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Abstract

Decision tree is a widely used technique to discover patterns from consistent data set. But if the
data set is inconsistent, where there are groups of examples with equal values of conditional
attributes but different decisions (values of the decision attribute), then to discover the essential
patterns or knowledge from the data set is challenging. Based on the greedy algorithm, we pro-
pose a new approach to construct a decision tree for inconsistent decision table. Firstly, an incon-
sistent decision table is transformed into a many-valued decision table. After that, we develop a
greedy algorithm using “weighted sum” as the impurity and uncertainty measure to construct a
decision tree for inconsistent decision tables. An illustration example is used to show that our
“weighted sum” measure is better than the existing “weighted max” measure to reduce the size of
constructed decision tree.
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Table 1. Decision table T°
Tl ORERT

fy

f,

fy

0 0 0 2

1 0 0 3

0 2 1 2

0 2 0 1

0 0 0 3

1 0 0 1

0 2 1 3

0 2 0 4

1 1 2 3
Table 2. Decision table Tg,
F2ORRERT,

fi f2 fy

0 0 0 1

1 0 0 2

0 2 1 3

0 2 0 4
Table 3. Decision table T,
3 RER T

fi f, f3

0 0 0 2

1 0 0 1

0 2 1 2

0 2 0 1
Table 4. Decision table T
Ta ORRRT,

f, f2 fy

0 0 0 {2,3}

1 0 0 {13}

0 2 1 {23}

0 2 0 {14}
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Table 5. A many-valued decision table T

T™5 BERERT

fy

1 1 1 {3}
1 0 1 {12}
1 1 0 {13}
0 1 1 {2,3}
0 0 1 {1.2,3}
0 1 0 {2}
1 1 1 {3}
Table 6. A subtable T(f;,1) of many-valued decision table T
6. TRT (f.1)
fl f2 f3
1 1 1 {3}
1 0 1 {12}
1 1 0 {1,3}
Table 7. A subtable T (f,,1)(f,,1) of many-valued decision table T
®7OFRT(1,1)(1,0)
fl fz f3
1 1 1 {3}
1 1 0 {13}
Table 8. A degenerate many-valued decision table T’
F=8 BUERT
f1 fz f3
1 1 1 {3}
1 1 0 {1,3}
0 1 1 {2,3}
0 0 1 {1.2,3}

Figure 1. Decision tree for the many-valued decision table
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Table 9. Greedy algorithm
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While (true) do
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else
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else
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end while
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Table 10. A many-valued decision table T
F10. BERERT

f, f, s

1 1 1 {3}
1 0 1 {1.2}
1 1 0 {1.3}
0 1 1 {23}
0 0 1 {1.2,3}
0 1 0 {3
1 0 0 {1.3}
0 0 0 {234}
1 2 0 {4}

2 1 0 {3
0 1 2 {134}
0 2 1 {2.3.4}
1 1 2 {13}
1 2 1 {2.4}
2 1 1 {4
2 2 0 {34}
0 2 2 {12}
2 0 2 {24}
1 2 2 {34}
2 1 2 {13}
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Table 11. A many-valued decision table T ( f,,0)
11 BEREKRT(1,,0)

fi f, f3

1 0 1 {12}
0 0 1 {123}
1 0 0 {1,3}
0 0 0 {234}
2 0 2 {24}

0 1 2

Figure 2. Decision tree for the first step
2. B—HRIEFRMERRER

Figure 3. Decision tree for the second step
3. BZLLIEFMER) R R

BB ER BRI EN KD

Figure 4. Decision tree building by the weighted sum and misclassi-
fication error
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Figure 5. Decision tree building by the weighted max and misclassifica-
tion error
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