fli]
fl2]

0}
QUERY 72"
example
lated t
_-_ r{;}ili.etring‘:|
DATA PACKS

compressed
blocks of values

=

e

ROUGH
VALUE | ©
USAGE

J

H{]UiGH ATTRIBUTES (ALSO CALLED KNOWLEDGE NODES)
| | |

>
.

W W W K W
a Outlook Temp. Humid. Wind Sport?
GRANULATED TABLE rough value | rough value |rough value |rough value | rough value| rough value
physically, a collection of
rough values for each of rough value rough value | rough value | rough value | rough value| rough value
rough attributes is stored as
a separate knowledge node rough value | rough value |rough value |rough value | rough value| rough value

identification of
blocks and
rows satisfying
query
conditions




[LIMySOL client

Hrysq ]l e
hry s |
nysgl s
mysql: select roughly sum(click) from Tog_facts
-» where ewvent_date between '2007-08-10" and '2007-08-16";

GPE0Z20 |
672112 |

2 rows 1n set (0,06 sec)

nysql e
ry sl e
select sum(click) from Tog_facts
where ewvent_date between '2007-08-10" and '2007-08-16";

1 row 1n set (0.28 sec)

nysg ] s
My s 1 >




Computing with-Reugh Approximations

SQL QUERY FUTURE FUTURE
EXECUTION METHODS METHODS
PROCESSOR ?7?7? ??7?7?

Data AP Rough AP
Outlook P. . Wind Spont? ROUlﬁH ATTRIBUTES (ALSO CALLED KNOWLEDGE NODES)
- I T
I|

g

W
Outlook Temp. Humid. Wind Sport?

rough value | rough value |rough value | rough value| rough value

rough value | rough value | rough value | rough value| rough value

I
€
I-i
a

DATA PACKS rough value | rough value | rough value | rough value| rough value

compressed

[ A

blocks of values
= Min Max Total Count
20070214 | 20070215 | - 65237
200-249 250-299 300-349
1 0 1
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Selected Papers-about Infobright
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D. Slezak, P. Synak, J. Borkowski, J. Wréblewski, G. Toppin: A Rough-Columnar
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M. Kowalski, D. Slezak, G. Toppin, A. Wojna: Injecting Domain Knowledge into
RDBMS — Compression of Alphanumeric Data Attributes. ISMIS 2011: 386-395
D. Slezak, G. Toppin: Injecting domain knowledge into a granular database
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D. Slezak, P. Synak, J. Wréblewski, G. Toppin: Infobright Analytic Database
Engine Using Rough Sets and Granular Computing. GrC 2010: 432-437
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RSCTC 2010: 630-639

D. Slezak, M. Kowalski: Intelligent Data Granulation on Load: Improving
Infobright's Knowledge Grid. FGIT 2009: 12-25

D. Slezak, V. Eastwood: Data warehouse technology by Infobright. SIGMOD
Conference 2009: 841-846

D. Slezak, J. Wréblewski, V. Eastwood, P. Synak: Brighthouse: An Analytic Data
Warehouse for Ad-hoc Queries. PVLDB 1(2): 1337-1345 (2008)



Conclusions

* Rough set methods are very simple: they operate
with three basic notions: rough set approximation,
attribute reduction and (in)discernibility of objects

* Rough set methods are very powerful: one can
modify the above three notions with only minor
changes with respect to algorithmic framework

* Rough set principles can be utilized in many areas
of mainstream research and applications, such as,
e.g., database solutions and machine learning
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