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1. Input. data set with N examples and S target classes

2. Output: partition scheme with a set of intervals for each contin-
uous attribute

3. Initialize.

4. Set the significance level as « =0. 5 and Calculate the level of
consistency of the original data

5: Sort attribute values in ascending order

6. for each attribute do

7: Sort attribute values in ascending order

8. Compute y* value and corresponding threshold of each two
adjacent intervals

9: end for

10 Stacri( data) ;

11 Phase 1: Merge intervals considering all the attributes

12 . while « can be decreased do

13 while Merge(data) do

14 if the level of consistency is changed then
15. SubStacri( att) ;

16 else

17. Goto line 22

18 end if

19. end while

20: oy = a ; decreasing the significance level aby one level

21: end while

22 . Phase 2 Refine intervals considering single attribute according
to parallel partition strategy .

23 Set SL[i] = «

24 . Do until no attribute can be merged

25 for each mergeable attribute do

26 while SL[i] can be decreased do

27 . while Merge(ait) do

28 . if the level of consistency is changed then
29. SubD (att) ;

30 end if

31, end while

32. Decreasing the significance level SL[ i] by one level
33, end while

34 . end for

ERF A Merge (data) B 1 25 (8] H Y
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Table 2 Fragment penetration test results

B ESURMEE BB R SOOI B
CPS 4 6 2 534
Iris 4 0 3 150
Auto 5 2 3 392
Breast 9 0 2 683

Ionosphere 32 2 2 351
Pima 0 2 768
Glass 9 0 6 214

2.2 B EHMEEST

BRI ik 502680 = FE%RHIT T I
#::Mod-chi2 535" & — M # WL E R [ i
e CAIM J7 i1 B — S F AL @ TR 1 T B9 5 15
MDLP J5 3k 2 — AN i) 5 /0N i 3 K 3 D B (1 £
JSR W RE

TE T TS v, B 1 25 10 R MR 40 50
T PSR T ROR R 4y . TR AR S
AT 328 CBIE , FRM R B, 3738 )BHIE
2 L AOAE BE A 5 9

X R 4 AN IS R AR 3, i X
o B S IR A5 B Fe A T LAKIGA , - kR AR S
(A6 T G812k DU ) BB ) 0 B3 B e v R B HT
SER A RE XA AE W T AR SR 7 00 T L Y

PR A 4] o3 053k, B — A PR RE e & o
Rt
®3 HENBESENSBELR
Table 3 The data set partition accuracy with

different algorithm
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CPS 61.7 64. 66 64.87 65. 85
Iris 94. 67 93.76 94. 67 92. 67
Auto 80.75 81.52 85. 64 75.83
Breast 96. 77 96. 47 97.5 96.77
Ionosphere 92.73 92. 14 92.73 92.01
Pima 72.85 72.55 76.73 73.41
Glass 43.91 43.76 49. 62 44.29
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Partition Approach for Continuous Attributes Based on Statistical Criterion

GAO Hong-tao ', LU Wei*, YANG Yu-wang’

( Department of Cyber Crime Investigation , Criminal Investigation Police University of China', Shenyang 110035, China;

School of Computer Science and Engineering, Nanjing University of Science and Technology® , Nanjing 210094, China)

Many classification algorithms such as ID3/C4.5/CS5. 0 decision tree algorithms rely on discrete at-

tributes and need to quantify continuous attributes into a finite number of intervals. A new data partition method for

continuous attributes was presented. This approach used a statistical criterion to discover the accurate discrete inter-

vals which was required to merge. In order to promote the classification performance of decision tree algorithm, a

heuristic algorithm was also discussed to gain excellent the quantify results. A serials of simulation had been done

using UCI data sets. The experiments results and performance analysis show approach is a good partition model,

C4. 5 decision tree classification algorithm can benefit a lot from our method.
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