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Abstract

Decision tree is a widely used classification in data mining. It can discover the essential knowledge
from the common decision tables (each row has a decision). However, it is difficult to do data
mining from the multi-label decision tables (each row has a set of decisions). In a multi-label deci-
sion tables, each row contains several decisions, and several decision attributes are represented
using a set. By testing the existing heuristic algorithms, such as greedy algorithms, their perfor-
mance is not stable, i.e., the size of the decision tree might become very large. In this paper, we
propose a dynamic programming algorithm to minimize the size of the decision trees for a multi-
label decision table. In our algorithm, the multi-label decision table is divided into several sub-
tables, and the decision tree is constructed by using all subtables of the multi-label decision table,
then useful information can be discovered from the multi-label decision tables.
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Table 1. A multi-label decision table T
F1 BERKRKRT

T f; f, fa d

rn 0 1 0 {1}
r; 2 1 0 {1,2}
rs 1 0 2 {1,3}
e 0 0 1 2}

Table 2. A degenerate table T’ of the multi-label decision table T
2 BERERTHRERT

T 1 f, fa d

n 0 1 0 (13
r, 2 1 0 {1,2}
rs 1 0 2 {1,3}
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Table 3. A subtable T(f;, 0) of the multi-label decision table T
3. BERERTHFRT(,0)

T(f,, 0) f, f 3 d
r 0 1 0 {1}
re 0 0 1 {2}

Table 4. A subtable T(f;, 0)(f,, 0) of the multi-label decision table T
4. BERER T BF3FR T(f, 0)(f, 0)

T(f1, 0)(f, 0) fi f2 f3 d

s 0 0 1 {2}

Figure 1. A decision tree for the
multi-label decision table
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Table 5. A student’s rank table
=5 FERGEFREK
e B i B eS|
r —# —# % {&AR4}
r — M 33 by {&RE, CRA}Y
rs i — Iy {&ARE, MR}
r o 4 — R {CRE, HRE}
rs —f& — 4 {3k}
Table 6. A multi-label decision table T°
F6 BERKRT
T fi f f3 d
r 0 0 0 {1}
r2 0 1 1 {1.2}
rs 1 0 1 {1,3}
I 1 1 0 {23}
fs 0 0 1 {2}
Table 7. A subtable Ty(f;, 0) of the multi-label decision table T°
F7. BERER TOHTFE T, 0)
Ts(f1, 0) fi f f3 d
rn 0 0 0 {13
r 0 1 1 {1,2}
rs 0 0 1 {2}
Table 8. A subtable T,(f;, 1) of the multi-label decision table T°
F# 8. BERER T TR T 1)
To(f, 1) fi f, fs d
rs 1 0 1 {1,3}
I 1 1 0 {23}
Table 9. A subtable Ty(f,, 0) of the multi-label decision table T°
#9. BERKR THFE T2 0)
Ts(f2, 0) fi f, fs d
r 0 0 0 {1}
rs 1 0 1 {1,3}
rs 0 0 1 {2}
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Table 10. A subtable T,(f,, 1) of the multi-label decision table T°
F#10. ZERERTOWTR T, 1)

Ts(f2v 1) f1 fz f3 d
r; 0 1 1 {1,2}
r 1 1 0 {2,3}

Table 11. A subtable T(fs, 0) of the multi-label decision table T°
F 11 BERER TOHTFR T 0)

Ts(f3v 0) f1 fz f3 d
r 0 0 0 {1}
ry 1 1 0 {2,3}

Table 12. A subtable T(fs, 1) of the multi-label decision table T°
F 12 BERERTWTR T 1)

To(f3, 1) fi f fs d
73 0 1 1 {1,2}
rs 1 0 1 {1,3}
e 0 0 1 2}

Table 13. A subtable Tq(f1, 0)(f,, 0) of the multi-label decision table T°
13, BERER TOHTFE T, 0)(f,, 0)

Te(f1, 0)(f2, 0) f, f, fs d
r 0 0 0 {1}
rs 0 0 1 {23

Table 14. A subtable Tq(fy, 0)(f,, 1) of the multi-label decision table T°
14, BERER TOHTFE T, 0)(f, 1)

Ty(f, 0)(F2, 1) f, f, fs d

r 0 1 1 {12}

Table 15. A subtable T,(f;, 0)(fs, 0) of the multi-label decision table T°
15, SERER T'HITR T, 0)(f, 0)

Ts(f1, 0)(fs, 0) fy f, fs d

rn 0 0 0 {1}

Table 16. A subtable T,(f,, 0)(fs, 1) of the multi-label decision table T°
16, SERER TOHTFER T, 0)(f, 1)

To(fs, 0)(fs, 1) f, f, s d
r 0 1 1 {1,2}
rs 0 0 1 {2}
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Figure 2. Some subtrees of the decision tree, (1) Ty, (2) T, (3) '
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@ 2
Figure 3. Some subtrees of the decision tree, (1) Tty 12, (2) T'r1t3
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@

Figure 4. Some subtrees of the decision tree, (1) I'ny 23, (2) T'ra3
4. RERFH . () Tnpss (2 T

(©)]

Figure 5. Some subtrees of the decision tree, (1) I'x 113, (2) It 1311, (3) I'iz o1
5 RERFH. (1) Tonps ) Tosns ) Tepa
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Figure 6. The result of classification
by dynamic programming algorithm
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Figure 7. Decision tree for the first step
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Figure 8. Decision tree for the second step
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Figure 9. Decision tree by greedy algorithm
B 9. LR ERMERR R

=
B

48

33
- ERE SR
SARE SO <
M SCRHE HEE

Figure 10. The result of classification by greedy algorithm
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