Learning Bayesian network classifiers for
multi-dimensional supervised classification
problems by means of a multi-objective approach.
Figures of the data sets obtained from a MDPoly structure

Juan D. Rodriguez Jose A. Lozano
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Figure 1: Legend of the classification rules
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Figure 2: Data set 1
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Figure 3: Data set 2

Accuracy C_1

(e) Run 5



Accuracy C_2

Accuracy C_2

0.82 0.84 0.86 0.88

0.80

0.85 0.86 0.87 0.88 0.89

0.84

Pareto Front

Pareto Front

2
@
i .
e g |
o 2 © -
o . .
° ]
B &a = 8 °
5 :
. g :
S o 5
g8
8
g
. 2
i . s .
B
.
R .
i 5
2
.
T T T T T T T T 3 T T T T T
0.69 0.70 071 0.72 0.73 0.74 0.75 0.76 071 0.72 0.73 0.74 0.75
Accuracy C_1 Accuracy C_1
(a) Run 1 (b) Run 2
Pareto Front Pareto Front
: 2 ]
g
1 . g | .
g
. .
° L
i . "
5 .
.- .
3
4 g
o g3 .
. .
.
7 )
g
] 3
5
\ \ \ \ \ : : \ \ \
0.70 0.71 0.72 0.73 0.74 0.75 0.70 071 0.72 0.73 0.74 0.75
Accuracy C_1 Accuracy C_1
(c) Run 3 (d) Run 4
Pareto Front
2
g
ol x
o
.
5
~ 3 o
S
S g
g o .
g °
< s
g
s
5
: : : : : :
0.70 071 0.72 0.73 0.74 0.75

Accuracy C_1

(e) Run 5

Figure 4: Data set 3
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Figure 5: Data set 4
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Figure 6: Data set 5
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