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Now let E < Q and Y < U. The E—Lowei approximation of Y, denoted by EY, and
the E-Upper approximation of Y, denoted by EY are defined respectively as:

¢EY =UfxeU | I (x)NY # D},
e EY =U{xeUllz(x)c T},

and the E-boundary of set Y is defined as BND(Y) = EY — EY.

Set EY is the set of all elements of U, which can be certainly classified as elemen-
tary of ¥, employing the set of attribute E. Set EY is the set of elements of U, which can
be possibly classified as elements of ¥ using the set of attribute E. The set BND(Y) is the
set of elements, which cannot be certainly classified as elements of ¥, using the set of
attribute E. Rough approximations have been shown in Fig. 1.

L — Upper Approximation of Y

® B ® ®ﬁ

N—— Lower Approximation of Y

Fig. 1. Representation of lower and upper approximations.

Table 1. An information system.

0

U c D

c o c3 c4 d
X A Yes 10 -5 Low
X B Yes 10 -5 High
X3 A Yes 10 7 High
X4 A Yes 50 7 High
X5 B No 10 -5 High
X A No 10 -5 Low

Consider the example of an information table which has been shown in Table 1. In
this knowledge system, we have:

o The set of objects U = {x1, x,, X3, X4, Xs, X},

o The set of condition attributes C = {cy, ¢,, ¢3, ¢4},

o The set of decision attributes D = {d},

e Particular sets of attribute values given as: V., = {4, B}, V., = {Yes, No}, V., = {10,
50}, Ve,= {=5,7} and V,= {Low, High}.

e The set of attribute values is given as: = {V.., V.,, Vo,, Ve,, Va}.

Let Y= {x € U| d(x) = High} = {xs, x3, x4, x5} and E = {c,, 3}, then:

o Ip={{x,xy, x5}, {xy}, {xs, X}
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I (x) =1{x;, X, X3},

I (xs5) = {x5, X6}

EY ={x;, X,, X3, X4, X5, X¢}
EY ={x,},

BND(Y) = {x, X5, X3, X5, Xg } .

2.3 Artificial Neural Networks

Artificial Neural Network (ANN) is a loosely modeled system based on the human
brain, which mimics biological information processing mechanisms. It is an inherently
multiprocessor-friendly architecture which has ability to account for any functional de-
pendency. The network discovers (learns or models) the nature of the dependency with-
out needing to be prompted. A neural network typically consists of many simple proc-
essing units, also called as electronic processing elements, which are wired together in a
complex communication network, without any processing unit following a logical se-
quence of rules. Behavior of a trained ANN depends on the weights, which are also re-
ferred to as strengths of the connections between the processing elements [29].

Common applications of neural networks can be grouped in the categories such:
Clustering [30], Classification [31], Pattern Recognition [32], Function Approximation
[33], Prediction [34] and Dynamical Systems [35].

A neural network may be composed of several layers of identical processing ele-
ments. The layers of a multilayer network play different roles. A layer includes a combi-
nation of the weights, the multiplication and summing operations, the bias b, and the
transfer function f. If a particular layer contains R units, the outputs of that layer can be
thought of as an R-dimensional vector, p = [p1, p2, ..., pR]T , where the T superscript
means transpose. If the R-dimensional output vector P provides the input values to each
unit in an S-dimensional layer, each unit in the S-dimensional layer will have R weights
associated with the connections from the previous layer. Thus, there are S weight vectors
associated with this layer; each weight vector is a R-dimensional one which corresponds
to each of the S units. The weight vector of the ith unit can be written as W, = (w;;, wp, ...,
wir)" [36].

The net input to the ith unit can be written in terms of the inner product of the input
vector and the weight vector. For vectors of equal dimensions, the inner product is de-
fined as the sum of the products of the corresponding components of the two vectors. If
the neuron has a bias » which is summed with the weighted inputs to form the net input n,
this sum, n, is the argument of the transfer function f. So, we have

R
m =2 Py +h, ©)
=l
and
a;=fIW:P + b)) “)

where n is the number of connections to the ith unit [36]. As it is apparent in equations
above, each unit generates output while passing input vector through a transfer function.
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3. PROBLEM STATEMENT

Unstructured data gathering will cause inclusion of dummy data in database, which
identifying these dummy data is a very complicated and expensive task. This problem
almost happens in data acquisition process and appears as invalid instances in informa-
tion system or redundant condition attributes. Invalid instances are generated when some
measurement errors occur by the reason of some uncontrollable factors in measurement
environment, environmental difficulties in measurement process, instrumental errors or
human mistakes. Having no idea about affecting parameters in a phenomenon or im-
proper composition in the set of condition attributes may cause redundancy in the set of
condition attributes. This situation will happen when we could not have a real good per-
ception about the target system. This problem arises when we deal with large scale or
complicated systems where analyzing such systems is a vital and expensive task [37].

Our story began when we dealt with an information system containing the hydrau-
lic-geotechnical control parameters of rubble mound breakwaters. In this problem we
want to approximate the value of two factors considering 13 variables appeared as condi-
tion attributes in the information system. To solve this problem we tried to model the
system using a neural network as a function approximator. All we have from the system
is only a database with 1,440 samples which some of those have been shown in Table 2.
These samples represented as rows of an information system consist of 15 real values;

Table 2. Some of hydraulic database information.

Condition Attributes Decision Attributes
No
H; T, Ps Pw P N Cot(a) S| d Aumin Dpre Dy | pu Duso SF

1 3 8 2500 {1025 [0.4 [5000 2 2 | 8 5 34 23 |18 1.3744 1.234
2 3 8 [2500 | 1025 [0.4 [5000 2 2 |8 5 34 23 120 1.3744 1.291
3 3 8 [2500 {1025 [0.4 [5000 2 2 | 8 5 34 26 | 18 1.3744 1.331
4 3 8 [2500 | 1025 [0.4 [5000 2 2 |8 5 34 26 |20 1.3744 1.378
5 3 8 [2500 {1025 [0.4 [5000 2 2 | 8 5 40 23 |18 1.3744 1.331
6 3 8 [2500 | 1025 [0.4 [5000 2 2 |8 5 40 23 120 1.3744 1.404
7 3 8 [2500 {1025 [0.4 [5000 2 2 | 8 5 40 26 | 18 1.3744 1.462
8 3 8 [2500 | 1025 [0.4 [5000 2 2 |8 5 40 26 |20 1.3744 1.528
9 3 8 [2500 {1025 [0.4 [5000 2 518 5 34 23 |18 1.1442 1.232
10 | 3 8 [2500 | 1025 [0.4 [5000 2 518 5 34 23 120 1.1442 1.291
11 3 8 [2500 {1025 [0.4 [5000 2 518 5 34 26 | 18 1.1442 1.337
12 |3 8 [2500 | 1025 [0.4 [5000 2 518 5 34 26 |20 1.1442 1.383
13 3 8 [2500 {1025 [0.4 [5000 2 518 5 40 23 |18 1.1442 1.335
14 |3 8 [2500 | 1025 [0.4 [5000 2 518 5 40 23 120 1.1442 1.409
15 | 3 8 [2500 {1025 [0.4 [5000 2 518 5 40 26 | 18 1.1442 1.463
16 | 3 8 [2500 | 1025 [0.4 [5000 2 518 5 40 26 |20 1.1442 1.533
17 | 3 8 2500 {1025 [0.4 [5000 3 2 | 8 5 34 23 |18 1.1222 1.444
18 | 3 8 [2500 | 1025 [0.4 [5000 3 2 |8 5 34 23 120 1.1222 1.525
19 | 3 8 [2500 {1025 [0.4 [5000 3 2 | 8 5 34 26 | 18 1.1222 1.592
20 | 3 8 [2500 | 1025 [0.4 [5000 3 2 |8 5 34 26 |20 1.1222 1.669
21 3 8 2500 {1025 [0.4 [5000 3 2 | 8 5 40 23 |18 1.1222 1.54
22 |3 8 [2500 | 1025 [0.4 [5000 3 2 |8 5 40 23 120 1.1222 1.635
23 3 8 [2500 {1025 [0.4 [5000 3 2 | 8 5 40 26 | 18 1.1222 1.698
24 | 3 8 [2500 | 1025 [0.4 [5000 3 2 |8 5 40 26 |20 1.1222 1.802
25 | 3 8 2500 {1025 [0.4 [5000 3 518 5 34 23 |18 0.9343 1.447
26 | 3 8 [2500 | 1025 [0.4 [5000 3 518 5 34 23 120 0.9343 1.517
27 | 3 8 2500 {1025 [0.4 [5000 3 518 5 34 26 | 18 0.9343 1.579
28 | 3 8 [2500 | 1025 [0.4 [5000 3 518 5 34 26 |20 0.9343 1.656
29 |3 8 2500 {1025 [0.4 [5000 3 518 5 40 23 |18 0.9343 1.572
30 | 3 8 2500 {1025 [0.4 [5000 3 518 5 40 23 120 0.9343 1.647
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which 13 of them belongs to initial variables of breakwater, used as network inputs, and
the other 2 ones are decision parameters in the process of breakwater’s design process
affected by the initial variables, used as network targets.

To model the behavior of this information system we picked up a feed-forward
back-propagation network [38], as we know these networks are proper for function ap-
proximation tasks [39]. Table 3 represents the architecture of networks and their training
parameters which also have been supported with results obtained by training these net-
works. As it is well known, using linear and sigmoid transfer functions any desired func-
tion could be approximated [40], so we used combinations of these two transfer functions
for different layers of networks. We randomly picked 960 samples, about 66.6% of data-
base entries, and used them for training the networks. And the other left 480 samples,
about 33.3% of database entries, are used to test our trained networks.

As each input vector is applied to the network, the network outputs are compared
with the target ones. Simply speaking, the error is calculated as the difference between
the target output and the corresponding output came from network. We want to minimize
the average sum of these errors. For this reason we used MSE (Mean Squared Errors) as
the performance function to measure networks’ performance, according to the mean of
squared errors, while training. Through the train process weights and biases of the net-
work are iteratively adjusted to minimize the network performance function. The MSE
function operates as below:

MSE—iiez—ii(t —a,)? (5)
N 1 ]\]i_1 1 1

i=1

where N is the number of instances whose error is desired to be calculated, ¢ is the target
for corresponding input and « is network response to that input.

As it is obvious in Table 3, using the TRAINGDX (Gradient Descent with momen-
tum and adaptive learning rate back-propagation) as the network train function will result
late convergence for network performance. This fact is apparent as the values for train
epochs are larger in comparison with the cases when TRAINRP (Resilient Back-Pro-
pagation) is used as train function.

Examining all these architectures, which have been brought in Table 3, we did not
reach to the goal of approximating the function of information system. After a few num-
ber of epochs all networks’ outputs stayed on a fixed number and the train process stops.
This fact shows that there is a hidden relation among input parameters which do not al-
low the network to be trained. Fig. 2 shows a sample of this fact.

The last column of Table 3 shows the performance reached by training networks. In
this column we can see that the mean squared errors of network outputs did not goes be-
low 0.133559, which this performance dose not satisfy the accuracy needed by the sys-
tem. In all architectures stated in Table 3 the network returns a fixed number to arbitrary
inputs, which means that these networks have not trained successfully. This fact is ap-
parent in sample graphs depicted in Fig. 2 while the outputs for all cases lies on a vertical
line, whereas they should be fitted ideally on x = y line when we plot the outputs in the
space of “Network Outputs — Desired Outputs”. In up coming sections, we show that
how preprocessing operations can solve this problem and give accurate results as ap-
peared in Table 4.
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Table 3. Neural network architectures using the original inputs.

Network HMW. mewwmﬁ ﬂw. HMMMMM% wﬂmmww LI rwv\owwu EEQMM ._Mwﬁm [Train Function| _uoamoB._.m:oo e | DS
e [ e e R e e Transfer Functions Neurons Function |Epochs [Performance
Network1 13 | TANSIG 2 PURELIN 1 TANSIG 18 TRAINGDX MSE 10000 | 0.143467
Network2 | 13 | TANSIG 2 PURELIN 1 TANSIG 18 TRAINRP MSE 49 0.138563
Network3 13 | PURELIN 2 PURELIN 1 TANSIG 26 TRAINRP MSE 45 0.138563
Network4 | 13 | PURELIN 2 PURELIN 1 TANSIG 26 TRAINGDX MSE 179 | 0.138563
Network5 13 | PURELIN 2 PURELIN 2 TANSIG LOGSIG| 27 18 | TRAINGDX MSE 6114 | 0.133559
Network6é | 13 |PURELIN| 2 [PURELIN| 2 TANSIG LOGSIG| 26 39 | TRAINRP MSE 53 0.138563
Network7 | 13 | PURELIN 2 PURELIN 3 TANSIG | TANSIG |LOGSIG | 26|39 | 13 | TRAINRP MSE 36 0.138563
Network8 | 13 | PURELIN 2 PURELIN 2 TANSIG LOGSIG| 27 18 | TRAINRP MSE 39 0.138563
Network9 | 13 |PURELIN| 2 [PURELIN| 2 TANSIG LOGSIG| 39 26 | TRAINRP MSE 49 | 0.138563
Network10| 13 (PURELIN| 2 |PURELIN| 3 TANSIG | LOGSIG [LOGSIG [39( 26 | 6 | TRAINRP MSE 36 | 0.138563
Networkll | 13 |PURELIN 2 PURELIN 3 TANSIG | TANSIG |LOGSIG | 39|26 | 13 | TRAINRP MSE 43 0.138563
Table 4. Neural network architectures using reduced inputs.
oo | of | rantr Nl | et i | SO e L] T P Tl | Mot LG o bl 0 e
nputs | Function Function Layers Neurons
Network12 9 TANSIG 2 PURELIN 1 TANSIG 18 TRAINRP MSE 10000 | 0.00172518 | 0.99305 0.88121
Network13 9 TANSIG 2 PURELIN 1 LOGSIG 18 TRAINRP MSE 10000 | 0.00129189 | 0.99679 0.8937
Network14 9 PURELIN 2 PURELIN 1 TANSIG 26 TRAINRP MSE 10000 | 0.00128981 | 0.99738 | 0.90469
Network15 9 PURELIN 2 PURELIN 1 TANSIG 26 TRAINGDX MSE 10000 | 0.0269706 0.88239 | 0.35461
Network16 ) PURELIN 2 PURELIN 2 TANSIG [PURELIN| 18 9 TRAINRP MSE 10000 | 0.00158017 | 0.99597 | 0.89095
Network17 9 PURELIN 2 PURELIN 2 TANSIG | LOGSIG 18 9 TRAINRP MSE 10000 | 0.000935462 | 0.99832 | 0.92201
Network18 9 PURELIN 2 PURELIN 2 TANSIG | TANSIG 18 9 TRAINRP MSE 10000 | 0.00136495 | 0.99694 | 0.90218
Network19 9 PURELIN 2 PURELIN 2 TANSIG | LOGSIG | 27 18 TRAINRP MSE 10000 | 0.000496624 | 0.99874 | 0.94661
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(a) First output for Network?2. (b) Second output for Network2.

Fig. 2. Sample network results’ using all condition attributes as network inputs.

In the process of training back-propagation networks some failures may occur that
prevent network to be trained. These failures generally arise from two sources: network
paralysis [41] and local minima [42]. In the first case, as the network trains, the weights
may be adjusted to very large values. The total input of a hidden unit or output unit can
therefore reach very high values (either positive or negative level), and because of the
sigmoid activation function the unit will have an activation very close to zero or very
close to one. So, the weight adjustments will be close to zero, and the training process
can come to a virtual standstill. If a network stops learning trapped in a local minimum
before reaching an acceptable solution, a change in the number of hidden nodes [29] or
in the learning parameters will often fix the problem; or we can simply start over with a
different set of initial weights [36]. Also probabilistic methods can help to avoid this trap,
but they tend to be slow.

4. SOLUTION ARCHITECTURE

To solve the problem mentioned in the previous section our approach combines two
intelligent methods to deal with information systems having some hidden relations in
their condition attributes, which these relations will disturb the process of identifying and
modeling the system behavior. As described in previous section, feed-forward back-pro-
pagation neural networks with different configurations in their architectures could not be
trained to deal with our information system. This shows that the system contains some
hidden relation in its condition attributes or some invalid instances. So, the only way
exists is to eliminate such relations and the possible invalid instances. To do so and to
avoid such problems we used the rough set theory to keep away from redundancies and
also to reduce the input parameters and provide the affecting ones for our desired appli-
cation. In the next step we try to train a feed-forward back-propagation neural network to
approximate the system’s functionality, employing the new set of input parameters re-
sulted from the rough set based algorithm.

The architecture of our approach is described in Fig. 3. In this architecture, input
parameters will pass through a rough analysis system which will act as a data mining
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Rough Analysis System @

Reduced Set of

Input Parameters Input Parameters

Fig. 3. The solution architecture used in our approach.

core for our system. Outputs of this system are appeared as a new database with some
reductions in rows and columns. This means that redundancies in both attributes and en-
tities of information system are discovered and omitted from the database. This block-set
also recognizes condition attributes strongly affecting each decision one. After this proc-
ess, new set of condition attributes will be passed through an artificial neural network
and the corresponding decision attributes will be appeared on network outputs.

5. DATA MINING ALGORITHM BASED ON ROUGH SETS THEORY
TO DISCOVER INTERNAL RELATIONS

Our knowledge system, including the empirical relation among condition attributes
and decision ones, is partially presented in Table 2. These data have been extracted from
experimental measurements using MSTAB and BREAKWATER software [8]. Basic
problems blinking in this database are the vagueness of decision variables and also the
uncertain relation between object-attribute values and their corresponding results in deci-
sion columns. It is obvious that the larger size of database, the more difficulties in deci-
sion processes [28].

Many algorithms have been developed to reduce the conditions and have been used
in many problems [8, 43]. In this paper we have presented a modified procedure, col-
lecting useful parts of previous approaches. In our approach, employing the rough sets
theory we used the algorithm described below to reduce the size of foregoing information
system and also discovering the hidden knowledge lies on its entries to ease the process
of function approximation. Basic steps in data analysis will be described in the following
as steps 1 to 4. In these steps for the case of simplicity we will describe our algorithm on
a simplified information system, such came in Table 1, and then will apply it on our real
information system, rubble mound breakwater control parameters, at the end of each step
[27].

Step 1: The first step of this algorithm is to eliminate unnecessary input variables from
the table. This task can be accomplished eliminating each attribute and verifying if lower
approximation of the resulting table is equal to lower approximation of the original one.
In Table 1 we have CU = {xy, x,, X3, X4, X5, X }. If we remove ¢ then Py = {c,, ¢3, ¢4} And
P1U = {x3, x4}. Therefore because of CU # P,U, we cannot wipe out ¢;. If we examine
removing ¢, and c¢3, we can show that P,U = CU and P;U = CU. Therefore, we can
eliminate ¢, and c¢;. But examine eliminating ¢4, we will have P,U # CU, so ¢4 could not
be deleted. Hence, using this step the Table 1 can be reduced to Table 5.
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If we want to apply this step on our real information system, Table 2, we have to
check the possibility of eliminating every condition attributes under the condition de-
scribed above. Doing so we find that for D = {D,s,}, 7 attributes (p,,, P, N, d,,, dmin, Ppre,
®,;) and for D = {SF’}, 4 attributes (p,,, P, N, d,,) could be omitted.

Table 5. Reduced information system Table 6. Reduced information system
by step 1. by step 2.
Y Y

U C D U C D

cy C4 d o s d
X1 A -5 Low x| A _5 Low
X2 B -5 High X B | -5 High
X3 A 7 High X3 A 7 High
X4 A 7 High
Xs B -5 High

Step 2: The second step is to remove repeated objects in Table 5. Using this step the re-
sulting table is shown in Table 6. Applying this step on results achieved by the previous
step for breakwater information system, we find out that we can remove 237 objects for
D= {D,so}, and 634 objects for D = {SF} .

Step 3: The third step is to remove unnecessary values of attributes for each decision
rule. This is known as finding the core values. This task can be accomplished eliminating
each condition attribute value and verifying whether the table is consistent. A table is
consistent if for every combination of condition attributes presented in Table 6, a unique
value for the decision attribute could be achieved. In Table 6, If we eliminate the value of
(x1, c1) = 4, then the table become inconsistent. Therefore, we cannot eliminate this
value. But we can eliminate the values of (x3, ¢;) = 4 and (x,, ¢4) = — 5. Applying this
step, the resulting table has been shown in Table 7. As the third step, on the results
gained applying previous step to our information system, we should eliminate values of
such condition attributes that will not affect on table consistency.

Step 4: The next step is to eliminate objects that are repeated in the resulting table which
in this example, Table 7, there is no object that has been repeated.

Table 7. Reduced information system by step 3.

Y
U C D
Cq Cy d
X A -5 Low
X B — ngh
X3 — 7 High
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Table 8. Some of reduced hydraulic database for Table 9. Some of reduced hydraulic

D ={SF}. database for D = {D,5}.
No. | H | Ts| ps| Cot(@) | S | dmin| Pore [DPv| o SF No. |H;| T | ps|Cot(@)| S | pss | Dnso
1 [5(8]- 3 -1 5 34 (23| 18 | 1.285 L {7]11]- 2 2 | 18 13.0425
2 |5(8]- 3 -1 5 34 (23 20 | 1.347 2 | 7|11~ 2 2 120 |3.0425
3 15(8]- 3 -1 5 34 |26 18 | 1.404 317 (11~ 2 2 | 18 13.0425
4 |15(8]- 3 -5 34 (26 20 | 1.455 4 (7 (11]- 2 2 | 20 |3.0425
5 15|8]- 3 -5 40 23] 18 | 1.396 5 |7]|11)- 2 2 | 18 3.0425
6 |5|8]- 3 -5 40 23| 20 | 1.461 6 |7(11f- 2 2 |20 (3.0425
715(8]- 3 -1 5 40 26| 18 | 1.521 71711 - 2 2 | 18 13.0425
8 |5]8]- 3 5 40 (26| 20 | 1.595 8 [7]|11]- 2 2120 |3.0425
9 |5|8]- 3 515 34 (23] 18 | 1.464 9 [7|11|-] 2 5 |18 ]2.5331
10 [5]8]- 3 515 34 |23 20 | 1.525 10 (7|11 - 2 5 120 (2.5331
115]8]- 3 515 34 (26| 18 | 1.591 11| 7|11]-] 2 5 |18 ]2.5331
12 [5]8]- 3 515 34 126 20 | 1.653 127111 - 2 5 120 (2.5331
13[5]8]- 3 515 40 (23| 18 | 1.595 137 |11] - 2 5 |18 ]2.5331
14 [5]8]- 3 515 40 (23| 20 | 1.667 14711 - 2 5 120 (2.5331
I55(8]- 3 515 40 (26| 18 | 1.736 15711 - 2 5 | 18 ]2.5331

Following the steps described above, two tables are resulted with totally 15 condi-
tion attributes and 3654 values for these attributes; (see Tables 8 and 9). While the origi-
nal information table, Table 2, has totally 26 condition attributes for two decision ones
which these condition attributes have 38880 different values. Comparing the optimized
information system with the original one, it is obvious that the information system has
been condensed at a very high rate, which will diminish the complexities in system mod-
eling and function approximation tasks.

6. APPROXIMATION THE FUNCTIONALITY PRESENTED
BY INFORMATION SYSTEM

After applying the rough set based algorithm as a preprocessing procedure on the
information system, we will have a set of parameters free from any vagueness, redun-
dancy and also any internal relation. Using the new set of input parameters we follow the
procedure described in previous sections, section 4, designing a neural network in order
to model our system and approximate its functionality. Architectures and train parame-
ters for the examined neural networks are presented in Table 4. Also results on these in-
vestigations can be found in this table.

It is obvious, from Table 4, that using the new set of attributes, at the first try, will
lead us to successfully trained feed forward back-propagation neural network which
could approximate decision values from the condition ones. To make a balance on network
accuracy and architecture simplicity, we continued examining different configurations of
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Fig. 4. Network results’ using reduced set of condition attributes.

nodes and layers. As we know, the architecture simplicity is as important as the response
accuracy, because it will help to improve the network and also will simplify the imple-
mentation.

According to Table 4, we can easily get that our system should be a second order
function. Because we have reached to very small errors, presented by Linear Correlation
Coecfficients (LCC) of outputs, using a network architecture with a couple of hidden lay-
ers, Network19. Fig. 4 shows the network outputs in comparison with desired ones for
Network19. Consider that fitting all outputs on the line y = x, in Fig. 4, is the ideal situa-
tion.

7. CONCLUSION

System modeling and function approximation are from vital problems in engineer-
ing. Solving these problems needs a real good system identification, which is not possi-
ble in most cases. By the way, system modeling and function approximation are inevita-
ble tasks when we deal with engineering problems. Modern intelligent approaches, such
as neural networks, provide some tools conquering such these problems. In some cases
these intelligent methods could not give the proper solution to our problems, of course
when we use them as solitude approaches.

This paper has presented an approach to deal with such systems. We showed that
due to unknown relations in the condition attributes of some information systems, em-
ploying a neural network could not be helpful for approximating functionalities presented
by such information systems. In some cases it’s easy to extract features and relations
hided on data in an information system, but in many cases it could be impossible when
we have no idea about what we are looking for. As a solution to such cases an algorithm
based on the notions of rough sets theory is introduced and employed to discover hidden
relations in information tables. Exploiting this algorithm the size of database have been
reduced, which saves lots of computational costs for engineers and computers.
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