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A Fast Algorithm for Inducing Neural Network Trees
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Neural network tree (NNTree) is a decision tree (DT) with each internal
node containing a small neural network (NN). Although NNTree is a model
good for structural learning and for hardware implementation, it is difficult
to induce suitable structure of NNTrees. Even if each NN contains only one
neuron, the problem for finding the optimal test function in each internal node
is NP-complete. To solve this problem, we have tried to induce the NNTrees
using genetic algorithm (GA). The GA-based approach, however, is very time
consuming, and cannot be used easily. In this paper, we propose a new algo-
rithm for inducing NNTrees quickly. The basic idea is to define the group labels
for the data assigned to each internal node based on some heuristic rules, and
then find the test function through supervised learning. The efficiency of the
proposed algorithm is proved through experiments on several public databases.
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Fig.1 An example of neural network trees.
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Fig.2 Structure of the NN used in this study.
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Fig.3 Flowchart of the proposed method for assigning group labels.
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Fig.4 Flowchart for inducing the NNTrees using the proposed method.
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Table 1 Parameters of the databases.
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Table 2 Results obtained by the proposed method.

Error Tree Time
Rate (%) Size (second)

car 2.01 15.04 2.2

+ 0.42 + 1.07 + 0.23

crx 16.67 16.2 4.17

+ 1.34 + 0.87 + 0.16

dermatology 3.06 13.84 0.07
+ 0.78 + 0.5 + 0.01

ecoli 15.15 15.04 1.09
+ 1.49 + 0.83 + 0.04

housevotes84 5.72 5.16 0.25
+ 0.89 + 0.47 + 0.04

ionosphere 8.23 5.32 0.51
+ 1.23 + 0.64 + 0.08

iris 4.27 5.56 0.18

+ 1.38 + 0.34 + 0.01

optdigits 4.18 30.76 1.77
+ 0.25 + 2.05 + 0.19

pen-based 2.59 31.0 4.99
+ 0.16 + 2.21 + 1.18

tic-tac-toe 0.86+ 5.2 0.12
+ 0.23 + 0.28 + 0.02
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Table 3 Results obtained by the GA-based approach.

Error Tree Time

Rate (%) Size (second)

car 5.83 45.44 605.46

+ 0.54 + 1.74 + 31.78

crx 20.43 58.68 389.53

+ 1.39 + 1.52 + 9.81

dermatology 6.61 11.92 13.29
+ 0.99 + 0.28 + 1.04

ecoli 21.76 49.84 79.79

+ 1.91 + 1.13 + 2.49

housevotes84 8.23 12.56 55.19
+ 1.14 + 0.6 + 3.29

ionosphere 8.74 11.88 82.72

+ 1.42 + 0.52 + 4.2

iris 4.4 7.16 4.77

+ 1.33 + 0.33 + 0.48
optdigits 5.1 107.32 3,231.77
+ 0.24 + 2.03 + 104.05
pen-based 2.04 132.48 3,682.71
+ 0.13 + 2.99 + 115.21

tic-tac-toe 5.24 18.28 186.43
+ 0.74 + 0.67 + 10.43
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Table 4 Results of OC1.

Error Tree Time
Rate (%) Size (second)

car 5.08 46.96 11.73

+ 0.53 + 4.32 + 0.19

crx 15.36 7.36 4.29

+ 1.2 + 1.71 + 0.13

dermatology 8.33 11.12 1.9
+ 1.72 + 0.48 + 0.06

ecoli 19.28 12.48 3.63

+ 1.72 + 2.01 + 0.08

housevotes84 5.33 6.72 1.63
+ 1.00 + 1.73 + 0.05

ionosphere 12.25 10 3.77
+ 1.55 + 1.66 + 0.13

iris 4.4 5.4 0.22

+ 1.47 + 0.37 + 0.01

optdigits 9.04 128 471.45
+ 0.39 + 13.44 + 4.78

pen-based 3.03 157.08 551.31
+ 0.14 + 10.34 + 5.94

tic-tac-toe 9.43 28.84 4.17
+ 1.08 + 3.2 + 0.19
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Table 5 Results of C4.5.

Error Tree Time
Rate (%) Size (second)
car 7.94 171.5 0.01
+ 0.53 + 2.15 +0
crx 14.03 27.16 0.02
+ 0.92 + 2.98 +0
dermatology 4.05 15.08 0.02
+ 0.77 + 0.11 +0
ecoli 18.84 36.4 0.01
+ 1.86 + 1.72 +0
housevotes84 3.45 10.64 0.01
+ 0.74 + 0.22 +0
ionosphere 9.63 27.16 0.08
+ 1.26 + 1.03 +0
iris 6.14 8 0.01
+ 1.53 + 0.38 +0
optdigits 9.64 412.12 0.96
+ 0.42 + 3.93 +0
pen-based 3.63 377.32 0.66
+ 0.18 + 3.32 +0
tic-tac-toe 14.36 132.04 0.01
+ 1.01 + 2.87 +0
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Table 6 Results of fully connected NNs obtained through BP learning.

Error Number of Time

Rate Hidden (second)
(%) Neuron

car 2.21 28 1.51

+ 0.31 +0 + 0.08

crx 16.29 32 6.56

+ 1.19 +0 + 0.03

dermatology 2.67 24 0.11
+ 0.78 +0 + 0.01

ecoli 13.88 28 3.83

+ 1.59 +0 +0

housevotes84 5.35 8 0.47
+ 0.95 +0 + 0.12

ionosphere 9.26 8 0.31
+ 1.23 +0 + 0.07

iris 3.2 8 0.27
+ 1.13 +0 + 0.02

optdigits 2.16 60 5.27
+ 0.17 +0 + 0.15

pen-based 4.51 60 303.84
+ 0.18 +0 + 3.65

tic-tac-toe 0.97 8 0.04

+ 0.28 +0 +0
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Table 7 Result of Optimal Brain Damage.

Error Time
Rate (%) (second)
car 3.59 68.92
+ 1.04 + 11.88
crx 20.35 18.60
+ 3.06 + 6.82
dermatology 18.67 313.06
+ 2.32 + 35.30
ecoli 27.33 69.02
+ 7.68 + 3.21
housevotes84 6.47 9.71
+ 1.13 + 0.59
ionosphere 12.40 15.79
+ 2.14 + 1.54
iris 4.93 0.68
+ 2.53 + 0.09
optdigits 3.71 675.82
+ 0.32 + 122.47
pen-based 2.70 25,203.88
+ 0.29 + 1,032.07
tic-tac-toe 8.29 4.96
+ 2.83 + 0.50
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Table 8 Result of Cascade-correlation.

Error Time
Rate (%) | (second)

car 9.69 7.04

+ 2.24 + 0.28

crx 22.03 2.76

+ 3.40 + 0.16

dermatology 6.44 0.06
+ 1.39 + 0.01

ecoli 37.21 2.55

+ 7.78 + 0.12

housevotes84 8.14 0.22
+ 1.78 + 0.02

ionosphere 15.71 0.29
+ 2.81 + 0.03

iris 5.60 0.12

+ 2.26 + 0.02

optdigits 11.13 111.61
+ 1.42 + 2.22

pen-based 4.80 334.11
+ 0.89 + 6.30

tic-tac-toe 8.23 1.24
+ 2.13 + 0.07
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Table 9 Comparison of total number of neurons obtained by each method.

Proposed OBD CC
Method

car 42.12 27.88 23.82
+ 3.22 + 1.43 + 0.70

crx 45.60 32.88 23.96
+ 2.62 + 1.45 + 1.29

dermatology 38.52 17.62 6.00
+ 1.53 + 1.64 + 0.10

ecoli 42.12 22.66 33.86
+ 2.49 + 1.12 + 1.07

housevotes84 12.48 6.00 5.04
+ 1.42 + 0.39 + 0.23

ionosphere 12.96 6.18 5.28
+ 1.92 + 0.40 + 0.25

iris 13.68 10.08 7.94
+ 1.02 + 0.60 + 0.45

optdigits 89.28 68.60 42.66
+ 6.15 + 2.76 + 0.67

pen-based 90.00 45.76 70.42
+ 6.64 + 2.07 | £ 0.83

tic-tac-toe 12.60 8.82 10.36
+ 0.85 + 0.47 | + 0.36
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