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Abstract

This article explores the utility of neural network ensem-
bles in knowledge discovery and integration. A novel neu-
ral network ensemble model KBNNE (Knowledge-Based
Neural Network Ensembles) integrating KDD (Knowledge
Discovery in Database) techniques and neural network
modeling algorithms by “parallel operations” is proposed.
Through balancing the relative importance of knowledge
learned by induction and deduction, KBNNE can avoid the
knowledge loss and enhance the “transparency ” of neural
network models. The effectiveness of the proposed model is
demonstrated through computer simulations on simple arti-
ficial problems and an actual modeling problem.

1. Introduction

The Knowledge Grid is supposed to be a comprehensive
computational mechanism that can synthesize knowledge
from scientific data through mining and reference methods
and enable search engines to make references, answer ques-
tions, and draw conclusions from that data [1], but there
are still five unsolved issues in its research, one of which is
knowledge capture and representation [2, 3]. Artificial Neu-
ral Networks (ANNs) have been widely applied in KDD as
powerful tools to discover knowledge, but it is hard for one
to understand the connectivity among the units in the net-
works and the nonlinear transformation computed in these
units, which is often regarded as ”black box” [4]. In many
practical modeling problems, incorporating prior domain
knowledge in ANNs can overcome this dilemma. Prior do-
main knowledge consists of information about the data that
is already available either from a domain expert or through
some knowledge discovery process [5]. But the domain
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knowledge obtained from the experts is often constrained
to be effective in special cases. Moreover, the credibility
of ANNs cannot always be guaranteed with insufficient do-
main knowledge. An input-output example, either obtained
from data sets or created virtually [6, 7], reflects the envi-
ronment in which the network is embedded. So data may be
considered as a special case of domain knowledge, and min-
ing domain knowledge from data with KDD techniques is
more generally used than domain experts in neural network
modeling process.

On the other hand, ANNs are power tools for KDD. Fur-
thermore, Data preprocessing (or data transformation) and
data mining are two basic steps in the KDD process [8].
In soft computing framework, both of their methodologies
include fuzzy logic, neural networks, genetic algorithms,
rough sets, and so on [9]. So knowledge discovery and neu-
ral networks can be integrated together.

Applying ANNs to knowledge discovery is an induc-
tive learning process and incorporating knowledge in ANNs
is a deductive learning process. The existed model, e.g.
Explanation-Based Neural Network [10], integrates them in
“serial operation” manner. However, the latent knowledge
may be lost during the transformation from the inductive
learning process to the deductive learning one. Thus, this
paper proposes a novel model of integrating them by “par-
allel operations” and balancing the relative importance of
knowledge learned through induction and deduction (Fig.
1 shows the difference). The proposed model is also quite
different from selective ensembles [11], clustering ensem-
bles [12], and mixture of experts [13], in all of which a fi-
nite number of neural networks are trained firstly and then
only part of them are integrated according to some princi-
ples. This model generates the competent neural networks
and integrates them all based on the learned knowledge, so
it is called Knowledge-Based Neural Network Ensembles
(KBNNE). The KBNNE model is expatiated in section 2. In
section 3 experiments with artificial data and actual model-



ing application are performed. Some guidelines for further
research are finally outlined in Section 4.

2. KBNNE

Technically speaking, in the models of transferring
knowledge across different learning processes involves the
problem of knowledge transformation and knowledge loss
where there are more than one rule.

Consider a simple example - classifying the hairtail from
the tunny. Four facts can be drawn through data statistic
analysis as follows:

• Fact 1: on average, annual egg laying amount of the
hairtail is about 25,000∼35,000;

• Fact 2: on average, annual egg laying amount of the
tunny is about 5,000,000;

• Fact 3: on average, annual output of the hairtail is
about 1,000,000 tons;

• Fact 4: on average, annual output of the tunny is about
3,000,000 tons.

Then, two rules may be obtained from the above facts:

• Rule 1: on average, annual egg laying amount of the
hairtail is smaller than that of the tunny;

• Rule 2: on average, annual output of the hairtail is
smaller than that of the tunny.

In the models of integrating induction and deduction by
“serial operations”, the two rules may be incorporated in a
single neural network. In other words, a single neural net-
work may be trained to represent the two rules. Knowledge
is transferred from induction learning process to deduction
learning process. Because of the training process of ANNs
is hard to understand, no one can guarantee the trained neu-
ral network represents the two rules exactly. The real in-
formation that the neural network encodes may be that on
average the survival probability of the tunny is lower than
that of the hairtail, which is a right rule, or that on average
the hairtail is heavier than the tunny, which is a wrong rule.
So by “serial operations” the deducted rules may be obscure
because of knowledge transformation and knowledge loss.

In general cases, data set D={(xi, yi)}k
i=1

(xi ∈ Rn, yi ∈ R) is divided into two subsets
DS={(xs, ys)}Sk

s=S1
and DT ={(xt, yt)}Tk

t=T1
, where

DS ∩ DT =ø, DS ∪ DT =D. DS called support set is used
to train different neural networks, which are supposed
to generate complete domain knowledge though in most
cases it fails. The domain knowledge is often formulated
as symbolic rules, such as IF . . . THEN rules, which are
extracted from the neural networks. The extracted rules

may not be able to express the input-output mappings in
a concise way. Let U represent the domain knowledge,
LS={LS1 , LS2 . . . LSM

} represents the neural networks,
and ĹS={ĹS1 , ĹS2 . . . ĹSM } represents the rules extracted.
Then in general cases the following equation exists:

ĹS ⊆ LS ⊆ U ⇐⇒ ĹS1 ∪ ĹS2 ∪ . . . ∪ ĹSM
⊆

LS1 ∪ LS2 ∪ . . . ∪ LSM ⊆ U. (1)

DT called training set is explained and analyzed in
terms of ĹS and are supposed to refine the domain knowl-
edge for the approximation function by generating new
rules. These refined new rules are typically formulated
as connectionist rules, such as neural networks. Let
LT ={LT1 , LT2 , . . . , LTN

} represents the new rules. Then
in general cases the following equation exists:

ĹS ⊆ LT ⊆ U ⇐⇒ ĹS1 ∪ ĹS2 ∪ . . . ∪ ĹSM ⊆
LT1 ∪ LT2 ∪ . . . ∪ LTN

⊆ U. (2)

Because a single neural network can be interpreted as a
generalization of a rule, LT can be represented by a single
neural network or by neural network ensembles consist of
N different neural networks. It has been proved that the
generalization error of neural network ensembles is always
smaller than the weighted average of the ensemble errors
[14]:

E < E =
N∑

i=1

ωiEi,

N∑
i=1

ωi = 1, ωi ≥ 0. (3)

E =
∫

dxp(x)(
N∑

i=1

ωiLTi − d(x))2. (4)

Ei =
∫

dxp(x)(LTi − d(x))2. (5)

Among the above formulas, E is the generalization error
of the ensemble, E is the weighted average of the general-
ization errors of the individual networks, Ei is the general-
ization error of the network i, and wi is the weights. So the
approximation function f can be calculated by neural net-
work ensembles (Equation 6). Fig.1 (a) shows the process.

f =
N∑

i=1

ωiLTi . (6)

Though LT are refined rules for ĹS , which are extracted
rules for LS , no direct relationship between LT and LS can
be shown from equations (1) and (2). Furthermore, in many



(a) EBNN - serial operations

(b) KBNNE - parallel operation

Figure 1. Two different strategies of integrating induction and deduction.



cases refined rules may not always perform better than orig-
inal ones. That is, LS ∪ LT 6= LT . To guarantee the
completeness of domain knowledge, both the induced and
refined rules should be integrated together. KBNNE inte-
grates all the rules represented by LS and LT through “par-
allel operations” to form a neural network ensembles base
on domain knowledge. Furthermore, KBNNE avoids us-
ing symbolic rules to transfer knowledge between induction
and deduction. According to the knowledge represented by
the results of induction, it generates LT with transformed
data. For balancing the relative importance of LS and LT ,
parameters µS and µT are employed.

So by “parallel operations” the approximation function is
calculated by the following neural network ensembles, and
equation (6) is a special case of equation (7). The process is
illustrated in Fig.1 (b).

f = µSLS + µT LT

= µS

M∑
i=1

ωSiLSi + µT

N∑
i=1

ωTiLTi

µS + µT = 1, µS , µT ≥ 0. (7)

Since optimizing the combining weights ωSi and ωTi can
easily lead to the problem of overfitting which simple aver-
aging seems to avoid [15], KBNNE uses simple averaging
and without additional information µT is set larger than µS ,
for LT contains more knowledge than LS in most cases.

f = µSLS + µT LT =
µS

∑M

i=1
LSi

+µT

∑N

i=1
LTi

M+N

µS + µT = 1, µT > µS ≥ 0.
(8)

3 Experiments and Results

This section presents experimental comparisons among
different methods, which are performed by the free &
open source numerical software package - Scilab [16]. In
KBNNE LS is composed of SVMs classifiers, which can
be regarded as a special kind of ANNs and show better gen-
eralization than ordinary ANNs classifiers [17], and LT is
composed of ANNs classifiers. RBF kernels are used to
form SVMs classifiers, and BP algorithm is used to train
ANNs. In order to make comparisons “fair”, we use the
same values of classifier parameters (such as the number of
hidden neurons, the width of RBF kernel σ) in all of them.

f(x, y) =
1

2πσ2
exp{− (x − µx)2 + (y − µy)2

2σ2
}. (9)

Experiment 1: Similar to the experiments in paper [18],
the training and test data have the same prior probability

Table 1. Comparison of error rates for experi-
ment 1

Model Training Error Test Error
KBNNE 2.73% 4.18%
SVMs 5.45% 5.91%
NN Ensembles 10.91% 12.45%

0.5 for both classes. The data are generated stochastically
as follows:

• Class 1 data (“⊗” in Fig.2) is a mixture of two
Gaussian (Equation 9) centered at (−0.5, 0.3)T and
(0.3, 0.6)T , both having the same standard deviation
0.05, stochastic seed for µx is -10, while stochastic
seed for µy is -20. The probability that class 1 data is
generated from the first cluster is 10/11 and the prob-
ability that class 1 data is generated from the second
cluster is 1/11.

• Class 2 data (“5” in Fig 2) is a mixture of two Gaus-
sian centered at (0.5, 0.6)T and (−0.3, 0.3)T , both
having the same standard deviation 0.03. Stochastic
seed for µx is -10, while -20 for µy . The probability
that class 2 data is generated from the first cluster is
10/11 and the probability that class 2 data is generated
from the second cluster is 1/11.

The training data set has 55 samples from Class 1 and 55
samples from Class 2. A test set of 1100 samples is used to
estimate the prediction risk (error rate) of the three classifi-
cation methods under comparison.

Table 1 shows comparison results among KBNNE,
SVMs and Neural Network Ensembles. Actually, many
other combinations of values of classifier parameters are
tried - not shown here due to space limitations. Fig.2
shows actual decision boundaries formed by each method
and these results indicate that KBNNE is a very competi-
tive method.

Experiment 2: The training and test data are
all coming from the Internet - nonlinedata100
(http://bach.ece.jhu.edu/pub/gert/svm/incremental). To
testify the robustness of KBNNE, different numbers of
training data are chosen, such as 20, 30, 40 and 50, but
the numbers of testing data are all 50. Fig.3 show the
comparison results among KBNNE, SVMs, neural network
ensembles and Shepard interpolation [19], which evidence
that on average KBNNE is a stable method for knowledge
discovery and integration.



(a) KBNNE (b) SVMs

(c) Neural Network Ensembles

Figure 2. Comparisons of decision boundaries for experiment 1.

Figure 3. Comparison of misclassified testing data for experiment 2 (total 50 testing samples). Both
the experiments can be downloaded from http://www.ia.ac.cn/personal/yong.wang/.



4 Conclusions and Perspectives

Knowledge discovery and integration are important but
still open problems in the research of KDD and Knowledge
Grid. To deal with it, the paper proposes a novel neural net-
work ensemble model called KBNNE. It integrates SVM
classifiers and neural network classifiers to form a neural
network ensemble by ”parallel operations”. Through bal-
ancing the relative importance of knowledge learned with
induction and deduction, the model overcomes the weak-
ness of knowledge loss and enhances the ”transparency” of
neural network models. Two sets of classification experi-
ments were carried out and verified its efficiency.

A promising property KBNNE is that it can be used to
train complex models, which would be difficult to handle
in a generative setting. Future theoretical research will be
dedicated to incorporate prior knowledge to adjust the scale
of neural network ensembles that are eventually fast, better,
more general and easier to understand and interpret.
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