FRRARPELR § T

LEFoRLST 2 4p % 428 OSQL * TR 45

= TR

)%’3!-

Data mining: a SQL-based approach to tuple consistency
recognition for granulized datasets
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Abstract

In this study, the problem of inconsistent tuples
that exist in the granulized datasets was considered. It
is believed that too high degree of tuple inconsistency
will definitely decrease the reliability of conclusion in
the data mining related research. An empirical
investigation where 10 real life continuous datasets

were used was conducted to confirm the study concern.

The technique of equal width interval was employed to
transform the continuous data. The remarkable results
showed that 50% of the used datasets contained
inconsistent tuples; 30% contained more than 15%
inconsistent tuples.
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S, ={To | Toiisatuplethat belongsto the original
dataset, i =1,2,3,...,N; N & F AL e i},

Ss={Tsq | Tsg isatuple of which the combination of
attribute valuesisunique, j =1, 2, 3, ..., n; n<=N}.
Sn={Twex | Tmex isthe k™ subset, its tuples have
identical combinations of attribute values and the
number of tuplein Ty ek isequal to or greater than 2, k
=1,23,...,m;m<N}.

Ssarne = {TMCSp ‘ TMcgp isthe pth subset in S, itstuples
have the same conclusion, p=1, 2, 3, ..., ; <= m}.
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5 # | SQL iT% | SQL p % (pseudo format) fa it
SELECT *, COUNT (dataset.a); Let s, be the origina granulized
FROM S; dataset; Create atemporary
e~  |GROUPBY al_attribute + class, |dataset Sy that lists the number of
ORDERBY all_attribute + class;  |tuples of which the conditions
1 INTOTABLES, and conclusion are the same.
SELECT *, COUNT (dataset.b); Create atemporary dataset S
FROM Sy; from S, that lists all kinds of
= GROUP BY all_attribute; combinations of conditions and
ORDER BY all_attribute; their number of occurrences.
INTOTABLE &
DELETE FROM S ; Create atemporary dataset S
2 (= =  |WHERE cnt_b<2 from Sg thet listsall
combinations of conditions for
inconsistent tuples.
SELECT * ; Return the final subset Spitcjass
3 ﬁtl sl [FROM Sy, Se; that contains all inconsistent
INTO TABLE Spitclass, tuples.
WHERE S,.al_attribute =
Sc.al attribute
e
22 CRFEFTHEESRAIAT T RSO S
FHREGRS | FTAE LTI | BEEP | | AT LB A F b | RILE R ()
1 Bupa 345 6 2 136 39.4203 0.2641
2 BC198 195 33 2 0 0 0.3612
3 Glass 214 9 7 74 34.5794 0.1578
4 Iris 150 4 3 23 15.3333 0.1350
5 Pendigit 3498 16 10 0 0 1.1564
6 Sattlite 2000 36 6 0 0 2.2547
7 Symthetic 600 61 6 0 0 0.9851
8 Vehicle 846 18 4 6 0.7092 0.3684
9 Waveform 5000 21 3 0 0 1.7942
10 Wine 178 13 3 0 0 0.2301
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