
IJCST Vol. 4, ISSue 1, Jan - MarCh 2013  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 84   InternatIonal Journal of Computer SCIenCe and teChnology

Extraction Of Features (Pattern Recognition) From Web 
Data Using Neural Expert System (NES) 

1Manoj Kumar Sharma, 2Vishal Shrivastav 
1,2Dept. of IT, Arya College of Engineering, Jaipur, Rajasthan, India

Abstract
Expert system and neural network both are intelligent technologies 
and share common goals. Both are used to deduct some logical 
inferences from a given data. While expert systems rely on logical 
inferences and focus on modeling human reasoning, neural network 
rely on parallel data processing and focus on modeling a human 
brain. Expert system treat the brain as a black box, since we don’t 
know what’s going inside the system, whereas neural network look 
at its structure and functions, particularly at its ability to learn. 
These difference can be seen in knowledge representation and data 
processing techniques used in expert systems and neural networks. 
Knowledge acquisition from a rule based (If-Then) expert system  
is done by a human experts. Once rules are stored in knowledge 
base, they cannot be modified by system itself. Expert system 
cannot learn from experiences or adapt to new environments but 
a neural network can. Only a human being can manually modify 
the knowledge base by adding deleting or changing some rules.
Knowledge in neural network is stored as synaptic weights between 
neurons. When a training set of data is presented to the network 
during learning phase, knowledge is obtained. Network propagates 
input data from layer to layer until the output data is generated. 
Neural network can learn without human intervention like hebbian’s 
unsupervised learning [1]. Learning generalization, robustness 
and parallel information processing make neural network a right 
component for building a new breed of expert systems. A neural 
expert system can extract If-Then rules from neural network which 
enables it to justify and explain its conclusion. Neural expert 
systems use a trained neural network in place of the knowledge 
base. The neural network is capable of generalization. In other 
words the new input data does not need precisely match the data 
that was used in network training. We can apply new data set also. 
This allows neural expert system to deal with noisy and incomplete 
data. This ability is called approximate reasoning. So explanation 
facilities and approximate reasoning  are two most important part 
& heart of this approach as we can see in fig. 1. 
Now suppose we want to cluster websites according to their features 
like content, construction, accessibility, navigation, contact, 

Fig. 1: Structure Neural Expert System

Graphics, security, search and links. Once we apply neural expert 
system for classifications of websites according to their features 
we can compare them, can find deficiencies and similarity in one 
website compare to other. So according to our need we can modify 
features of our web site to look more interesting and different from 
others. By our approach this process can be automated & with this 
type of clustering we can get some other benefits like maintaining 
a good cache at proxy and server level by applying if-then rules 
we can filter our information with greater explanation facilities 
than our last approach [1]. 
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I. NES Rule Extraction & Inferences 
Neurons in the network are connected by links, each of which has 
a numerical weight attached to it. The weights in a trained neural 
network determine the strength or importance of the associated 
neuron inputs; this characteristic is used for extracting rules 
[7-8].
Let us consider a simple example to illustrate how a neural expert 
system works. This example is an object classification problem. 
The object to be classified belongs to either social networking 
websites, email websites or search websites. A neural network used 
for this problem is shown in figure 2. It is a three layer network 
fully connected between the first and the second layers. All neurons 
are labeled according to the concepts they represents.

Fig. 2: Neural Knowledge Base

The first layer is input layer neurons in the input layer simply 
transmit external signals to the next layer. The second layer is the 
conjunction layer. He neurons in this layer apply a sign activation 
function given by 
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xi and wi are the value of input I and its weight, respectively , and 
n is the number of neuron inputs. The third layer is the output 
layer. In our example, each output neuron receives an input from 
a single conjuction neuron. The weights between the second layer 
and third layers are set to unity.
We might notice that If-Then rules are mapped quite naturally into 
a three layer neural network where the third (disjunction) layer 
represents the consequent parts of the rules. Furthermore , the 
strength of a given rule, or its certainty factor, can be associated 
with the weight between respective conjunction and disjunction 
neurons [2, 9]. We will discuss specific aspects of mapping 
rules into a neural network later, but now we shall return to our 
example.
The neural knowledge base was trained with a set of training 
examples; Fig. 2 shows the actual numeric weights obtained 
between the first and second layers(suppose by unsupervised 
learning as we already discussed in our last paper)[1]. If we 
now set each input of input layerto either +1(true), -1(false), 
or 0(unknown), we can give a semantic interpretation for the 
activation of any output neuron. For example, if the object has 
features chating and messaging (+1), picture & video (+1) and 
audio\video call (+1), but does not have personnel info.sharing(-1), 
then we can conclude that this object is email website (+1):
Xrule1 = 1 * (-0.8) + 0 * (-0.2) + 1 * 2.2 + 1 * 2.8 + (-1) * (-1.1) 
= 5.3 > 0 ;
Yrule2  = Yemailwebsite  =  +1.
We can similarly conclude that this object is not social networking 
website,
Xrule2 = 1 * (-0.7) + 0 * (-0.1) + 1 * 0.0 + 1 * (-1.6) + (-1) * (1.9) 
=  - 4.2 < 0 ;
Yrule2 = Ysocialnetworkingwebsite =  - 1.
and not search website,
Xrule3 = 1 * (-0.6) + 0 * (-1.1) + 1 * (-1.0) + 1 * (-2.9) +  (-1) * 
(-1.3)  = - 4.2 < 0 ;
Yrule3 = Ysearchwebsite = - 1.
Now by attaching a corresponding question to each input neuron, 
Neuron : chating & messaging
Question : Does the object have chating & messaging ?
Neuron : online tv
Question : Does the object have online tv ?
Neuron : picture & video
Question : Does the object have picture & video ?
Neuron : audio\video call
Question : Does the object have audio\video call  ?  
Neuron : person.info.sharing 
Question : Does the object have person.info.sharing  ?  
We can enable the system to prompt the user for initial values of the 
input variables. The system’s goal is to obtain the most important 
first and to draw a conclusion as quickly as possible.

II. Deduction of Important Logical Inferences & Draw a 
Conclusion
The importance of a particular neuron input is determined by the 
absolute value of the weight attached to this input. For example, 
for neuron rule1, the input audio\video call has a much greaer 
importance than the input chating & messaging. Thus, we might 
establish the following dialogue with the system:
FOLLOWING:
>email website
ENTER INITIAL VALUE FOR THE INPUT AUDIO\VIDEO 
CALL:
>+1

Our task is now to see whether the acquired information is 
sufficient to draw a conclusion. The following heuristic can be 
applied here [7]:
A inference can be made if the known net weighted input to a 
neuron is greater than the sum of absolute values of the weights 
of the unknown inputs.
This heuristic can be expressed mathematically as follows:

wx i

n

i
i∑

=1
  >  ||

1
wj

n

j
∑
=

   (2)

Where i ∈KNOWN, j ∉KNOWN and n is the no of neuron 
inputs.
In our example, when the input audio\video calls becomes known, 
we obtain 

KNOWN = 1 * 2.8 = 2.8
UNKNOWN = |-0.8| + |-0.2| + |2.2| + |-1.1| = 4.3
KNOWN < UNKNOWN
Thus, the inference for neuron rule1 cannot be made yet, and the 
user us asked to provide a value for the next most important input, 
input picture & video:

ENTER INITIAL VALUE FOR THE INPUT PICTURE & 
VIDEO:
>+1
Now we have

KNOWN = 1 * 2.8 + 1 * 2.2 = 5.0
UNKNOWN = |-0.8| + |-0.2| + |-1.1| = 2.1
KNOWN > UNKNOWN

And thus, according to the heuristic (2), the following inference 
can be made:

CONCLUSION : EMAIL WEBSITE IS TRUE

While KNOWN gives the acquired net weighted input to neuron 
rule1, UNKNOWN indicates how this net input might change 
based upon the worst possible combination of values of the 
unknown inputs. In our example, the net weighted input cannot 
change more than ± 2.1. Therefore, the output of neuron rule1 will 
be greater than 0 regardless of the values of the known inputs, and 
we can make the inference that email website must be true.
Now it is the time to examine how a single rule can be extracted 
to justify an inference. We will use a simple algorithm concerned 
only with neurons directly connected to the neurons in question 
[3]. Let us again consider the example shown in figure 2 and justify 
the inference that email website is true. Because all neurons in 
the first layer are directly connected to neuron rule1, we might 
expect that the rule to be extracted may involve all five neurons 
: chating and messaging, online tv,  picture & video and audio\
video call and personnel info.sharing.
First we determine all contributing inputs and size of each 
contribution [7]. An input i is considered to be contributing if it 
does not move the net weighted input in the opposite direction. 
The size of this contribution is determined by the absolute value 
of the weight |wi| of the contributing input i.
Now we arrange all contributing inputs according to their sizes in 
descending order. In our example, the list of contributing to the 
inference email website is true looks as follows:
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Input : audio\video call  Size : 2.8
Input : picture\video  Size : 2.2
Input : persnl.info.sharing  Size : 1.1
Input : online tv                 Size : 0.2

This list enables us to create a rule in which condition part 
is represented by the contributing input with the largest 
contribution:

IF            audio/video call is true
THEN     email website is true

The next step is to verify this rule. In other words, we need to 
makesure that the rule passes the validity test. It can be done by 
applying the heuristic (2):

KNOWN = 1 * 2.8 = 2.8   
UNKNOWN = |-0.8|+ |-0.2| + |2.2| + |-1.1| = 4.3
KNOWN < UNKNOWN

This rule is not valid yet, and thus we need to add the ‘second best’ 
contributing input as a clause in the condition part of our rule:
  
IF  audio/video call is true 
AND picture/video is true
THEN email website is true

Now we have:

KNOWN = 1 * 2.8 + 1 * 2.2 = 5.0
UNKNOWN = |-0.8| + |-0.2| + |-1.1| = 2.1
KNOWN > UNKNOWN

This rule has passed the validity test. It is also a maximally general 
rule, that is a removal of any condition clause results in an invalid 
rule.
Similarly, we can obtain rules to justify the inferences that social 
networking website is false, and search website is false:

IF persnl.info.sharing is false
AND audio/video call is true
THEN social networking website is false

IF audio/video call is true
AND chating & messaging is true
THEN search website is false

This example also illustrate that the neural expert system can make 
useful deductions even when the data is incomplete (for instance, 
online tv is unknown in our example).
In our example we assume that the neural expert system has 
properly trained neural knowledge base. In the real world, however, 
the training data is not always adequate. We also assume that we 
don’t have any prior knowledge about the problem domain. In 
fact, we might have some knowledge, although not often perfect. 
Can we determine a initial structure of the neural knowledge base 
by using domain knowledge, train it with a given set of training 
data, and then interpret the trained neural network as a set of 
IF-THEN rules?
As we mentioned before, a set of IF-THEN rules that represents 
domain knowledge can be mapped into a multilayer neural 
network. Figure 3 illustrates a set of rules mapped into a five layer 

neural network. The weight between conjunction and disjunction 
layers indicate the strength of the rules, and thus can be regarded 
as certainty factors of the associated rules.

Fig. 3: Multilayer Knowledge Base Example

As soon as we have established the initial structure of the neural 
knowledge base, we can train the network according to a given set 
of training data. This can be done by using an appropriate training 
algorithm such as Hebbian’s learning algorithm. When the training 
phase is completed, we can examine the neural network knowledge 
base, extract and, if necessary, refine the set of initial IF-THEN 
rules [4]. Thus, neural expert systems can use domain knowledge 
represented as IF-THEN rules as well as set of numerical data. In 
fact, neural expert system provide a bi-directional link between 
neural networks and rule based systems.
Unfortunately, neural expert systems still suffers from the limitation 
of Boolean logic, and any attempt to represent continuous input 
variables may lead to an infinite increase in the number of rules. 
This might significantly limit the area of application for neural 
expert systems. 

III. Conclusion 
The rule extraction, explanation facilities and user interface 
features of this approach enhance our communication with the 
system and enable us to produce rules implicitly buried in the 
trained neural network. It also explain us how the neural expert 
system arrives at a particularsolution when working with the new 
input data. 
It is believed neural expert systems present a promising approach 
to the knowledge-acquisition problem for expert systems. These 
methods are most appropriate for classification problems in 
environments where data are abundant and noisy, and where, 
conversely, humans tend to generate brittle and perhaps 
contradictory IF-THEN rules.Moreover, the resulting systems 
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run very fast. This makes neural expert systems especially well 
suited for real-time applications such as process control [5].
Neural expert systems suffers from the limitation of Boolean logic, 
and any attempt to represent continuous input variables may lead to 
an infinite increase in the number of rules. This might significantly 
limit the area of application for neural expert systems. We can 
overcome  this limitation by using neuro-fuzzy systems for feature 
extraction, that we will discuss in our next paper.
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