











Criteria in-built MDLP SPID4.7
discretizer
Algorithm CN2
Mean 73.06 75.13 75.77
in-built(W-D-L) - 10-0-10 | 12—-0—8
MDLP(W-D-T,) || 10 —0 — 10 - 11—0-9
Significant Win — 2 4
Wilcoxon Test — — 89.71%
Algorithm C4.5
Mean 74.41 77.87 78.22
in-built(W-D-1) — 14-0-6 | 15—1—4
MDLP(W-D-L) || 6 —0— 14 - 11—-0-9
Significant Win - 1 1
Wilcoxon Test — — 78.52%
Algorithm Naive-Bayes
Mean 68.68 79.22 80.10
in-built(W-D-L) - 17-0-3 | 16—-0—4
MDLP(W-D-L) 3—-0-17 — 17—1-2
Significant Win — 1 4
Wilcoxon Test — — 99.97%
Algorithm RISE
Mean 75.91 79.67 81.29
in-built(W-D-L) - 12—-0-8 | 16—-0—-4
MDLP(W-D-L) || 8 —0—12 - 18—0-2
Significant Win — 1 5
Wilcoxon Test — — 99.97%
Tabl 7:

Summary of Accuracy Results.

W=Win, D=Draw, L=Loss. X(W-D-L) under the column Y
means win-draw-loss of Y compared to X.

Significance Test and Wilcoxon Signed-Rank Test compare MDLP
with SPID4.7.

5 Rel ed Wo k.

SPID4.7, rsnt inthis a r,isasu ris an

global m tho of is r tization; wh r as MDLP [9] is-
r tization is a su ris an lo al m tho of is-
r tization. Th ChiM rg syst m [11], is anoth r lo-
al m tho that ro i s a statisti ally justifi h uris-

ti m tho forsu r is is r tization. Anoth r sta-
tisti al is r tization m tho Khio s [3], bas on hi-
squar statisti s, ha r ntlyb n ublish . Thr,

stu y of a numb r of is-
r tization m tho sbas onNai -Bay s algorithm on
15 ata s ts was arri  out. In that stu y, Equal
Fr qu n y m tho was rank high r than ChiM rg
an Equal Wi th, wh r as Khio s along with MDLP
is r tiz r was rank abo Equal Fr qu n y m tho
From th m iri al stu y arri out in th §4 of this
a r,w s that SPID4.7 om ar s fa orably with
MDLP is r tiz r.

an m iri al om arati

6 Con lu ion.

W ha
anw on

r s nt a isr tization algorithm bas on
t—su ssi S u o it rati 1 tion at

maximum information gain boun ary oints, that an
b us for g n rating r - ro ss ata for stat of
th art ma hin 1 arning algorithms for ata mining
tasks. Em iri al aluation of our algorithm SPID4.7
has shown that is r tiz atagn rat byitisb tt r
than stat of th art is r tization algorithm MDLP,
whi h has b n rank ry high as a is r tiz r along
with Khio s [3]inar ntstu y.

It is a w 1l-a t o inion that th r
su rior is r tizationm tho that will gi

is no on
b str sults

a ross all omains. How r,it hasb n obsr in
[10], that is r tization m tho s bas on on itional
ntro y, rform ry wll. Th su ss of SPID4.7

an ossibly b attribut to th fa t that its thr shol

oint s | tion rit ria ar on itional (su ssi nois
r u tion in atabas ) on maximum information gain
boun ary oints. Furth rmor , unlik MDLP an
ChiM rg , SPID4.7 is a global is r tization algorithm,
whi h may ha  ontribut toits b tt r rforman
than th oth rs. How r,w f lthatthr isso
for furth r im ro m nt of SPID4.7.

Futur work onthis a rin ol stim om 1 xity
analysis of SPID4.7. Oth r ir tion of futur r s ar h
in lu sth a li ability of SPID4.7 onlarg atabas s.
Finally, SPID4.7 anb ma a ailabl onr qu sttoth
s on author.
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